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Abstract
Background: The American Shoulder and Elbow Surgeons Standardized Shoulder Assessment Form (ASES) questionnaire is
an effective tool for evaluating shoulder joint function. The development and usage of a mobile version of the ASES questionnaire
has the potential to save time, money, and effort.
Objective: The aim of this study is to assess the equivalence between the paper and mobile versions of the ASES questionnaire
and their acceptability among patients.
Methods: The paper and mobile versions of the ASES questionnaire were used to evaluate the shoulder joint function of 50
patients with shoulder pain. This study included patients from the shoulder clinic of Sun Yat-sen Memorial Hospital. The intraclass
correlation coefficient (ICC) and Bland-Altman method were used to evaluate the agreement (reliability) of the scores obtained
by the two methods (paper versus mobile).
Results: Of the 50 patients recruited from March 2018 to May 2019, 46 (92%) completed the study. There was a high agreement
between the paper and mobile versions of the ASES questionnaire (ICC=0.979, 95% CI 0.943-0.987; P<.001). The mean difference
between the scores of the mobile and paper versions was 1.0, and only 1/46 (2%) had a difference greater than the minimal
clinically important difference of 12 points. About 75% of patients preferred the mobile version to the paper version.
Conclusions: Our study shows that the mobile version of the ASES questionnaire is comparable to the paper version, and has
a higher patient preference. This could prove to be a useful tool for epidemiological studies and patient follow-up over longer
periods of time.
(JMIR Mhealth Uhealth 2020;8(7):e16758) doi:10.2196/16758
KEYWORDS
ASES; ePROM; smartphone

Introduction
Shoulder pain is the third most common musculoskeletal
problem and it can result in an inability to work and high
medical costs [1]. It affects up to one-third of the general
http://mhealth.jmir.org/2020/7/e16758/
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population, and is especially prevalent among the elderly [2].
When treating shoulder pain, we need to get information from
the patients’ perspective to assess the severity of symptoms and
the level of disability. The American Shoulder and Elbow
Surgeons Standardized Shoulder Assessment Form (ASES) is
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16758 | p.8
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a patient-reported outcome measure (PROM); it is widely used
in sports medicine to evaluate shoulder function, and applied
both in clinical research and clinical practice [3-8]. It includes
two parts: the patient self-report section and the doctor's
evaluation section. The patient self-report section has been
validated in many languages and is considered to be a reliable
and valid evaluation tool [3,6,7,9-14].

Methods

With the popularity of smartphones and the development of
patient-focused software, the standard PROM is increasingly
shifting from conventional paper and pen toward electronic
administration of PROMs (ePROMs). Advantages of ePROMs
include ease of use, reduced time of filling in the questionnaire,
ease of data collection, high-quality data, reduced data attrition,
reduced missing items, and improved patient compliance
[15-19].

Participants were chosen among patients of the shoulder clinic
of Sun Yat-sen Memorial Hospital, Sun Yat-sen University.
Inclusion criteria consisted of patients with shoulder pain, aged
18 years and above, and good written communication skills in
Chinese. Exclusion criteria included limitations in understanding
the Chinese language, difficulty in operating a touch screen
device, a mental status that prevented the completion of the
survey, or an unwillingness to participate. Ethical approval for
this research was provided by the Ethics Committees of the Sun
Yat-sen Memorial Hospital (SYSEC-KY-KS-2019-059).

Some studies have compared the mobile and paper versions of
PROM. Although most studies mention equivalence in scores,
some studies have shown nonequivalence in scores [20], leading
to the conclusion that simply digitizing existing PROMs without
reliability testing cannot assure the reliability of ePROMs.
Our research group developed a mobile version of the ASES
questionnaire. The aim of this study is to test the equivalence
between the paper and mobile versions of the ASES
questionnaire and their acceptability among patients.

Design
This was an observational randomized crossover trial.
Participants completed both versions on the same day.

Study Participants

ASES Questionnaire
The self-report section of the ASES questionnaire is divided
into two parts: (1) pain score and (2) daily activities. The total
ASES score is derived from both parts. The pain score was
obtained using the Visual Analogue Scale (VAS), which ranges
from 0 (“No pain”) to 10 (“Worst pain”). For assessing the
activities of daily living (ADL), 10 items are presented (Table
1) and graded on a 4-point ordinal scale. Scores ranged from 0
(“Unable to do”) to 3 (“Not difficult”). A weighted average was
taken of the cumulative ADL score and the pain score, and this
was merged into a total score. The formula is the following:
ASES score = 5 × ([10 - ASES pain VAS] + ASES cumulative
ADL score/3) [3].

Table 1. Patient self-evaluation: activities of daily living questionnairea.
Activity

Right arm

Left arm

1. Put on a coat

0123

0123

2. Sleep on your painful or affected side

0123

0123

3. Wash back/do up bra in the back

0123

0123

4. Manage toileting

0123

0123

5. Comb hair

0123

0123

6. Reach a high shelf

0123

0123

7. Lift 10 pounds above shoulder

0123

0123

8. Throw a ball overhand

0123

0123

9. Do usual work. List:

0123

0123

10. Do usual sport. List:

0123

0123

a

Patients circle the number in the box that indicates their ability to do the activity listed: 0=Unable to do; 1=Very difficult to do; 2=Somewhat difficult;
3=Not difficult.

Mobile Version
The software of the mobile version of the ASES questionnaire
was developed by our group. It can run on various operating
systems including Android, iOS, and Windows. The major
change to the mobile version of the ASES was that only one
question was shown per page. Below each question, several
options are placed and the screen changes to the next question
http://mhealth.jmir.org/2020/7/e16758/
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when an option is selected. There are 11 options on a scale from
0 to 10 on the VAS page. As the patients may remember their
answers to the first questionnaire and this could affect the results
of the second questionnaire, the ADL items in the mobile version
are set to appear randomly, with the options given in reverse
order (ie, from 3 to 0). Once the patient clicked on an answer,
the questionnaire automatically jumps to the next question,
removing the possibility of unintentionally overlooking
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16758 | p.9
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questions. For incorrectly filled questions, the mobile version
allows the patient to go back and modify the answer. If the
completion of the questionnaire is interrupted, the patient can
retrieve it and continue without losing the previously entered
information. Patients could log in to the software and fill out
the questionnaire using an account and password given by the
researchers. Once finished, the score would be displayed on the
screen and stored on the server. Date and completion time are

Hou et al
automatically recorded for each questionnaire. The score
obtained using the paper version of the ASES questionnaire is
input manually into the device. In this study, the test was
administered on an iPad Mini (Apple Inc) with an A5 processor
and a 20.1 cm screen (1024×768 screen resolution). Figure 1
depicts a screenshot of the mobile version of the ASES
questionnaire.

Figure 1. Screenshots of the iPad Mini screen showing (A) the login screen, (B) the home screen, (C) VAS scores, (D) and (E) ADL scores, and (F)
the result screen. ADL: activities of daily living; ASES: American Shoulder and Elbow Surgeons Standardized Shoulder Assessment Form; VAS: Visual
Analogue Scale.

Study Procedures
With informed consent, patients were asked basic questions
about demographics, smartphone familiarity, location, and
clinical history; their answers were recorded by the researcher.
Based on a computer-generated random number, patients either
complete the mobile or the paper version of the questionnaire
first. The aim of randomization is to prevent the sequence of
trials from influencing the results. Patients were given the
second questionnaire 2 hours after completing the first one.
Each time a patient filled out the questionnaire, a stopwatch
http://mhealth.jmir.org/2020/7/e16758/
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was used to measure the task completion time (accurate to
seconds). Finally, the time required to complete the
questionnaire was recorded. Patients were asked which
questionnaire they preferred and the reason for their choice.

Data Analysis
The same Excel sheet was used to summarize the data from the
mobile and paper versions. Data from the mobile version could
be automatically transferred to the Excel sheet with our software.
For the paper version, two researchers would separately calculate
each patient's score and enter it into the clinical data entry form
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16758 | p.10
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established with EpiData software (EpiData Association). The
data was then transferred to the same Excel sheet. As described
above, a stopwatch was used to record the time required to sort
the data. The data sorting time for the paper version is an
average of the time taken by the two researchers. Descriptive
statistics included the mean of aggregate scores, the SD, the
mean score difference, and the SD of difference. Correlations
between the scores obtained from the paper and mobile versions
were assessed using the Pearson correlation coefficient, r. The
intraclass correlation coefficient (ICC) and Bland-Altman
method were used to evaluate the agreement (reliability)
between the two methods (paper versus mobile) [21]. To
determine whether the score differences between the two
versions were clinically significant, we compared the difference
with the minimal clinically important difference (MCID), which
is the minimum change in score for a patient to notice

Hou et al
differences in functional outcomes for the ASES questionnaire.
As described in previous studies, 12 points was identified as
the MCID for the ASES scores [22,23]. The t test was adopted
for comparison of the time taken to fill out the form and sort
data. Patient preference was studied by a simple content analysis.

Results
Participant Characteristics
From March 2018 to May 2019, 50 patients were enrolled in
the study. Of these, 4 patients were excluded as they did not
complete the second questionnaire. In total, 46 participants
completed the study and were included in the final analysis.
Details of the patients are shown in Table 2. The data of the
patients in this study were consistent with the baseline
population of our clinic, as shown in Multimedia Appendix 1.

Table 2. Details of patients included in the study.
Characteristics

Values

Gender, n (%)
Male

27 (59)

Female

19 (41)

Age (years), mean (range)

43.87 (18-68)

Diseases, n (%)
Rotator cuff tear

20 (44)

Frozen shoulder

6 (13)

Impingement syndrome

3 (7)

Instability of shoulder

5 (11)

AC joint arthritis

5 (11)

Superior labrum anterior and posterior (SLAP)

3 (7)

Biceps tendonitis

4 (9)

Prior use of smartphones, n (%)
Yes

41 (89)

No

5 (11)

Consistency
The mean score of the paper version was 60.50 (SD 17.93) and
the mean score of the mobile version was 61.46 (SD 18.17).
The mean score difference was 0.96 (SD 0.24). The scores of
the mobile version were strongly correlated with the scores of
the paper version (Pearson r>0.98; P<.001).
As shown in Table 3, there was minimal variation between the
mobile and paper versions. The ICC was 0.979 (95% CI

0.943-0.987; P<.001), confirming very good agreement between
the versions. A Bland-Altman analysis for the ASES
questionnaire showed that the mean difference between scores
of the mobile and paper versions was 1.0 of a maximum of 100,
and the 95% limits of agreement of the two methods was –6.2
to 8.1 (Figure 2). Only 1 patient of 46 (2%) had a score
difference greater than the ASES MCID of 12 points (16 points),
and the score difference was within 5 points for 93% (43/46)
of cases. These results indicated excellent consistency between
these two methods.

Table 3. Consistency analysis of paper and mobile versions.
Comparison

Intraclass correlation coefficient

P value

Bland-Altman analysis, mean difference

Paper versus mobile

0.979

<.001

1.0 (-6.2 to 8.1)
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Figure 2. Bland-Altman plots between the paper and mobile versions of the ASES questionnaire. ASES: American Shoulder and Elbow Surgeons
Standardized Shoulder Assessment Form.

Patient Acceptance
Patients were asked for their preference regarding the
questionnaire version. Overall, 9 of 46 (19.6%) respondents
expressed no preference as they found no obvious difference.
Of those who expressed a preference, 28 of 37 (75.7%) preferred
using the mobile version over the paper version, while 9
preferred the paper version. Among those who preferred the
mobile version, 54% (15/28) found it easy to use and 29% (8/28)
thought it was eco-friendly. Although 15.2% (7/46) of the
patients had not used a smartphone or tablet before, more than

half of that group (4/7) liked using the mobile version. Among
patients who preferred the paper version, 8 of 9 thought the
mobile version was not intuitive enough to use, as it only
showed one question per page.

Time
The paper version of the ASES questionnaire took an average
of 1.76 minutes to fill in, while the mobile version took 1.01
minutes. The time taken for data sorting was 3.52 minutes for
the paper version and 0.46 minutes for the mobile version
(P<.001; Table 4).

Table 4. Time taken to fill out the form and sort data.
Group

Paper version

Mobile version

P value

Time taken to fill out the form

1.76 (0.48-3.35) minutes

1.01 (0.42-2.88) minutes

<.001

Time taken to sort data

3.52 minutes

0.46 minutes

<.001

Discussion
PROMs have been widely used in sports medicine, both in
clinical research and practice. Compared to the paper version
of PROM, ePROM has many advantages. The objective of this
study was to confirm the reliability of a mobile version of the
ASES questionnaire and its acceptability among patients. The
results of this study showed that there is a strong correlation in
http://mhealth.jmir.org/2020/7/e16758/
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the ASES score between the mobile and paper versions. The
high ICC of 0.979 indicates that the mobile and paper versions
of the ASES questionnaire have excellent consistency. The
results are in line with previous review articles comparing
ePROM validation outcomes [24-28]. In most cases, the
difference between the ASES scores of the mobile and paper
versions was lower than 5 points. Very few cases (1/46, 2%)
had a difference greater than the ASES MCID of 12 points,
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16758 | p.12
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indicating that use of the ASES mobile version in place of the
paper version would not affect the clinical interpretation of
outcomes.
Overall, most participants preferred the mobile version of the
ASES questionnaire, because it is eco-friendly and has a
user-friendly interface. Even among patients lacking experience
using smartphones, more than half preferred the mobile version.
This preference may improve cooperation with PROMs.
The mobile version of the ASES questionnaire brings about
many advantages. In clinical practice, several PROMs are
typically administered simultaneously for shoulder pain [29-32].
A longer amount of time taken to fill in the PROMs may reduce
the patient’s interest, which could lead to a drop in the quality
of responses. In our study, the time taken to fill in the mobile
version was significantly less than the paper version (1.01 versus
1.76 minutes; P<.001).
One major difference between the two versions is that the mobile
version shows the next question only once the current question
has been answered, ensuring that no items are missing from the
testing process. This improved the reliability of outcomes. This
also helps the patient focus only on one question without being
distracted. The true benefit of the mobile version can be seen
with data processing. The calculation process to obtain the total
score of the ASES questionnaire is prone to error and not
intuitive. Giving it an advantage over the paper version, the
mobile version can automatically record test times, calculate
total scores, and export the results to an Excel spreadsheet; it
also provides an automated data retrieval system. This entire
process is almost instantaneous. Conversely, for the paper
version, it takes significantly more time to fill in the
questionnaire and to process data. Our results show that handling
the data takes 7 times longer in the paper version. The use of
the mobile version is clinically significant as it can greatly
reduce the workload of medical staff and save time, making
clinical data collection easier. Considering the need to use
several questionnaires during the same visit when evaluating
shoulder function, the advantage of digitalization will be more
pronounced. When sorting data for the paper version, the whole
process was completed by two researchers separately to avoid
calculation errors and transcription errors. We used the
verification feature of EpiData to compare the two sets of data,
and found no calculation or transcription errors.
Another advantage of the mobile version is that it can be used
on mobile devices and be loaded on patients’ mobile phones
directly, which means it can be completed at home and patients
do not need to return to the hospital during long-term follow-up.
In addition, the mobile version could automatically remind
patients to take the test, thereby reducing dropout rates. In
addition, patients can take the self-assessment test when they
are feeling their worst to more accurately estimate the ASES
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score. This can help doctors develop better treatment or recovery
plans.
We do acknowledge this study has some limitations. Due to the
crossover design of this study, the impact of memory recall
cannot be ignored. As the patient's pain score can change
rapidly, the washout period could not be too long. In this study,
the washout period was 2 hours. In addition, some researchers
have tried new methods to overcome these challenges, such as
creating two functionally equivalent halves of the item bank
[33]. However, for the ASES questionnaire, there are relatively
few items, and each item evaluates a specific functional
direction, so this method cannot be adopted. Therefore, we
explored a new approach. To further reduce the impact of
memory recall, we set the ADL items to appear randomly in
the mobile version, with the options given in reverse order from
the paper version. Since these items are independent of each
other and have no logical progression, such a change should be
feasible in this situation. In the digitalization of other
questionnaires, this method may be used as a reference when
the questions are independent of each other. At the same time,
the sequence by which the patients were given the questionnaire
may affect the time taken to complete the questionnaire,
although we found that among the first-filled questionnaires,
the mobile version took less time than the paper version. Another
limitation is that, since this software interface is in the Chinese
language, it is currently only available to Chinese-literate
countries and patients. Although we have verified the efficacy
of this mobile version, further validation is still required upon
the translation of this mobile version to different languages.
Furthermore, people in some less-developed areas may not be
able to use it due to a lack of advanced technologies.
ePROMs are becoming important in daily practice, and more
of them will be used in clinical and research environments in
the near future. The outcomes of our study show that the
digitalization of the ASES questionnaire is feasible and useful.
It reduces the workload of medical workers in collecting and
processing data. Additionally, it saves patients’ time and allows
them to evaluate their condition at any time. This can improve
patient compliance and the accuracy of disease assessment,
facilitating the implementation of personalized medicine. At
the same time, as the difficulty of data collection is reduced, it
will be beneficial for the development of real-world studies and
predictive medicine.
In conclusion, our study shows that the mobile version of the
ASES questionnaire is comparable to the paper version. More
patients indicated a preference toward the mobile version of the
ASES questionnaire as it is user-friendly and eco-friendly. The
mobile version can save time for patients and doctors, and its
automated data retrieval system allows for more efficient data
collection and analysis. Therefore, this mobile version might
prove to be useful in other epidemiological studies and long-term
patient follow-up.
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Abstract
Background: Cardiovascular disease (CVD) remains the leading cause of death worldwide. Mobile phones have become
ubiquitous in most developed societies. Smartphone apps, telemonitoring, and clinician-driven SMS allow for novel opportunities
and methods in managing chronic CVD, such as ischemic heart disease, heart failure, and hypertension, and in the conduct and
support of cardiac rehabilitation.
Objective: A systematic review was conducted using seven electronic databases, identifying all relevant randomized control
trials (RCTs) featuring a mobile phone intervention (MPI) used in the management of chronic CVD. Outcomes assessed included
mortality, hospitalizations, blood pressure (BP), and BMI.
Methods: Electronic data searches were performed using seven databases from January 2000 to June 2019. Relevant articles
were reviewed and analyzed. Meta-analysis was performed using standard techniques. The odds ratio (OR) was used as a summary
statistic for dichotomous variables. A random effect model was used.
Results: A total of 26 RCTs including 6713 patients were identified and are described in this review, and 12 RCTs were included
in the meta-analysis. In patients with heart failure, MPIs were associated with a significantly lower rate of hospitalizations
(244/792, 30.8% vs 287/803, 35.7%; n=1595; OR 0.77, 95% CI 0.62 to 0.97; P=.03; I2=0%). In patients with hypertension,
patients exposed to MPIs had a significantly lower systolic BP (mean difference 4.3 mm Hg; 95% CI −7.8 to −0.78 mm Hg;
n=2023; P=.02).
Conclusions: The available data suggest that MPIs may have a role as a valuable adjunct in the management of chronic CVD.
(JMIR Mhealth Uhealth 2020;8(7):e16695) doi:10.2196/16695
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mobile phone; text messaging; telemedicine; myocardial ischemia; heart failure; hypertension

https://mhealth.jmir.org/2020/7/e16695

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16695 | p.17
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Background
Cardiovascular disease (CVD) is the leading cause of death
worldwide [1] and is a leading cause of hospital readmission.
With an aging population and a rising prevalence of obesity in
developed countries, the physical and economic burden of CVD
will only increase. Repeat cardiac events contribute significantly
to the burden of disease [2], and reductions of more than 80%
of such events may be achieved through secondary prevention
[3]. Secondary prevention relies upon monitoring and control
of modifiable risk factors such as hypertension, dyslipidemia,
and obesity. This is achieved through (1) patient education and
empowerment, (2) the prescription of and compliance with
optimal pharmacotherapy, (3) lifestyle modification, and (4)
the early identification of clinical deterioration.
Traditional cardiac rehabilitation (CR) programs are the
embodiment of these principles, offering support, tailored
education, and supervised exercise [4]. They are proven to
reduce repeat events and mortality, and their adoption is strongly
advocated in the current guidelines for the management of acute
coronary syndromes [5]. However, globally, CR participation
rates are, at best, 30% [6]. The reasons for this are varied, but
importantly in the context of this review, they include
accessibility, convenience, patient availability, and a fear of
group-based settings [7]. Therefore, novel strategies are
required.
The outpatient management of heart failure is ideally performed
using a multidisciplinary approach, including nurse-led
medication titration services, which reduce readmission rates
and mortality. However, these services are heavily dependent
upon the limited resources of skilled nursing staff. Again, a
novel approach to outpatient management is required.
The telemedicine care process involves using communication
networks to deliver health care services and move patient
information between locations. Literature reviews have
underlined several advantages of using telemedicine to reduce
inequalities in cardiovascular outcomes [8] and provide
improved care for patients with heart failure [9]. Systematic
review evidence has found telemedicine as a cost-effective
option for treating many chronic conditions [10]. However, not
all remote monitoring apps have equal efficacy, and the reported
benefits depend on the type of technology used, the presence
of organizational support, and the level of care provided to
control groups [11].
Mobile phones (particularly smartphones) provide new
opportunities to remotely care for patients with cardiac
conditions. Traditionally, telemedicine required the provision
of home-based specialized monitoring equipment to patients.
Smartphones, mobile phones, and wearable technology,
however, offer tremendous potential for monitoring health
through phone calls, text messages, data recording, highly
portable peripheral devices, and activity monitoring, which may
find utility for novel models of health care delivery that are
cost-effective, accessible, and patient-centric. Mobile phones
are ubiquitous, and the recent landmark Nature publication [12]
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highlights the staggering potential for big data to encourage
people to be physically active and to influence health policy.
However, concerns exist regarding the use of and inconsistencies
in unvalidated smartphone-based interventions for health
research [13]. Mobile phone apps have been used to target
individuals with ischemic heart disease, cardiac failure, and
hypertension and in those undergoing CR; however, gaps exist
between the reported potential for mobile phone technology to
transform health care services and current clinical practice. The
evidence for improved health outcomes now needs to be
systematically assessed, and consequently, no clear guidelines
exist on the use of these new technologies in clinical practice.

Objectives
The purpose of this study was to systematically review and
meta-analyze the evidence for mobile phone technology in the
management of cardiac conditions according to the following
questions: (1) What are the specific interventions available and
do they involve an interface whereby the clinician can use the
data to intervene (henceforth referred to as a back-end)? (2) Can
mobile phone technologies improve patient outcomes with
respect to mortality and hospitalizations? and (3) Can mobile
phone technologies reduce risk factors for cardiac events,
specifically medication compliance and hypertension?

Methods
Data Search Strategy
Electronic data searches were performed using Ovid MEDLINE,
PubMed, EMBASE, Database of Abstracts of Review of Effects,
American College of Physicians Journal Club, National Health
Service Economic Evaluation Database, and Cochrane Database
of Systematic Reviews from January 2000 to June 2019. A
combination of search terms were used to maximize sensitivity:
mobile applications, cell phones, smart phones, mobile phones,
and text messaging were combined with cardiovascular disease,
heart failure, ischemic heart disease, acute coronary syndrome,
myocardial infarction, cardiac rehabilitation, and hypertension
as either Medical Subject Headings (MeSH) terms or key words.
Full texts of selected publications were retrieved following
review of all abstracts. A manual review of the reference lists
of each relevant manuscript was performed to identify further
results. Recording of results followed the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA)
statement. Bias assessments were based on the Cochrane Risk
of Bias assessment tool (RoB 2).

Selection Criteria
Studies were considered eligible for this systematic review if a
mobile phone app or text messaging (used interchangeably
henceforth with SMS) were used in a randomized control trial
(RCT) in the management of ischemic heart disease, cardiac
failure, or hypertension in adult patients. Studies limited to the
management of obesity, dyslipidemia, diabetes, sedentary
lifestyle, and smoking cessation in patients without CVD were
not included. Studies examining a combined population such
as patients with either dyslipidemia or hypertension were not
included unless the groups were analyzed separately. Where
telephone calls were the primary intervention, the study was
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excluded as such an intervention could occur using landline
telephones. Similarly, web-based interventions were not
included as they could occur using a computer or tablet. Studies
that recruited less than 10 subjects in each arm were excluded.
Qualitative studies or those with no clinical endpoints were not
included. Non-English language results were not included.
Abstracts, case reports, editorials, and conference presentations
were excluded.

Data Extraction and Critical Appraisal
Article screening was performed by reviewing abstracts (by PI).
Clinical outcome data were extracted from article text, tables,
and figures independently by 2 researchers (PI and DT) from
articles where it was available in the text, tables, figures, or
supplementary material. Any discrepancies were resolved after
the collaborative review. The final results were reviewed by all
authors.

Meta-Analysis
Meta-analysis was performed by combining event rates of
dichotomous variables and using the supplied means and
standard deviations for continuous variables. The odds ratio
(OR) was used as a summary statistic for dichotomous variables.
A random effect model was used. Chi-square tests were used
to study heterogeneity between trials. The I2 statistic was used
to estimate the percentage of total variation across studies due
to heterogeneity rather than chance. An I2 value of greater than
50% was considered to represent substantial heterogeneity.
Subgroup analyses were not possible due to the lack of
patient-level data. All P values were two-sided. All statistical
analyses were conducted with Review Manager Version 5.3
(Cochrane Collaboration, Software Update).

Indraratna et al

Results
Quantity and Quality of Studies
Using the search strategy described earlier, 306 unique
references were retrieved (465 before deduplication). The
screening process is summarized in the PRISMA chart in Figure
1. A total of 26 references were included in the final systematic
review, comprising a total of 6713 patients. These are
summarized in Tables 1 and 2 and in Multimedia Appendices
1 and 2.
Of the 26 RCTs, the target population was ischemic heart disease
in 6 studies [14-19], heart failure in 6 [20-25], hypertension in
6 [26-31], and CR in 8 [32-38]. Of these 8, 1 paper included 2
separate trials [35].
The studies were performed in 17 different countries, including
9 studies from Europe, 6 from North America, 5 from
Australia/New Zealand, 4 from Asia, and 1 each from Africa
and South America. In total, 10 studies examined a 1-way SMS
intervention,
3
examined
an
interactive
SMS
intervention—where participants could reply, 4 examined an
automatic telemonitoring system in which metrics were
transmitted to the research team without the need for manual
entry, 6 examined a manual telemonitoring system, and 3 studies
examined a smartphone app that did not fit the previous criteria.
Moreover, 10 studies included a back-end, whereby participants
were able to transmit data that were viewable by the researchers
or clinicians.
Blinding of the participants was not possible in any of the 26
identified studies. This was expected given the nature of the
interventions. Only 8 studies featured blinding of the researchers
or outcome assessors, and only 7 studies were adjudicated as
having a low risk of bias (Multimedia Appendix 3).

Figure 1. Search strategy and results for the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) method.
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Table 1. Characteristics of the studies included in the systematic review.
Reference

Country

Multicenter Population

Number of patients (N)

Follow-up (weeks)

Intervention

Blasco 2012 [14]

Spain

No

Chow 2015 [15]

Australia

No

Back-end

IHDa-ACSb

203

52

Manual telemon- Yes
itoring

IHD-ACS and

710

26

One-way SMS

No

stable CADc
Fang 2016 [16]

a

China

No

IHD-stable
CAD

271

26

One-way SMS

No

Khonsari 2015 [17] Malaysia

No

IHD-ACS

62

8

One-way SMS

No

Park 2015 [18]

United
States

No

IHD-ACS, stable

90

4.5

Interactive SMS No

Quilici 2013 [19]

France

No

IHD-ACS

499

4.5

One-way SMS

No

Chen 2019 [20]

China

No

HFd

512

26

One-way SMS

No

Dendale 2012 [21] Belgium

Yes

HF

160

26

Auto telemonitoring

Yes

Koehler 2011 [22]

Germany

Yes

HF

710

52

Auto telemonitoring

Yes

Scherr 2009 [23]

Austria

No

HF

120

26

Manual telemon- Yes
itoring

Seto 2012 [24]

Canada

No

HF

100

26

Auto telemonitoring

Vuorinen 2014
[25]

Finland

No

HF

94

26

Manual telemon- Yes
itoring

Bobrow 2016 [26]

South Africa No

HTNe

1372

52

Interactive SMS No

Kiselev 2012 [27]

Russia

No

HTN

199

52

One-way SMS

No

Logan 2012 [28]

Canada

Yes

HTN

110

52

Auto telemonitoring

Yes

Morawski 2018
[29]

United
States

Yes

HTN

411

12

Manual telemon- No
itoring

Morikawa 2011
[30]

Japan

No

HTN

41

4

One-way SMS

No

Varleta 2017 [31]

Chile

Yes

HTN

314

26

One-way SMS

No

28

8

App (other)

Yes

No

f

Yes

Bravo-Escobar
2017 [32]

Spain

Del Rosario 2018
[33]

Australia

No

CR (mixed)

66

12

Manual telemon- No
itoring

Maddison 2019
[34]

New
Zealand

Yes

IHD-ACS

162

24

App (other)

Yes

Pandey 2017 [35]

Canada

No

CR-ACS

34

52

One-way SMS

No

Pandey 2017 [35]

Canada

No

CR-ACS

50

52

One-way SMS

No

Pfaeffli Dale 2015
[36]

New
Zealand

Yes

CR-ACS and
stable CAD

123

26

Interactive SMS No

Piotrowicz 2010
[37]

Poland

No

CR (HF)

152

8

Manual telemon- No
itoring

Varnfield 2014
[38]

Australia

No

CR-ACS

120

6

App (other)

CR -ischemic
g

CM

Yes

IHD: ischemic heart disease.

b

ACS: acute coronary syndrome.

c

CAD: coronary artery disease.

d

HF: heart failure.
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HTN: hypertension.

f

CR: cardiac rehabilitation.

g

CM: cardiomyopathy.
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Table 2. Endpoints examined in randomized trials of mobile phone technology in cardiovascular disease.
Author

Population

Primary endpoint

Primary result Major secondary endpoints
Mortality

Blasco 2012
[14]

a

b

c

Hospitalization

Blood pressure

BMI

Medication adherence

NR

NS

NS

NR

Cardiovascular
risk

NS

NR

Chow 2015 [15] IHD

Lipid profile

Pd

NR

NR

P

P

NR

Fang 2016 [16]

IHD

Medication adherence

P

NR

NR

NR

NR

P1e

Khonsari 2015
[17]

IHD

Medication adherence

P

NS

NS

NR

NR

P1

Park 2015 [18]

IHD

Medication adherence

P

NR

NR

NR

NR

P1

Quilici 2013
[19]

IHD

Medication adherence

P

NR

NR

NR

NR

P1

Chen 2019 [20] HFf

Mortality

NS

NS1g

P

NR

NR

P

Dendale 2012
[21]

HF

Mortality

P

P1

NS

NR

NR

NR

Koehler 2011
[22]

HF

Mortality

NS

NS1

NS

NR

NR

NR

Scherr 2009
[23]

HF

Mortality

NS

NS1

NS

NR

NR

NR

Seto 2012 [24]

HF

BNPh

NS

NR

NR

NR

NR

NR

Vuorinen 2014
[25]

HF

Readmissions

NS

NS

NS1

NR

NR

NR

Bobrow 2016
[26]

HTNi

Blood pressure

P

NR

NS

P1

NR

P

Kiselev 2012
[27]

HTN

Blood pressure

P

NR

NR

P1

NS

NR

Logan 2012
[28]

HTN

Blood pressure

P

NR

NR

P1

NR

NR

Morawski 2018 HTN
[29]

Blood pressure

NS

NR

NR

NS1

NR

P

Morikawa 2011 HTN
[30]

Blood pressure

P

NR

NR

P1

NS

NR

Varleta 2017
[31]

HTN

Medication adherence

NS

NR

NR

NS

NR

NS1

Bravo-Escobar
2017 [32]

CRj

Physical fitness NS

NR

NR

NS

NS

NR

Del Rosario
2018 [33]

CR

CR completion
rate

NR

NR

NS

NS

NR

IHD

P

Maddison 2019 CR
[34]

Physical fitness NS

NR

NR

NR

NR

NR

Pandey 2017
[35]

CR

Medication adherence

NS

NR

NR

NR

NR

NS1

Pandey 2017
[35]

CR

Lifestyle adher- NS
ence

NR

NR

NR

NR

NR

Pfaeffli Dale
2015 [36]

CR

Lifestyle adher- NS
ence

NR

NR

NS

NS

P

Piotrowicz
2010 [37]

CR

Functional status

NR

NR

NR

NR

NR
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Varnfield 2014
[38]
a

Population

CR

Primary endpoint

CR completion
rate

Indraratna et al
Primary result Major secondary endpoints

NS

Mortality

Hospitalization

Blood pressure

BMI

Medication adherence

NR

NR

NS

P

NR

IHD: ischemic heart disease.

b

NS: not significant.

c

NR: not reported.

d

P: positive.

e

P1: positive primary endpoint.

f

HF: heart failure.

g

NS1: not significant primary endpoint.

h

BNP: brain natriuretic peptide.

i

HTN: hypertension.

j

CR: cardiac rehabilitation.

Description of Studies
Ischemic Heart Disease
A total of 6 interventions were identified that were targeted at
patients with ischemic heart disease, excluding patients who
were exclusively recruited from CR. The most commonly
assessed primary endpoint was medication adherence, and the
results are tabulated in Multimedia Appendix 4.
The largest and most comprehensive study was the pivotal
Tobacco, Exercise and Diet Messages (TEXT ME) trial [15].
A total of 352 patients received 4 motivational text messages a
week, randomly during daylight hours over a 6-month period.
The messages focused on secondary prevention strategies. The
primary endpoint was low-density lipoprotein cholesterol levels,
which were lower in the intervention group (79 mg/dL [2.04
mmol/L] vs 84 mg/dL [2.17 mmol/L]; P=.04). Several other
endpoints were examined, and significant improvements in
systolic blood pressure (BP; −7.6 mm Hg; P<.001), physical
activity, and smoking rates (88/339, 25.9% vs 152/354, 42.9%;
P<.001) were noted. The majority of patients found the
intervention motivational, educational, and useful. Medication
adherence was not assessed.
A Spanish RCT investigated a 2-way messaging service in
patients who had experienced an acute coronary syndrome [14].
Participants were provided with a mobile phone and a
sphygmomanometer, a glucose meter, and a lipid meter. After
measuring their results, they were entered into an app that
transmitted the data to a cardiologist, who remotely monitored
the data and responded with recommendations to the participant
via text message. The content and nature of these messages
were not described. Mean BMI improved in the intervention
arm but did not change in the control arm (−0.37 [95% CI –0.08
to 0.04] vs 0.38 kg/m2 [95% CI –0.11 to 0.85]; P=.02). The
proportion of patients meeting the BP target was higher in the
intervention arm (63/101, 62.3% vs 44/102, 43.1%; P=.01),
although there was no significant difference in BP between the
2 groups. Medication adherence was not assessed.
Fang et al [16] examined the use of SMS via both standard
delivery and in combination with a messaging app called Micro
https://mhealth.jmir.org/2020/7/e16695
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RenderX

Letter, and compared these results with standard care, in a 3-arm
RCT [16]. Compliance was assessed using the Morisky
Medication Adherence Scale (MMAS-4), and results were
presented in a logistic regression analysis. Patients receiving
messages via 2 platforms were more compliant than those just
receiving standard SMS. Both intervention groups demonstrated
superior compliance with the control group.
A small study performed in Malaysia randomized 62 patients
with a recent acute coronary syndrome to receive an SMS
reminder before scheduled medication times or usual care only,
for an 8-week period post discharge [17]. Patients were more
likely to have high compliance, as measured by a score of 8 on
the MMAS-8 scoring scale (20/31, 65% vs 4/31, 13%; P<.001).
Park et al [18] randomized patients to receive SMS reminders
and education, SMS education only, and usual care. Electronic
pill bottles, along with the MMAS score, were used to evaluate
compliance. The percentage of correct doses taken for
antiplatelets over 30 days was higher in the intervention groups
than in the control groups (88% and 87% vs 72%; P=.04).
However, no significant difference was observed for compliance
with statin therapy.
Quilici et al [19] performed a randomized trial of 499 patients
to receive daily text messages or standard care and assessed
aspirin adherence based on patient interview data and also
platelet function. The self-reported rates of nonadherence were
significantly different between the intervention group and the
control group in both the self-reported (7/250, 2.8% vs 18/249,
7.2%; P=.02) and the platelet function testing endpoints (13/250,
5.2% vs 28/249, 11.2%; P=.01).

Cardiac Failure
A total of 6 RCTs assessed the efficacy of telemedicine-based
interventions in the management of heart failure; 5 out of the 6
studies demonstrated at least one clinical benefit for the
intervention, although there was no endpoint that was shown
to be consistently improved across all studies. One study
demonstrated an improvement in mortality [21]. The results are
summarized in Multimedia Appendix 5.
A recent large RCT from China randomized patients with
chronic heart failure into 3 arms: structured telephone support
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(a single phone call within 30 days of discharge with the
opportunity to speak to a nurse during work hours), an
SMS-based support system, or a control group [20]. The SMS
system consisted of daily educational messages for 10 days and
weekly reminder messages thereafter. These messages were
automated, not personalized, and could not be replied to. A
comparison of the SMS group with the control group
demonstrated significantly lower readmission rates as well as
higher rates of medication compliance. There was no significant
difference in mortality or quality of life. It was not specified
how rates of medication noncompliance were measured.
Dendale et al [21] conducted a multicenter study in Belgium
that compared patients who were established on an automated
monitoring platform including BP, heart rate, and weight with
those receiving standard care [21]. Alerts were received by the
patient’s general practitioner when abnormal parameters were
encountered on 2 consecutive days. Despite its small sample
size, a statistically significant difference in all-cause mortality
was observed (4/80, 5% vs 14/80, 17%; P=.01).
The study by Koehler et al [22] comprised 710 patients with
severely reduced left ventricular ejection fraction (LVEF) who
were randomized 1:1 to receive 24-hour home telemonitoring
or usual care. Devices for electrocardiogram (ECG), BP, and
body weight were paired via Bluetooth to a personal digital
assistant, which transmitted the data via a mobile phone service
to a central data monitoring unit. Patients were followed up for
a minimum of 12 months (mean 26 months). There was no
significant difference in mortality (15% in both groups, 54/354
intervention vs 55/356 in the control group) or hospitalizations,
although patients in the intervention arm may have had better
quality of life as evidenced by higher SF-36 scores.
The MOBIle TELemonitoring in Heart Failure Patients study
compared the use of a manual monitoring system with standard
care [23]. Patients were given a mobile phone and asked to
measure their weight and BP daily. The results were manually
entered into the mobile phone app. The physicians received
alerts for measurements that were abnormal. Patients in the
intervention group had lower rates of hospitalization, and
functional status improved by one New York Heart Association
(NYHA) score. When patients were hospitalized, the median
length of stay in the intervention group was also shorter than
that of the control group (6.5 vs 10 days; P=.04). Of note, this
trial was prematurely terminated due to a high rate of technical
difficulties; 12 out of 54 patients (22%) in the intervention arm
were unable to operate the app.
Seto et al [24] recruited 100 patients who were randomized into
telemonitoring and control groups. The patients in the
telemonitoring group performed BP and weight measurements,
which were transmitted via Bluetooth and a smartphone to a
data monitoring unit. Patients were required to answer a daily
symptom-based questionnaire. Alerts of varying priorities were
sent to the treating clinician based on the results. Quality of life
scores were improved in the telemonitoring group (Minnesota
Living With Heart Failure Questionnaire [MLHFQ]), but there
was no difference in overall mortality, hospitalization, or
ejection fraction.
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Vuorinen et al [25] studied a Finnish cohort of patients with
severe heart failure with reduced ejection fraction (<35%), who
were symptomatic with a NYHA score of 2 or more, and known
to the established outpatient heart failure service. Patients were
provided with a mobile phone as well as a sphygmomanometer
and a weight scale, and they entered these results via an app,
which also contained a symptomatology questionnaire. Results
were entered once a week. The authors noted no difference in
days spent in hospital for admission and no difference in
N-terminal prohormone of brain natriuretic peptide
concentrations or LVEF. There was a significantly higher use
of resources for patients in the intervention arm, specifically
with regard to the number of visits to the clinic.

Hypertension
In total, 6 RCTs examined smartphone apps in the management
of patients previously diagnosed with hypertension; 4 of these
demonstrated a statistically significant reduction in systolic BP.
The results are summarized in Multimedia Appendix 6.
The SMS Text Adherence Support trial randomized 1372
patients to receive SMS information, interactive SMS, or usual
care [26]. The follow-up period was 12 months. Patients
receiving the information only experienced a mean systolic BP
reduction of 2.2 mm Hg (95% CI −4.4 to −0.04, P=.04). There
was no significant difference in the group that received
interactive SMS. Patients in the SMS group were also more
likely to be adherent to their medications, with adherence
defined as medications correctly taken on over 80% of days
(62.1% vs 49%; P<.001 for both groups).
Kiselev et al [27] performed a randomized study of 199 patients.
The intervention group received SMS reminders to promote
medication compliance as well as healthy behaviors, and the
control group received standard care. BP fell significantly in
both groups; however, the difference was more marked in the
intervention group (23.7 mm Hg vs 6.9 mm Hg; P=.04). Of
note, the baseline BP was significantly higher in the control
group, suggesting problems with randomization. Nearly 77%
(47/62) of the patients in the intervention group achieved their
goal BP. There was a significant dropout rate in the intervention
arm, with only 62 of 97 (63.9%) participants attending the
12-month follow-up.
A multicenter Canadian study of 110 diabetic patients examined
the impact of an automatic telemonitoring system using a
smartphone app and Bluetooth-enabled BP machine [28].
Abnormal readings were responded to by an automated system,
which transmitted self-care messages to the patient. Clinicians
were alerted only to highly abnormal values. The control group
received the same BP machine, but without any intervention
from the automated system. The mean daytime ambulatory
systolic BP decreased significantly in the intervention group by
9.1 (SD 5.6) mm Hg (P<.001) and did not significantly change
in the control group.
The Medication Adherence Improvement Support App For
Engagement—Blood Pressure app used a web-based recruitment
platform to randomize 411 patients with essential hypertension
to receive either an automatic, Bluetooth-enabled
sphygmomanometer or the companion Medisafe smartphone
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app [29]. The app incorporated medication reminders after either
the user had input their medication list or it was auto-populated
via an electronic medical record. Participants were followed up
for 12 weeks. Medication adherence, as determined by the
MMAS-8 questionnaire score, increased by 0.4 points in the
intervention group compared with the control group. This result
was statistically significant, but not thought to be clinically
significant, as the authors targeted an MMAS-8 score
improvement of 2.0 to be a meaningful improvement. There
was no significant difference in BP.

a session of CR and transmitted their ECG to a remote center.
Once reviewed, the patients were given approval to commence
the session. ECGs were automatically transmitted during the
session and at the conclusion of the session, with the patient
able to transmit an ECG if they experienced chest pain or any
other concerning symptoms. Although clinical endpoints were
similar, there was a 20% dropout rate in the standard CR group,
predominantly driven by patients being unable to afford the
costs of attending CR and due to difficulties attending CR due
to time constraints.

Morikawa et al [30] studied the effect of minimizing salt intake
on BP in a group of hypertensive railroad employees. A total
of 41 patients were allocated, via a quasi-randomized process,
to an intervention or control group. Those in the intervention
group were asked to measure urine sodium concentration via a
salt sensor and container provided by the investigators. The
results were then used to trigger a personalized email, delivered
via mobile phone, to the participants. BP and salt intake were
assessed over 4 weeks. The intervention group had a larger
mean reduction in systolic BP (5.4 mm Hg vs 2.2 mm Hg),
although this did not reach statistical significance. Diastolic BP,
however, fell significantly (6.2 mm Hg vs 1.6 mm Hg; P=.01).
The intervention was shown to increase the number of patients
modifying their dietary salt intake.

Varnfield et al [38] compared a home-based CR service that
was delivered by a smartphone with standard CR in patients
following an acute coronary syndrome. The components of the
program included a step-counter, a wellness diary, weekly
teleconferences with a mentor, motivational text messages, and
videos. Uptake rates in the intervention group were significantly
better (48/60, 80% vs 37/60, 62%; P=.04); however, there were
no significant differences in clinical outcomes over 6 weeks.

A multicenter study from Chile examined the effect of 1 SMS
every 2 weeks on BP and medication adherence [31]. There was
no significant difference for either of these endpoints, although
there was a very high dropout rate, meaning over 43.3%
(136/314) of participants did not have their BP measured at the
completion of the study.

Cardiac Rehabilitation
Eight randomized controlled trials studied the addition of mobile
phone interventions (MPIs) to standard CR. All trials
demonstrated at least one benefit in the intervention group,
although specific positive results varied significantly between
trials.
Del Rosario et al [33] randomized patients undergoing
home-based or hospital-based CR for the first time to receive
a sphygmomanometer and weighing scale that could transmit
data via a mobile phone using near field communication
technology as an adjunct to standard CR or standard CR alone.
The authors noted an improvement in CR completion rates
within the intervention arm (27/33, 88% vs 20/33, 67%; P=.04).
The Text4Heart trial, undertaken in New Zealand, examined
the addition of a personalized 24-week program of educational
and motivational text messages, delivered daily, to standard CR
for patients with postmyocardial infarction [36]. Apart from
self-reported medication compliance at 6 months, there was no
significant difference between other self-reported endpoints at
the completion of 6-month follow-up.
Piotrowicz et al [37] examined the utility of a mobile phone
paired with a 3-lead ECG monitor in patients with cardiac
failure. Patients were randomized to receive home
telemonitoring for CR or standard CR and were followed up
over an 8-week period. Patients in the home telemonitoring
group answered questions regarding symptomatic status before
https://mhealth.jmir.org/2020/7/e16695
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Pandey et al [35] published an RCT of 50 postmyocardial
infarction patients who received 4 SMS messages daily
reminding them to exercise. The patients kept a logbook of the
days they exercised and the duration. According to this
self-reported endpoint, patients in the intervention arm exercised
more frequently (17 days per 12.5 hours per month vs 13 days
per 8.5 hours per month). There was, however, no difference
in cardiorespiratory fitness as measured by metabolic equivalents
during a Bruce protocol exercise stress test. In the same paper
was a separate RCT of 34 patients with recent myocardial
infarction attending CR receiving daily SMS medication
reminders [35]. Only patients taking once-daily medications
were included in the trial, which introduces selection bias, as
patients taking once-daily medications may have less difficulty
adhering to their prescribed regimen compared with those
requiring multiple daily dosing. The messages were generic,
such as please remember to take your morning medications now
and did not specify any information about the patient or the
medications themselves. The patient was not able to reply to
the message. Medication compliance was assessed using
logbooks kept by the patient. The compliance rate, as measured
by days where medications were all taken, was significantly
higher in the intervention group (94% vs 80%; P<.001).
Two studies focused on the use of a wearable ECG monitoring
system using smartphone technology. An RCT from New
Zealand compared home-based CR using a smartphone-based
platform including an ECG monitoring vest and web-based
education with center-based CR. This noninferiority trial
demonstrated comparable average physical fitness (as measured
by maximal oxygen consumption: VO2 max) between the 2
groups [34]. Preliminary results from a single center in a Spanish
study revealed no significant differences in exercise-related
outcomes between a group of patients with ischemic
cardiomyopathy who utilized a wearable ECG vest with a
smartphone connection for home-based CR and those
undergoing a traditional hospital-based program [32].

Meta-Analysis
For the heart failure cohort, all 6 studies were included in the
meta-analysis. There was no significant difference in mortality
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(measured at 6 months in all studies, with the exception of
Koehler et al [22], who reported mortality at 12 months). The
mortality rate in the intervention group was 10.4% compared
with 11.6% in the control group (87/836 vs 98/847; P=.45;
I2=45%; Figure 2).

Substantial heterogeneity was identified (I2=78%). Two studies
that reported the endpoint were excluded from analysis, one
due to a significantly different BP at baseline between the 2
groups [27] and one due to a very high withdrawal rate of over
40% [31].

Readmissions due to heart failure over 6 months were less
common in the intervention group than in the control group for
the 3 studies that reported this endpoint (96/686, 14.0% vs
129/696, 18.5%; OR 0.69, 95% CI 0.48 to 0.98; P=.04; I2=26%;
Figure 3).

Four studies reported the percentage of patients who reached
the target BP, defined as 140/90 mm Hg in 3 studies [14,25,26]
and 130/80 mm Hg in the other [28]. In the meta-analysis,
patients in the intervention arm were more likely to achieve
their target BP than those in the control group (596/865, 68.9%
vs 472/885, 53.3%; OR 2.07, 95% CI 1.29 to 3.32; P=.002;
I2=78%; Figure 6).

The rate of hospitalization for any reason over 6 months was
significantly lower in the intervention group (244/792, 30.8%
vs 287/803, 35.7%; OR 0.77, 95% CI 0.62 to 0.97; P=.03;
I2=0%; Figure 4).
The difference in systolic BP was analyzed from 5 studies that
reported the endpoint at 6 or 12 months. The mean systolic BP
was 4.3 mm Hg less in the intervention group than in the control
group (95% CI −7.8 to −0.78 mm Hg; P=.02; Figure 5).

There was no significant difference in the change in BMI
between the 4 studies that reported the endpoint after 6 or more
months (mean difference −0.46; 95% CI −1.44 to 0.52; P=.36;
I2=82%; Multimedia Appendix 7).
A meta-analysis of medication adherence could not be
performed, as there was no uniform measurement for assessing
the outcome.

Figure 2. Forest plot of the odds ratio (OR) of mortality in patients with heart failure who were involved in randomized controlled trials comparing a
mobile phone intervention versus control. The estimate of the OR of each trial corresponds to the middle of the squares, and the horizontal line shows
the 95% CI. The summary OR is represented by the middle of the solid diamond. A test of heterogeneity is given below the summary statistics. MPI:
mobile phone intervention, df: degrees of freedom.

Figure 3. Forest plot of the odds ratio (OR) of heart failure readmissions in patients with heart failure who were involved in randomized controlled
trials comparing a mobile phone intervention versus control. The estimate of the OR of each trial corresponds to the middle of the squares, and the
horizontal line shows the 95% CI. The summary OR is represented by the middle of the solid diamond. A test of heterogeneity is given below the
summary statistics. MPI: mobile phone intervention, df: degrees of freedom.
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Figure 4. Forest plot of the odds ratio (OR) of all-cause readmissions in patients with heart failure who were involved in randomized controlled trials
comparing a mobile phone intervention versus control. The estimate of the OR of each trial corresponds to the middle of the squares, and the horizontal
line shows the 95% CI. The summary OR is represented by the middle of the solid diamond. A test of heterogeneity is given below the summary statistics.
MPI: mobile phone intervention, df: degrees of freedom.

Figure 5. Forest plot of the mean difference in blood pressure in patients with hypertension who were involved in randomized controlled trials comparing
a mobile phone intervention versus control. The mean difference of each trial corresponds to the middle of the squares, and the horizontal line shows
the 95% CI. The summary mean difference is represented by the middle of the solid diamond. A test of heterogeneity is given below the summary
statistics. MPI: mobile phone intervention, df: degrees of freedom.

Figure 6. Forest plot of the odds ratio (OR) in patients with hypertension who achieved the prespecified target blood pressure and who were involved
in randomized controlled trials comparing a mobile phone intervention versus control. The estimate of the OR of each trial corresponds to the middle
of the squares, and the horizontal line shows the 95% CI. The summary OR is represented by the middle of the solid diamond. A test of heterogeneity
is given below the summary statistics. MPI: mobile phone intervention, df: degrees of freedom.

Discussion
Principal Findings
This meta-analysis demonstrated that in patients with heart
failure, the use of MPIs reduced the rate of hospital admission,
https://mhealth.jmir.org/2020/7/e16695

XSL• FO
RenderX

both in relation to total admissions and heart failure admissions.
There was no significant difference in mortality rates between
the groups. In patients with hypertension, those who used MPIs
had a significantly lower systolic BP and were more likely to
reach the target BP. There was no significant difference in BMI.
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Mobile phone and smartphone technology represent a significant
opportunity for health care providers to improve outcomes for
large populations of patients with CVD. Although no single
holistic cardiac care app has been rigorously trialed, a multitude
of small, targeted apps have been studied. In general, these
heterogeneous and underpowered data do not allow for clear
conclusions to be made on the overall benefit of MPIs; however,
several important observations are made.
In patients with ischemic heart disease, MPIs universally
improved medication compliance. It was not possible to perform
meta-analysis of this endpoint due to the variation in reporting
systems used between studies, but this is an important finding.
Reasons for noncompliance are multiple; however, by providing
physical reminders as well as motivational support, text
messaging appears to be an effective method of reinforcing
adherence, particularly in the context of asymptomatic disease.
Given the relatively low cost and negligible risk of text
messaging, it could be considered a mainstream management
strategy for patients possessing a mobile phone. It remains to
be seen, however, whether improved compliance leads to a
clinically significant benefit, as cardiovascular event rates were
generally not examined in these trials. The successful use of
mobile phone technology to promote medication compliance
has also been demonstrated in other fields of medicine [24],
with one recent meta-analysis estimating an improvement in
patient compliance from 50% to 67.8% with consistent use of
text message reminders for patients with chronic disease [39,40].
In hypertensive patients, reductions in BP are also likely a
reflection of improved compliance [26]. In addition, apps that
emphasize positive lifestyle modifications such as dietary
improvement and increased exercise regularity are likely to
provide an impetus for nonpharmacological reduction in BP,
as was seen in trials aimed at the general population [41,42].
Reduction of BP, and improvement in compliance, particularly
in relation to antiplatelet agents following revascularization, is
likely to reduce long-term recurrence rates of ischemic heart
disease; however, none of the studies examined a follow-up
period beyond 6 months. Furthermore, all studies examining
SMS compared SMS with a control arm. Different types of
SMS (personalized vs generic and interactive vs nonreply) were
not compared with each other and neither were variations in
SMS frequency (eg, daily vs multiple times daily). Although
the body of evidence showing the benefits of SMS interventions
for compliance against a control group is growing, the optimal
nature and frequency of SMS has not been established and
should be the focus of future studies. The majority of studies
reviewed here relied on self-reported measures of compliance
or compliance questionnaires, both of which are subjective. A
reduction in systolic BP and an increased likelihood of reaching
target BP was observed in the meta-analysis, although
substantial heterogeneity contributed to this result, due to the
variety of patient populations and interventions considered.
In the cardiac failure cohort, five studies used home monitoring
of BP and weight. Although benefits were shown with regard
to quality of life and functional status, only one study
demonstrated a difference in mortality, and the results of the
meta-analysis were negative. The negative result for mortality
was driven largely by the study by Koehler et al [22], which
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used remote monitoring of ECG, weight, and BP in combination
with a 24-hour physician monitoring service. The authors
recruited a cohort of patients with severe cardiomyopathy and
ejection fractions of <30% [22]. These patients had a poor
prognosis, as evidenced by the 15% mortality rate at the end of
the 26-month follow-up period. It is possible that the severity
of cardiomyopathy in these patients meant that despite remote
monitoring, readmissions and mortality were unavoidable in
such a cohort. In addition, it is not clarified what the triggers
and frequency for contacting patients were. Seto et al [24]
utilized a similar model using a mobile phone and alerts to
clinicians when the results were abnormal. This study of 100
patients was underpowered to detect any statistically significant
reductions in mortality or hospitalization rates. Vuorinen et al
[25] also studied a cohort of patients with severely impaired
left ventricular function. The authors concluded that the
intervention had a net negative benefit, as there were no
improvements in clinical outcomes, and an increase in clinic
visits for those patients. Patients in this study, however, only
had measurements performed weekly. Heart failure with
preserved ejection fraction was largely underrepresented in all
these studies.
From these data, it is clear that not all interventions are equal.
Dendale et al [21] demonstrated an intervention that improved
both mortality and the rate of heart failure readmissions. This
intervention used daily automatic data transmission, an
alert-based system to flag patients with abnormal parameters,
and involved the care of the patient’s general practitioner. All
these components appear to be beneficial. Automatic data
transmission, rather than manual data entry, eases the work
burden on the patient and may improve compliance with the
system. Although weekly data entry, as used in the study by
Vuorinen et al [25], eases the compliance burden on the patient,
it may not be sensitive enough to detect early decompensation.
Using an alert-based system helps to identify patients who need
closest monitoring and avoid data saturation of clinicians.
Utilizing the expertise of a general practitioner who is familiar
with the patient is also likely to be beneficial in optimizing
therapy. Similarly, the study by Logan et al [28] in hypertensive
patients used an automatic BP transmission process, which
alerted the patient’s usual primary care clinician to abnormal
values. This particular intervention proved 1 of 2 interventions
that demonstrated a statistically significant BP reduction over
at least 6 months. Therefore, it would appear that an optimal
telemonitoring MPI for cardiovascular patients should include
(1) collection of patient data using automatic methods rather
than manual entry; (2) an automated back-end that will filter
and identify abnormal data; (3) the input of the patient’s regular
clinician; (4) an educational component, perhaps by text
messaging; and (5) ease of use and limited technical issues.
The results for mobile phone technology as an adjunct to CR
suggested potential improvements in medication adherence [36],
participation rates [37-39], and quality of life scores [43].
Smartphone-based CR allows patients to participate from home,
which is desirable, particularly for participants who may find
it inconvenient or costly to attend hospital-based programs.
Other studies of telemonitoring in heart failure, using
technologies other than mobile phones, have shown mixed
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results. Multiple meta-analyses have shown superior outcomes
for telemonitoring in heart failure patients compared with
standard care [44-46], although 2 large individual trials have
been negative [47,48]. A recent meta-analysis included 37 RCTs
with 9582 heart failure patients [46]. The authors identified a
reduction in all-cause mortality for telemedical interventions
compared with usual care (relative risk 0.81; 95% CI 0.70 to
0.94; I2=0.16). The methodologies and delivery of these
interventions were highly variable, and the vast majority (32/37)
did not use mobile phone–based systems. Examples of delivery
methods include videoconference, telephone calls, websites,
and purpose-built telemedical units capable of transmitting data.
A head-to-head comparison of telemedical delivery methods
has not been performed.
The cost-effectiveness of mobile phone technology for any of
the aforementioned indications in CVD has not been
conclusively studied. It is believed that a reduction of adverse
clinical outcomes and an associated reduction in costs of
hospitalization would likely offset costs of implementing the
software and monitoring data, although there was a notable
paucity of cost-effectiveness data. There remains only a single
published cost-effectiveness analysis of an MPI based on
randomized trial data [49]. The authors extrapolated the results
of the clinical endpoints in the TEXT ME trial to a hypothetical
cohort of 50,000 patients in a Markov model. They estimated
cost savings of over Aus $10 million (US $6.53 million) in such
a model.
Assuming that the mobile phone is not operated during driving
or other dangerous tasks, there are no significant risks to the
patient in any of the described interventions. There are several
limitations of the available data contained within this systematic
review and meta-analysis, and the results should be interpreted
with caution. Although all studies were RCTs, they were
generally small, with varying methodologies, and prone to bias.
No follow-up period was longer than 26 months; thus, data on
recurrent clinical events in the medium to long term were
lacking. In addition, patient compliance with the mobile phone
technology itself over longer periods is unknown. The utility
of such interventions in the older population is uncertain, given
that advanced age is one of the most significant risk factors for
all forms of CVD. One study demonstrated a high rate of
dropout due to inability of patients to operate the app (22%)
[23], whereas another study reported a lower rate of unsuccessful
app use (10%) recruited patients from online communities [29],
which introduces a degree of selection bias as patients accessing
these communities are likely to be more familiar with mobile
phone technologies. Compliance data are typically measured
using questionnaires and are thus prone to recall bias.
Several gaps remain in this literature. There is significant
potential of this technology to gather data that can be reviewed
in real-time and subsequently allow for rapid modifications in
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patient therapy in response, although this was only examined
in a small number of trials. When patients are reviewed routinely
by a clinician in the community, the clinician only sees a
snapshot of the patient’s current health status. Trends in data
such as weight and BP can only be compared between visits,
rather than on a daily or regular basis. The connectivity of
smartphone devices allows for data to be transmitted to a
clinician who may be able to interpret them and provide
management advice even from remote locations, thus allowing
appropriate disease management to be instigated before the
patient’s presentation with an acute medical event. It would
appear that there is a large scope for mobile phone technology
in this setting, and further study is needed to identify the optimal
characteristics of such an app or program. Second, the impact
of usability on the success of the MPIs was not adequately
addressed in trials, with minimal reporting of this endpoint. We
would suggest that any publication of an RCT describing an
MPI have some evaluation of usability, as this will almost
certainly influence compliance and hence the efficacy of the
intervention, perhaps even more so than the capabilities of the
MPI itself. Finally, the longest minimum follow-up period for
any heart failure study was 12 months. A longer duration of
monitoring in the studies may have allowed for a difference in
readmission rates and, in particular, mortality to have been
identified. Given that heart failure is a chronic condition, the
benefits of an MPI may not be observed until several years of
follow-up have occurred. As telehealth is a rapidly evolving
field, it is surmised that studies are published with a short
follow-up period to avoid publication at a time where the
intervention is outdated or obsolete.
The majority of smartphone apps examined here had a single
aim or function, and the management of CVD entails the
optimization of multiple factors. Therefore, there remains a
need for an adequately powered RCT examining the effect of
a holistic smartphone intervention with multiple features that
possess the ability to react to collected data and improve therapy
and therefore clinical endpoints, and there is a need to identify
which patients would benefit the most.

Conclusions
MPIs have been applied to a variety of target groups in CVD.
These fall into several categories including SMS apps, automatic
and manual monitoring, and purpose-built apps. A number of
RCTs have been published. The results suggest that mobile
phone technology may improve medication adherence in patients
with ischemic heart disease, BP in individuals with hypertension,
and hospitalization rates in patients with heart failure. Further
large RCTs with longer follow-up periods and a greater focus
on clinical endpoints are required. However, given the relatively
low risk and cost of such interventions, they should be
considered as an adjunctive therapy in the management of
patients with CVD or at risk of CVD.
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Abstract
Background: Although there is a push toward encouraging mobile health (mHealth) adoption to harness its potential, there are
many challenges that sometimes go beyond the technology to involve other elements such as social, cultural, and organizational
factors.
Objective: This review aimed to explore which frameworks are used the most, to understand clinicians’ adoption of mHealth
as well as to identify potential shortcomings in these frameworks. Highlighting these gaps and the main factors that were not
specifically covered in the most frequently used frameworks will assist future researchers to include all relevant key factors.
Methods: This review was an in-depth subanalysis of a larger systematic review that included research papers published between
2008 and 2018 and focused on the social, organizational, and technical factors impacting clinicians’ adoption of mHealth. The
initial systematic review included 171 studies, of which 50 studies used a theoretical framework. These 50 studies are the subject
of this qualitative review, reflecting further on the frameworks used and how these can help future researchers design studies that
investigate the topic of mHealth adoption more robustly.
Results: The most commonly used frameworks were different forms of extensions of the Technology Acceptance Model (TAM;
17/50, 34%), the diffusion of innovation theory (DOI; 8/50, 16%), and different forms of extensions of the unified theory of
acceptance and use of technology (6/50, 12%). Some studies used a combination of the TAM and DOI frameworks (3/50, 6%),
whereas others used the consolidated framework for implementation research (3/50, 6%) and sociotechnical systems (STS) theory
(2/50, 4%). The factors cited by more than 20% of the studies were usefulness, output quality, ease of use, technical support, data
privacy, self-efficacy, attitude, organizational inner setting, training, leadership engagement, workload, and workflow fit. Most
factors could be linked to one framework or another, but there was no single framework that could adequately cover all relevant
and specific factors without some expansion.
Conclusions: Health care technologies are generally more complex than tools that address individual user needs as they usually
support patients with comorbidities who are typically treated by multidisciplinary teams who might even work in different health
care organizations. This special nature of how the health care sector operates and its highly regulated nature, the usual budget
deficits, and the interdependence between health care organizations necessitate some crucial expansions to existing theoretical
frameworks usually used when studying adoption. We propose a shift toward theoretical frameworks that take into account
implementation challenges that factor in the complexity of the sociotechnical structure of health care organizations and the
interplay between the technical, social, and organizational aspects. Our consolidated framework offers recommendations on which
factors to include when investigating clinicians’ adoption of mHealth, taking into account all three aspects.
(JMIR Mhealth Uhealth 2020;8(7):e18072) doi:10.2196/18072
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Introduction
Background
Health care sectors worldwide are witnessing the rapid
emergence of new tools using mobile technology to support
medical practice; new apps are created and launched daily. The
World Health Organization global observatory of eHealth
defines mobile health (mHealth) as “medical and public health
practice supported by mobile devices, such as mobile phones,
patient monitoring devices, Personal Digital Assistants (PDAs),
and other wireless devices.” Telemedicine itself is a growing
and well-established subcategory of mHealth and is defined as
“the communication or consultation between health
professionals about patients using the voice, text, data, imaging,
or video functions of a mobile device. But it can be applied to
other situations; the management of chronic diseases of patients
living at home is one example” [1].
Previous research has shown that such tools have promising
potential. They can save time and improve efficiency [2],
increase patient access and decrease workload [3], empower
patients and address their information needs [4], enhance
patient-clinician communication by prompting some
underreported and sensitive discussions [5,6], and make patients
feel more taken care of [5,6]. The patient data generated through
some of these tools can also help care teams to prioritize and
tailor treatment plans accordingly [5]. Research has also shown
that the potential benefits encourage even older populations to
adopt such tools [7] despite the widespread notion of a digital
divide and boost patients’ quality of life through tailored and
personalized treatment plans [4,5].
However, it remains that the dynamic and liberal way in which
the mHealth market is organized makes it difficult to assess the
quality of the tools on offer, making adoption decisions more
difficult, especially from the perspective of a clinician [8]. In
addition, the amount of health data generated by such apps
creates a need for more comprehensive privacy regulations, in
particular, around the use of personal data that are clinically
and scientifically meaningful [9,10]. Furthermore, high
workload, lack of resources, and necessary workflow
adjustments were frequently raised as barriers to adoption
[11-16].

Objective
Although there is a drive toward encouraging mHealth adoption
to harness its potential benefits, the reality is that there are many
challenges that go beyond the technology itself but stem instead
from the complexity of the health care ecosystem itself. Such
challenges have slowed down the acceptance and adoption of
mHealth in specific health care settings [17,18], with some
failing to progress beyond the pilot stage [19] or failing to
become a part of the regular care landscape [20,21]. To fully
account for the adoption and nonadoption of technology, it is
thus essential to shift our focus beyond the technology itself to
https://mhealth.jmir.org/2020/7/e18072
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tackle clinicians’ differing concerns, improving clinical
workflow, and workload issues [18,22,23]. Therefore, this
review aimed to identify the frameworks most used to
successfully understand clinicians’ adoption of mHealth to
enable future researchers to design studies that take all the
important factors into account, leading to more successful
adoption and implementation.
We were guided in our review by the field of social studies of
technology that views individuals and technological artifacts
as entangled and interacting elements in any organizational or
social setting [24-27], bearing in mind that such interactions
may trigger or enable new forms of organizing work, new roles,
or new hierarchies [28,29]. This ontological approach enabled
us to widen our scope and identify potential shortcomings in
the most frequently used frameworks. We found that the most
frequently applied models tend to focus on the technical or
individual perspectives of technological adoption.

Methods
Search Strategy and Study Selection
This review was an in-depth subanalysis of a larger systematic
review focusing on the social, organizational, and technical
factors impacting clinicians’ adoption of mHealth [30]. The
Preferred Reporting Items for Systematic Reviews and
Meta-Analyses guidelines [31] and the Cochrane handbook [32]
were followed to ensure a systematic and rigorous approach. A
structured search was carried out using Medical Literature
Analysis and Retrieval System Online, or MEDLARS Online
(MEDLINE), PubMed, the Cochrane Library, and Serial
Analysis of Gene Expression (SAGE) databases for studies
published in the English language between January 2008 and
July 2018, yielding 4993 results. Of these 4993 studies, 171
met the inclusion criteria, of which only 50 studies used a
theoretical framework. These latter 50 studies were the subject
of this qualitative review. The review presented here reflects
more deeply on the most common frameworks used and on how
researchers can be supported to design more robust and reliable
studies that properly investigate and reflect the inherent
complexity of the issue of mHealth adoption.

Data Collection and Synthesis
The diversity of measures and results that were identified in the
studied sample was not homogenous enough to enable a
quantitative synthesis of the data. Therefore, a narrative
synthesis was used and structured around the organizational,
social, and technological factors impacting the clinician's
adoption of mHealth solutions. NVivo (QSR International), a
computer-assisted qualitative data analysis software, was used
to assist in this task.
Data coding began with an initial data extraction grid that
included themes based on the most used technology acceptance
frameworks in the studied sample; more themes were added as
they emerged during the review process. A thematic analysis
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as per Braun and Clarke [33] was used to identify and extract
themes that addressed the review’s research question; the phases
of the thematic analysis are explained in detail in Multimedia
Appendix 1. The first author (CJ) conducted the initial analysis
and coding; she is a digital strategist with more than 18 years
of experience and has contributed to the creation and realization
of several digital solutions in health care. Then, the second
author (ASV) reviewed the coding; any cases of disagreement
about coding were discussed in conjunction with the last author
(CI) and mutually agreed.
The research themes were guided by the most used theoretical
frameworks in the studied sample, in addition to Leonardi’s
Methodological Guidelines for the Study of Materiality and
Affordances [27]; hence, they were split into three key groups:
material and technological factors, social and personal factors,
and organizational and policy factors. This process lasted from
August to December 2019.

Results
A summary of each of the included studies, the theoretical
framework(s) they used, sample size, sample composition, data
collection method, and key findings are detailed in Multimedia
Appendix 2.

Characteristics of the Included Studies
The sample characteristics of the included papers are detailed
in Multimedia Appendix 3. In terms of data collection methods,
56% (28/50) of the studies used quantitative methods, 26%
(13/50) of the studies used qualitative methods, and 18% (9/50)
of the studies used a mixed approach. Altogether, 42% (21/50)
of the studies focused on clinicians (these were studies that
included multiple clinician groups, with a clinician defined as
“a person qualified in the clinical practice of medicine,
psychiatry, or psychology as distinguished from one specializing
in laboratory or research techniques or in theory” [34]), 30%
(15/50) of the studies focused on physicians, 10% (5/50) of the
studies focused on nurses, 4% (2/50) of the studies focused on

medical students, and 14% (7/50) of the studies focused included
multiple clinician groups and other populations such as patients
or caregivers. Sample sizes varied, that is, 18% (9/50) of the
studies had a sample size of 1 to 20 participants, 18% (9/50) of
the studies had a sample size of 21 to 50 participants, 20%
(10/50) of the studies had a sample size of 51 to 100 participants,
28% (14/50) of the studies had a sample size of 101 to 200
participants, and 16% (8/50) of the studies had a sample size
of more than 200 participants.
Geographically, 24% (12/50) of the studies were based in the
United States [35-46], 10% (5/50) of the studies were based in
the United Kingdom [47-51], and the rest were spread across
many countries: Australia [52,53], Australia and the United
Kingdom [15], Austria [54], Canada [55-57], Germany [58-60],
Iran [61], Iraq [62], Japan [63], the Netherlands [64], the
Netherlands, Spain, and the United Kingdom [65], Nigeria [66],
Norway [67,68], South Korea [69,70], Spain [71-74], Spain
Colombia and Bologna [75], Sri Lanka [76], Sweden [77,78],
Switzerland [79], Taiwan [80,81], and Turkey [82].
The studies also cover diverse disease areas and medical
specialties, including ambulatory care [58], cognitive behavioral
therapy [40], cardiovascular disease [56,83], dermatology [73],
diabetes [50,63,65], general practice [35,52,59], intensive care
[36], neurology [48], pediatric [45], primary and acute care
[46,49,55,71,74], psychiatry and mental health [41,53,68],
residential aged care [57], reproductive health [37], and
substance use recovery [39,44].

Frameworks Mostly Used in Studying Clinicians’
Adoption of Mobile Health
The most commonly used frameworks were different forms of
extensions of the Technology Acceptance Model (TAM), the
diffusion of innovation theory (DOI), and different forms of
extensions of the unified theory of acceptance and use of
technology (UTAUT). An overview of the most used
frameworks is shown in Table 1 and visualized in Multimedia
Appendix 4.

Table 1. Overview of the most used frameworks.
Framework(s)

Prevalence in the studied sample (N=50), n (%)

TAMa extensions

17 (34)

Others

11 (22)

DOIb

8 (16)

UTAUTc extensions

6 (12)

DOI and TAM

3 (6)

CFIR

d

Sociotechnical theory
a

3 (6)
2 (4)

TAM: Technology Acceptance Model.

b

DOI: diffusion of innovation theory.

c

UTAT: unified theory of acceptance and use of technology.

d

CFIR: consolidated framework for implementation research.

TAM extensions were used in 34% (17/50) of the studies and
varied from additions stemming from the literature and the
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research-specific context [35,36,38,57,60,61,68,70,71,73,74]
to extensions using other frameworks such as Chau and Hu’s
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18072 | p.36
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
model of telemedicine acceptance and theory of interpersonal
behavior (TIB) [83], the organizational readiness for change
model [45], theory of reasoned action (TRA), and theory of
planned behavior [74], and in combination with the UTAUT
[58,69].
DOI was used in 16% (8/50) of the studies
[37,40,50,53,56,62,76,78], and UTAUT extensions were used
in 12% (6/50) of the studies; some of these UTAUT extensions
were based on the research context and previous research
[64,66,84], and other included extensions from other frameworks
such as the De Lone and McLean information success model
[54], use of technology [65], and a combination of TAM, TPB,
and DOI [82]. Furthermore, certain studies used a combination
of the TAM and DOI frameworks (3/50, 6%) [42,43,59]; others
used the consolidated framework for implementation research
(CFIR; 3/50, 6%) [39,41,67] and the STS (2/50, 4%) [49,55].
Other frameworks were used in 22% (11/50) of the studies,
including the affordability, practicability, effectiveness,
acceptability, side effects/safety and equity (APEASE)
framework [52]; an extended De Lone and McLean information
system success model [63]; Giddens structuration theory [51];
normalization process theory (NPT) [15]; organizational theory
of implementation effectiveness [46]; reach, effectiveness,
adoption, implementation, and maintenance framework [44];
technological frames (TF) [77]; the design science research
methodology (DSRM) [85]; theory of change [48]; and TPB
[80].

Jacob et al

Framework-Based Versus Additional Factors
We will not present an analysis of each factor in detail, as this
was extensively covered in the initial systematic review [30];
we will instead focus on the framework-based versus additional
factors to better identify possible shortcomings in the most used
frameworks and provide recommendations based on the
specificities of the health care setting, as reported in the studied
sample.
Factors cited in more than 20% of the included studies were
usefulness, output quality, ease of use, technical support, data
privacy, self-efficacy, attitude, organizational inner setting,
training, leadership engagement, workload, and workflow fit.
Most factors could be linked to one framework or another, but
there were no frameworks that could cover all factors in our
findings unless modified or used in combination with others.
An overview of the emerging framework-based and additional
factors is presented in Figure 1. Factors defined as specific
constructs in one of the used frameworks include the name of
the framework following the factor name between brackets,
whereas the factors that emerged directly from the data but were
not identified as a specific construct in any of the used
frameworks are not followed by brackets and are marked in
blue font for clarity. These additional factors stemmed mostly
from qualitative studies or were predefined by the researchers’
review of previous literature findings rather than established
frameworks.

Figure 1. Gap analysis of emerging framework-based versus additional factors. APEASE: affordability, practicability, effectiveness, acceptability,
safety/side effects, and equity; CFIR: consolidated framework for implementation research; DOI: diffusion of innovation theory; IT: information
technology; TAM: Technology Acceptance Model; TAM2: an expanded version of the original TAM; TPB: theory of planned behavior; TRA: theory
of reasoned action; UTAUT: unified theory of acceptance and use of technology.

Some factors with more or less the same meaning were named
differently in different frameworks. For example, when we talk
about the tool’s usefulness, it can be referred to as perceived
https://mhealth.jmir.org/2020/7/e18072
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usefulness if the study uses TAM, as performance expectancy
if the UTAUT is used, or as relative advantage if DOI or CFIR
is used. Similarly, when we talk about the tool’s ease of use, it
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can be referred to as perceived ease of use if the study uses
TAM, as effort expectancy if the UTAUT is used, or as
complexity if DOI or CFIR is used. We grouped these similar
factors together in our analysis to avoid an overly congested
schema of factors. Multimedia Appendix 5 summarizes the
definitions of the most used framework-based factors grouped
by similarity to emphasize the meaning and overlaps between
the different theories.

Jacob et al

Technical and Material Factors
When we look into the most reported technical and material
factors, as visualized in Figure 2, we can see that the clusters
of ease of use and usefulness were the most reported in the
included papers; however, other important acceptance elements
such as health data–related factors and system interoperability
may be strong influencing aspects, but these are not specifically
considered in most of the original models.

Figure 2. The most cited technical and material factors. APEASE: affordability, practicability, effectiveness, acceptability, safety/side effects, and
equity; CFIR: consolidated framework for implementation research; DOI: diffusion of innovation theory; IT, information technology; TAM: Technology
Acceptance Model; TAM2: an expanded version of the original TAM; TPB: theory of planned behavior; TRA: theory of reasoned action; UTAUT:
unified theory of acceptance and use of technology.

The cluster of usefulness factors tops the list of technical and
material factors. Most studies (n=31) reported usefulness, in
general, using theory-based constructs such as perceived
usefulness (TAM), performance expectancy (UTAUT), or
relative advantage (DOI). Many of these studies, especially
those that mainly relied on TAM, did not necessarily dig into
https://mhealth.jmir.org/2020/7/e18072
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the hidden elements that might influence the views of users on
usefulness; yet, some still attempted to dig deeper to get at the
underlying factors that influence perceived usefulness. For
example, Gagnon et al [83] and Orruno et al [73] assumed that
compatibility with one’s work would impact the perception of
a tool’s usefulness, whereas Liu and Cheng [81] anticipated
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that a user’s perception that a tool is a threat to their job would
also impact their perceived usefulness, and Ray et al [45]
proposed that there is a whole cluster of contextual elements
such as organizational and individual factors that may impact
perceived usefulness. Most of the studies found that usefulness
is one of the most if not the most influential factor when it comes
to adoption decisions [36,66,69,71,83], whereas other studies
reported that a lack of perceived advantage of the system would
be considered a barrier to adoption [50].
Output quality (an additional factor in the expanded version of
the original TAM [TAM2]) or quality and access to care were
more specific expressions of usefulness, as reported in 12
studies. This is a health care specific factor, as mHealth was
seen as the most useful and adding value when it enhances
patient care [42,46,67] and facilitates access to care for people
who would not otherwise access it easily [45,53]. Moreover,
eight studies named increased efficiency or effectiveness
(APEASE) as a facilitating factor, as it allows optimal use of
staff time [47,50], but some also reported mixed views on
whether such tools can really improve efficiency and the
necessity of streamlining processes to enable such gains [35,52].
Similarly, eight studies specified communication; however,
some saw it as a facilitator [42,47,50], and others reported the
risk of miscommunication as a barrier [51,53,76], whereas six
studies specified evidence (CFIR) or appraisal, showing that
growing the evidence base and the positive stories about such
tools can help increase adoption [39,48,53].
The ease of use cluster (n=23) was named differently in different
theories: perceived ease of use in TAM, effort expectancy in
UTAUT, and complexity in CFIR. Similar to the general factor
usefulness, ease of use lacks the specification of what makes a
tool easy to use, making it difficult to understand the hidden
factors that can influence a user’s perception of ease of use.
This pushed several researchers to operationalize this generic
factor by breaking it down into more explicit elements; for
example, Gagnon et al [83] and Asua et al [71] assumed that
factors such as users’ habits (ie, behaviors that became
automatized because of a person’s habit of doing it repetitively)
could influence their perception of a tool’s ease of use; whereas
Liu and Cheng [81] anticipated that mobility (location
flexibility) could impact perceived ease of use. Furthermore,
Ray et al [45] proposed that it is influenced by a whole cluster
of contextual factors as well as elements such as resource
availability, whereas Rho et al [70] proposed that it is impacted
by self-efficacy and accessibility of medical records, and Sezgin
et al [82] suggested that elements such as demonstrability of
results, personal innovativeness, mobile anxiety (fear of
telephones), mobile self-efficacy, and habit can have an impact
on users’ effort expectancy.
The cluster information technology (IT) capability and
compatibility includes factors such as technical support (n=12),
interoperability and integration (n=8), IT infrastructure (8), and
technical and connectivity issues (n=5). These factors can clearly
influence adoption; however, they were not specifically spelled
out in the frameworks used. The availability of good technical
support and collaboration with the IT department may enable
better adoption [44,46,47,71,73,79,82,83], whereas the lack of
technical support was reported as a barrier [51,68]. Similarly,
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if the tool is not integrated into or interoperable with the hospital
or clinical systems, it becomes harder to adopt it as it usually
creates an increased workload (eg, inputting data), and therefore,
the potential for information to be lost [44,47,53,78]. Several
studies also reported that an insufficient IT infrastructure could
be a barrier [42,53,62,73,76,83] and some specified difficulties
such as technical and connectivity issues that seem to be a
common problem in some hospitals [50,62,67,68,79].
Similarly, the data-related factors cluster such as data privacy
and security (n=17), and elements such as data accuracy,
management, or storage (n=7) can clearly impact adoption in
the health care setting but were not specifically defined as
distinct constructs in the frameworks used. Such factors are
quite specific to the health care ecosystem and are crucial for
successful implementation. This is mainly driven by the highly
regulated nature of the health care sector and the sensitivity of
health data that pushes clinicians to be extra cautious when
dealing with any system that captures or stores patient data,
highlighting the importance of data privacy and security
concerns [37,47,53,56,58,62,75], patient confidentiality
[48,55,65,68], and the related medicolegal liability [35,42,44].
Monetary factors such as costs (CFIR) and affordability
(APEASE) were reported in eight studies; cost, financial
constraints, and uncertainty of future funding were usually
perceived as barriers to sustained implementation [39,53,64].
User experience factors such as design quality (CFIR), content,
and source (CFIR) were mentioned in three studies; they show
that aspects such as the trustworthiness of the tool’s content and
where it is coming from may influence adoption [54,55,67].

Social and Personal Factors
The personal characteristics of adopters were reported in more
studies compared with social and cultural factors. Aspects such
as self-efficacy (CFIR) were reported in 16 studies, highlighting
the importance of the clinicians’ previous experiences, technical
skills,
knowledge,
and
abilities
in
general
[36,39,42,53,58,59,64,70,85]. These factors are often linked to
the users’ perceived ease of use [61,82]. Similarly, attitude
(TAM-TPB) was reported in 16 studies, demonstrating the
significance of how the positive or negative feelings users have
about using such tools may influence their decision to adopt
[36,41,42,53,59,62,69,75,80]. Nevertheless, it was also reported
that a positive attitude is not enough to ensure adoption [73].
The importance of factors such as habit (TIB), comfort, and
acceptability was reported in six studies and can be influenced
by other elements such as trust and mobile use in personal life
[15,52,55]. It was also reported that anxiety in using mHealth
tools might influence adoption negatively [82].
Social factors (n=10) such as the influence of others on a user’s
decision to adopt or the extent to which users believe that people
who are important to them will approve their adoption of a
particular behavior were taken into account in some of the
frameworks used under different names: social influence
(UTAUT), observability (DOI), subjective norm (TRA), and
endorsement. This shows that factors such as linking the app
to a reputable organization, coworkers, opinion leaders, image
within the organization, and observing other clinicians using
such tools may impact adoption [43,57,63-65,74,78,79].
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Conversely, some studies found the influence of such social
factors to be insignificant [66]. At the same time, culture (CFIR)
came up in four studies, explaining how a conservative or
risk-averse culture could be a barrier to adoption [48,53,62,67].
Although demographics are not an initial construct in any of
the frameworks used, there were mixed results in the studies

Jacob et al
that used them as moderating factors (n=6). There were studies
that found that elements such as age or gender may have an
impact on the decision to adopt [37,59,60], whereas some studies
did not find personal demographics to be a significant factor
[42,43,64]. An overview of the social and personal factors is
shown in Figure 3.

Figure 3. The most cited social and personal factors. CFIR: consolidated framework for implementation Research; DOI: diffusion of innovation theory;
TAM: Technology Acceptance Model; TIB: theory of interpersonal behavior; TPB: theory of planned behavior; TRA: theory of reasoned action;
UTAUT: unified theory of acceptance and use of technology.

Organizational and Policy Factors
As shown in Figure 4, the organizational and policy factors
were divided into 5 key clusters: organizational,
workflow-related, policy and regulations, patient-related, and
user engagement factors.
Organizational factors (n=16) were taken into account in some
of the frameworks used under different names: facilitating
conditions (UTAUT-TIB), which is the users’ perception that
https://mhealth.jmir.org/2020/7/e18072
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organizational support and technical facilitating conditions are
in place to aid technology use; perceived behavioral control
(TPB) designating the perceptions of the availability of skills,
opportunities, and resources required for using technology; and
inner setting (CFIR) defining the qualities of the organization
in which the intervention is implemented. Many studies reported
that such organizational facilitators are among the most
important
factors
influencing
adoption
[41-43,53,65,66,71,73,79,80,83] and explained how the lack of
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such conditions can hinder adoption [48,67]. More specific
factors such as training and education were also explicitly cited
in 14 studies [15,39,41,64,68,71,73,82,83], showing their

Jacob et al
importance, but were not spelled out as a specific construct in
most of the frameworks used.

Figure 4. The most cited organizational and policy factors. APEASE: affordability, practicability, effectiveness, acceptability, safety/side effects, and
equity; CFIR: consolidated framework for implementation research; DOI: diffusion of innovation theory; TAM2: an expanded version of the original
Technology Acceptance Model; TIB: theory of interpersonal behavior; TPB: theory of planned behavior; TRA: theory of reasoned action; UTAUT:
unified theory of acceptance and use of technology.

Leadership engagement (CFIR) and management support were
other important factors identified in 11 studies. The findings
show that top management approval, engagement, and support
[15,39,41,47,53,62,67], as well as professional organizations
and societies [85] are vital for implementation success and
adoption. Reinforcement factors and incentives (CFIR) were
reported in six studies as elements that may positively impact
adoption [45,48,66,70]. Implementation process, strategy, and
planning (CFIR) was reported in five studies, including ideas
such as a step-wise approach or piloting the tools before a
complete rollout [53,56,58,67]. Factors such as innovation and
https://mhealth.jmir.org/2020/7/e18072
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tension for change (CFIR), which indicate the degree to which
stakeholders perceive the current situation as intolerable or
needing change, were mentioned in three studies [49,67,75].
The workflow-related cluster was separated from the other
organizational factors because of the many factors relating to
workflow, which necessitated distinguishing them and
highlighting their specificity. Although resource, in general, is
a construct in the CFIR, workload was more specifically
mentioned in many of the included studies (n=14), showing that
an elevated workload or the perception that such tools would
increase
workload
may
hinder
adoption
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[46,47,49-51,55,67,68,77,79,85]. On the other hand, the users’
perception that the tool may ease the existing workload was
also found to encourage adoption [52,53].

Discussion

Workflow fit, which indicates how the tool would fit into and
improve the day-to-day work of clinical staff, is another specific
factor that was not defined as a distinct construct in most
frameworks used, although it was mentioned in 12 studies
[39,44,46,49,52,60,77,84,86]. Similarly, changes to clinical
practices were specifically reported in nine studies, indicating
that mHealth adoption sometimes required some process changes
and adaptation to clinical practice, and this may hinder adoption
if not addressed properly [15,41,45,49,53,71,77,87].

Expanded models allowed researchers in most of the included
studies to examine potentially significant factors not specified
in the original theories; nevertheless, some scholars have
criticized such an approach of arbitrarily adding variables, as
it leads to inconsistent use of theory [88].

Compatibility (CFIR-DOI), adaptability (CFIR), practicability
(APEASE), and job relevance (TAM2) were mentioned in eight
studies and mostly related to the degree to which mHealth fits
into, can be adapted, tailored, or refined to meet local needs
[39,40,57,61,62,67,71,82]. Furthermore, four studies discussed
a factor that was not specified as a distinct construct in most of
the frameworks used, which is the impact of the perception of
job security, job autonomy, perceived threat (dual-factor model),
and empowerment. This latter factor shows that if clinicians
perceive mHealth as a threat to their job autonomy or security
or makes them feel that they are losing control of their work,
they would resist its adoption [48,51,77,81].
We clustered the policy and regulations factors separately
because they are external factors that go beyond the control of
the organization. These are crucial in the health care setting,
given their highly regulated nature but were hardly spelled out
as specific constructs in most of the frameworks used, with the
exception of CFIR. External policies (CFIR) and regulations
were mentioned in eight studies and shed light on the importance
of developing policies, clear guidelines, and legislative changes
that would encourage adoption [15,35,39,53,62,76,78,85].
Reimbursement policies and funding were specifically
mentioned in three studies [35,53,70], whereas two studies
explained how the level of standardization in health care can
facilitate or hinder adoption [58,78].
Patient-related factors were hardly defined as specific constructs
in most of the frameworks used, despite the fact that various
studies reported that they may impact the clinicians’ adoption
of mHealth. Factors such as patient condition and whether they
are capable of using the tool [47,51,53], their engagement, or
lack of it [41,47,67,78], whether the tool facilitates patient
empowerment [47,53], and whether it impacts patient safety
[48] may influence a clinician’s decision on whether to adopt
a specific mHealth tool. Furthermore, the tool’s availability and
accessibility to all patients equally was mentioned in seven
studies as a factor that may impact clinicians’ decision to adopt
such a tool [35,40,47,52,55,70,82].
User engagement is another factor that was not defined as a
distinct construct in the most frameworks used but specifically
prevailed in five studies. The findings show that engaging the
users in the design, development, and implementation of such
tools can help encourage adoption [39,46,53,60,67].
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Framework-Based Versus Additional Factors

Sometimes, the framework-based factors appear oversimplified
or not precise enough. For example, if we say that usefulness
is a key factor, we need to better understand the factors that
influence the user’s perception of usefulness; without such
specificity, it is difficult to take specific actions. This is perhaps
why many of the included studies operationalized such variables
by breaking them down into more specific elements, for
example, by asking whether the tool was useful to the job or
increased job efficiency. Such examples can be seen in studies
by Gagnon et al [83] and Orruno et al [73], both of which
assumed that compatibility with existing work practice would
impact the perception of tool usefulness. Moreover, Liu and
Cheng [81] anticipated that a user’s perception that a tool is a
threat to job security would also impact their perception of
usefulness. Similarly, Ray et al [45] proposed that there is, in
fact, a whole cluster of contextual elements (organizational and
individual factors) that influence perceived usefulness. The
following sections discuss each of the frameworks used in more
detail.

Technology Acceptance Model and Unified Theory of
Acceptance and Use of Technology Expansions
The TAM was used in 34% of the studied sample; Davis
developed it in the late 1980s [89] based on the principles from
Fishbein and Ajzen’s TRA [90]. The TAM assumes that
perceived usefulness, and perceived ease of use are key
predictors of the attitude toward using a new technology, which
in turn determines the behavioral intention to use that can be
translated into technology acceptance. Various scholars
suggested extensions of the original TAM to overcome some
of its limitations; notably, Holden and Karsh [91] suggested the
addition of individual user factors, organizational readiness, or
trust; Venkatesh and Davis [92] extended the model and referred
to it as TAM2, which included factors that were considered to
influence perceived usefulness, such as subjective norm, image,
voluntariness of use, or job relevance. Venkatesh and Bala [93]
extended the model further to TAM3 by adding computer
anxiety or enjoyment.
There are many similarities between TAM and UTAUT, as the
latter was based on the former. UTAUT was used in 12% of the
sample; it was first published by Venkatesh et al [94] by
analyzing and comparing TAM, TAM2, TRA, and DOI in an
attempt to attain a unified TAM. The resulting model describes
four key constructs:
1.

Performance expectancy: the user’s belief that the tool will
be useful for their job, which matches perceived usefulness
in TAM.

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18072 | p.42
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
2.

3.
4.

Effort expectancy: the belief that the tool is user friendly
and easy to use, which matches perceived ease of use in
TAM.
Social influence: the degree to which users believe that
important others think they should use the tool.
Facilitating conditions: the degree to which users think that
an organizational and technical infrastructure exists to
support the tool’s use.

Behavioral intention to use the technology is determined by
performance expectancy, effort expectancy, and social influence.
Actual usage is then determined by behavioral intention to use
as well as the facilitating conditions. The model also adds
moderating factors such as gender, age, experience, and
voluntariness of use.
Most studies in our sample, where TAM or UTAUT were used,
have added factors to extend the original frameworks to better
adapt them to the context of health care. This demonstrates that
despite their appeal, both frameworks frequently need some
sort of extension to be applicable to complex health care settings.
We briefly explain below the most significant expansion
examples from our studied sample to emphasize the factors that
researchers added to complement these 2 frameworks and their
significance.
Orruno et al [73] and Gagnon et al [83] used very similar
expansions of the TAM. They expanded the model with
elements from the TIB and TRA to take into account the impact
of the social environment and external variables as well as using
Chau and Hu’s model [95] to further subdivide factors into
individual, technological, and organizational contexts. They
also added compatibility and technological context along with
habit and facilitators as proposed by TIB to account for
automatized behavior and organizational infrastructure,
respectively. They also included subjective norms from the
TRA to assess whether users believe that people who are
important to them will approve of their adoption decision. Both
papers showed that facilitators were the most significant factor
in the modified model, thus emphasizing the importance of
taking the organizational context into account.
Saigi-Rubio [74,75] used similar expansions in their two papers,
one expanded the TAM with elements from the TPB and TRA
and the other added elements from the DOI and technology
readiness. In their first paper [75], they added three key factors:
optimism (the degree to which clinicians consider that
technology will enable them to obtain benefits or reduce effort),
the propensity to innovate (an individual’s tendency to innovate
in their daily work), and the level of information and
communications technology (ICT) use (the degree to which an
individual uses technology in their personal life). In their second
paper [74], they also included personal technology use as a
factor, calling it an ICT user profile, and added other factors
such as security and confidentiality, improved quality, and
reduced costs. They also considered the influence of patients,
medical staff, and health care boards by assessing their impact
on subjective norms. The papers showed that cost reduction,
data security, and technology use in personal life were among
the most important factors.
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Asua [71] expanded the TAM with elements of the DOI and
TIB; they justified this expansion with findings of some of their
previous research, which showed that facilitating conditions
were the most significant predictor of the clinicians’ intention
to use telemonitoring. Their expansion confirmed that the
facilitators in the organizational context are the most essential
elements to consider for boosting mHealth adoption by
clinicians. They categorized their constructs based on Chau and
Hu’s model of telemedicine acceptance [95] that encompasses
the individual, technological, and organizational contexts;
whereas Ray et al [45] expanded the TAM using the
organizational readiness for change model [96] and also shed
some light on contextual factors. They added local elements
such as meta-organizational, intraorganizational, and individual
factors to their model. Their findings show that factors such as
patient-specific education, clinical protocols for use, decreasing
response times, and technology simplification may encourage
adoption.
Liu and Cheng [81] expanded the TAM using the dual-factor
model that considers both positive and negative factors by
incorporating constructs that might hinder technological
adoption, not only positive constructs such as TAM’s usefulness
and ease of use. They were guided by Walter and Lopez [97],
who suggested that the perceived threat to professional
autonomy can influence the clinicians’ decision to adopt. They
also added the factor of perceived mobility that was suggested
by Huang et al [98], as they found that it can have a positive
impact on perceived usefulness; this was also confirmed by
Liu’s findings.
Rho et al [70] expanded the TAM based on previous research
by adding three key factors: accessibility of medical records
and of patients as clinical factors, self-efﬁcacy as an individual
factor, and incentives as regulatory factors. Although Adenuga
et al [66] expanded the UTAUT with the construct reinforcement
factor to draw attention to the influence of direct incentives on
adoption. In particular, financial incentives were reported as a
significant factor in previous research, and their own research
showed that reinforcement factors do indeed appear to have
significant effects on the clinicians’ decision to adopt.
Dünnebeil et al [58] used a combination of UTAUT and TAM
and expanded the model with additional factors that may impact
perceived usefulness and perceived ease of use of electronic
health (eHealth). They based their additions on factors that were
identified as significant in most of the published research on
TAM. They added factors that can impact usefulness, such as
the intensity of IT utilization, the importance of data security,
and the importance of documentation. They also identified
factors that could influence ease of use, such as eHealth
knowledge and the importance of standardization and process
orientation. Similarly, Sezgin et al [82] used a combination of
UTAUT and TAM and expanded them with elements from TPB
and DOI. They added factors such as compatibility and personal
innovativeness in the domain of IT from the DOI and computer
self-efficacy and anxiety from TAM3. They also redefined some
of the constructs to make them more suitable for mobile apps.
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Diffusion of Innovation Theory, Consolidated
Framework for Implementation Research, and
Sociotechnical Theory
In DOI theory, Rogers [99] goes beyond the technical aspects
to argue that, ultimately, technologies that fit well into their
context of use are more easily adopted than those that are not,
it was the theoretical base for 16% of the studied sample and
used together with TAM in another 6%. Rogers defines the five
features of an innovation that will encourage its successful
adoption; its relative advantage and the perception that it is
better than the current processes, its compatibility with the
adopters’ needs and experiences, its complexity and difficulty
of use, its trialability, and the extent to which it can be
experimented with on a limited basis, and the ease of the
observability of its results.
The fact that the DOI takes the context into account makes it
an attractive expansion choice to the TAM in as much as it
complements and compensates for the TAM’s contextual gaps.
In our sample, Putzer and Park [42,43] used elements from both
frameworks in their two studies, guided by Kwon and Zmund,
who suggested some modifications to the DOI with application
research to make it more suitable for studying IT [100]. They
added factors such as internal and external environment as well
as moderating factors such as user demographics. They also
removed trialability to reduce possible confusion with
observability.
Other expansions of the DOI were also used. Han et al [76]
expand the theory with Berwick’s model [101] that assumes
that there are three groups of factors that influence adoption;
first, the perception of whether the innovation is beneficial;
second, the types of adopters themselves such as innovators,
early adopters, early majority, late majority, and laggards; and
third, contextual factors such as the social setting. Abd Ghani
and Jaber [62] expand the theory with the
technology-organization-environment model [102], as it
provides a good understanding of adoption while balancing the
flexibility of identifying specific factors emerging from
individual contexts. This particular expansion also includes the
social exchange theory [103], as it takes into account elements
such as power and trust, shedding light on the importance of
factors such as top management support. In addition, taken into
account are technological, organizational, environmental, and
individual characteristics.
The CFIR [104,105], used by 6% of the studies, goes even
further to include implementation factors. It is a comprehensive
framework with a list of 39 constructs, clustered in five key
areas: features of the tool or intervention, characteristics of the
users, qualities of the organization in which the intervention is
implemented, the wider community and the social setting within
which organizations function, and the implementation process
itself. Given the extensive nature of this framework, it was used
without expansion. Possemato et al [41] chose this framework
because of its multidimensional nature that considers
organizational and patient factors, and Varsi et al [67] used it
because of its comprehensiveness, which enables it to capture
the complexity of technology implementation in a health care
setting and its ability to help identify barriers and facilitators
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that influence such implementations. However, despite its
comprehensibility, our findings show that there were still some
shortcomings, such as the lack of very specific factors such as
interoperability, reimbursement, and data-related issues in the
initial list of constructs.
Sociotechnical theory [106,107] focuses on how the social and
technical aspects of a workplace fit together, and it was used in
4% of the studies. Ahmad et al [55] and Casey et al [49] chose
it to help them investigate the factors that come into play when
technological tools are put into practice. This framework views
organizations as systems that include interconnected social and
technical subsystems that interact together, thus necessitating
the integration and coordination of social and technical elements
to achieve joint optimization.

Less Frequently Used Frameworks
There were also frameworks that only appeared in 1 publication.
Nevertheless, many of these frameworks shed light on the
importance of social and organizational aspects and employ
theories that go beyond individual adoption decisions to also
reflect the organizational context and the related implementation
issues that may hinder adoption.
Various frameworks take into account the interactions that occur
between the technical and social or organizational factors,
highlighting the entanglement between those aspects. Bagot et
al [15] employed the NPT [108,109], as it suggests a nonlinear
understanding of adoption, taking into account the
interdependent connections within an organizational context.
The theory focuses on 4 key components: coherence (the process
that people go through when attempting to understand a new
set of practices), cognitive participation (the relational work
that people do to build and sustain a new practice), collective
action (the operational work that people do to enact a new
practice), and reflexive monitoring (subsequent appraisal work
undertaken to the effect of new practices). Their findings
revealed that telemedicine necessitates both modifications in
work practice and the development of new skills to enable
successful implementation.
Similarly, Grünloh et al [77] wanted to not only understand
clinicians’ views on technology but also its impact on their work
environment; therefore, they used the TF model [110] focusing
on the assumptions, expectations, and knowledge people use to
comprehend technologies in their organizational context. In this
framework, Orlikowski and Gash [110] recognized three key
frames that can help explain users’ views: the nature of
technology (users’ understanding of the technology and its
functionality), the technology strategy (the motivation behind
technology adoption and its worth to the organization), and
technology in use (how the technology is being used on a daily
basis and the implication of its use). The model helped the
researchers identify work-related aspects such as the importance
of processes, workload, and control (concerns that mHealth may
lead to patients monitoring and controlling the physicians) when
studying clinicians’ decision to adopt.
Some other frameworks had more emphasis on the role of the
users and the inclusion of all relevant stakeholders. Bidmead
and Marshall [47] used the Stakeholder Empowered Adoption
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Model [111] to ensure the inclusion of all relevant stakeholder
groups in their study. The model categorizes stakeholders into
four groups: professional users, patient users, organizational
management, and technology providers. The study captured the
views of all stakeholder groups to better understand barriers to
adoption and to help each group recognize the perspectives of
the other relevant stakeholders. Their findings showed that
privacy concerns, risk aversion, and data integration issues are
the key barriers hindering adoption. Kuo et al [80] employed
the TPB [112] using three key factors: attitude (users’ feelings
about using telemedicine), subjective norms (whether the user
should or should not use telemedicine), and perceived behavioral
control (the availability of the skills, opportunities, and resources
required for using telemedicine). Their results show that the
three factors have an impact on technological adoption.
Sharma et al [51] used Gidden’s structuration theory [113-115]
to help them tackle issues such as trust and ontological security,
which are not really addressed in most other frameworks. They
were guided in their thinking by Kouroubali’s argument that a
better understanding of such social aspects can help resolve
potential conflict and contradiction, and enable successful
implementation [116]. Their findings emphasized some key
barriers such as insufficient training, support, and lack of
information, highlighting the importance of gaining clinicians’
trust and promoting a sense of security to encourage telehealth
adoption.
Bramley et al [48] took a different approach by looking into the
potential for change in the organizational culture that they were
examining. They employed the theory of change [117] and
investigated the factors that would help the key stakeholders be
less resistant to change. They focused on three levels of
stakeholders: the macrolevel, which focuses on how
commissioning authorities work with technology providers and
other organizations; the mesolevel, comprising providers
working with clinicians and health care providers; and the
microlevel, in which the cocreation and delivery of care
packages occur. Their findings showed that elements such as
staff buy-in, culture, privacy concerns, safety issues, leadership
engagement, data analysis, and local setting are crucial for
successful implementation. Similarly, Shaw et al [46] addressed
the topic from an organizational change perspective employing
the Weiner organizational theory of implementation
effectiveness [96,118]. The model can help identify the factors
impacting an organization’s readiness for change, which refers
to its members’ collective agreement and the ability to
implement a specific change. Such readiness depends on two
key concepts: change valence, which refers to the organization’s
perception of factors such as the fit, advantage, and need for
this change and informational assessment, which refers to
elements such as information about the workload needs; and
the availability of resources to implement the change. The study
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identified organizational barriers related to additional workload,
lack of resources, and workflow integration.
Furthermore, some theories had more focus on the design
process itself. Egerton et al [52] used the APEASE framework
[119], which is usually used to evaluate the design of new
interventions and services. Their study identified some adoption
barriers related to lack of information and support, disconnect
with other programs, sense of loss of control, and a lack of
familiarity with the new tool, resulting in resistance to change.
Lapão [85], on the other hand, employed the DSRM [120,121]
to help them study the link between research and practice by
designing, implementing, and evaluating a tool that tackles a
specific need. The methodology starts with problem
identification and then moves through the definition of the
objectives that result in the design and development of the tool,
followed by testing and evaluation. Their findings show that
the key barriers for implementation are the lack of time, skills,
and clear role definition.
Quanbeck et al [44] focused on the implementation process
itself and used the RE-AIM framework [122] to achieve that.
They identified factors such as system integration, cost, and
data management as key barriers for implementation.
Furthermore, Okazaki et al [63] expanded the DeLone and
McLean information system success model [123] to help them
assess the success of a new technology in a specific
organizational context. They used the original constructs of
system quality, information quality, service quality, net benefits,
and user satisfaction and added some additional factors such as
privacy and security risks, ubiquitous control (time and place
flexibility), and subjective norms from TPB. Their results
showed that perceived value and net benefits are the most
important factors impacting adoption.

Conclusions and Recommendations
Health care technologies are generally more complex than tools
that address one specific user need, as they usually support
patients with comorbidities that are typically treated by
multidisciplinary teams, potentially working across more than
one health care organization. The specific characteristics of how
the health care sector operates (its highly regulated nature,
ever-present budget deficits, and the interdependence between
health care organizations) necessitate some crucial extensions
to the existing generic frameworks for studying adoption. This
paper sheds light on these specificities and makes
recommendations regarding the important factors that should
not be overlooked when working on mHealth adoption in health
care. These include stringent data privacy, workload, workflow,
communication, management support, policies, and complex
external rules and regulations, as presented in our consolidated
framework of emerging framework-based and additional factors
in Figure 5.
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Figure 5. Consolidated framework of the factors impacting clinicians' adaptation of mobile health. IT: information technology.

Most factors can be related to one framework or another, but
no framework covers all factor categories without being
extended. Although most models include relevant constructs,
many of them do not break these down into their individual
components to enable researchers to examine the specific
reasons behind particular implementation or adoption issues
and so tend not to help in the identification of specific solutions.
Some of the commonly used frameworks, such as TAM, present
an oversimplified group of factors that need to be looked at in
much more detail, and with greater specificity, if we are to
develop and implement successful mHealth tools. Although it
is sometimes claimed that it is simplicity that makes such
frameworks useful [124], even in the health care context
[91,125,126], our conclusions are aligned with the findings of
researchers’ critical frameworks such as TAM and UTAUT for
overemphasizing individual user beliefs and perceptions [127].
Most of these frameworks were not developed within a health
care setting and thus overlook its organizational and regulatory
complexity [91,128,129]. Socio-organizational and cultural
factors are not well covered by frameworks such as TAM and
UTAUT [128,129]. We also note that many of the broadly used
frameworks focus on tools that can be voluntarily used by
individual adopters. In contrast, most health care settings involve
an organizational-level decision to roll out technologies that are
made available to all staff [128,130].
We propose a shift toward extended frameworks that take into
account the complexity of health care organizations, their highly
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regulated nature, their interdependence, and the active role of
the user in impacting how technology is being used in the work
environment. Other researchers have also cited the
technology-centered view of many of the broadly used models
that mostly focus on the tool itself [128,129,131] and suggested
a move to multidimensional theories that go beyond usability
and consider the surrounding contexts and implementation issues
[127,128,131-134]. Health care technology cannot be
successfully adopted in isolation from the broader organizational
context in which it is being used; therefore, we need to adopt
theoretical frameworks that consider implementation challenges
in light of the complexity of the sociotechnical structure and
the interplay between the technical, social, and organizational
aspects. This can be achieved by using our suggested
consolidated framework that highlights the existing gaps that
are not specifically covered in the most frequently used
frameworks and focuses on complementing them using a
sociotechnical approach that enables researchers to take all the
contextual factors, and, crucially, the interplay between them,
into account when studying adoption.

Limitations and Future Research
Although this study contributes to the understanding of the most
used frameworks in understanding clinicians’ adoption of
mHealth, certain limitations must be acknowledged. This review
may not have included related studies that were not indexed in
the searched databases, written in a language other than English,
and gray literature searches that could have also permitted the
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identification of further relevant insights. However, this study
focused on peer-reviewed scientific papers.
Moreover, this analysis only considered published studies, and
no further contacts were made with the authors of the papers to

Jacob et al
obtain extra information or to validate our thematic analysis.
Consequently, it is possible that other frameworks might have
been missed. Future reviews could include studies in other
languages and using other frameworks.
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Abstract
Background: Interventions to promote a healthy diet, physical activity, and weight management during pregnancy are increasingly
embracing digital technologies. Although some interventions have combined digital with interpersonal (face-to-face or telephone)
delivery, others have relied exclusively on digital delivery. Exclusively digital interventions have the advantages of greater
cost-effectiveness and broader reach and as such can be a valuable resource for health care providers.
Objective: This systematic review aims to focus on exclusively digital interventions to determine their effectiveness, identify
behavior change techniques (BCTs), and investigate user engagement.
Methods: A total of 6 databases (Medical Literature Analysis and Retrieval System Online [MEDLINE], Excerpta Medica
dataBASE [EMBASE], PsycINFO, Cumulated Index to Nursing and Allied Health Literature [CINAHL] Plus, Web of Science,
and ProQuest) were searched for randomized controlled trials or pilot control trials of exclusively digital interventions to encourage
healthy eating, physical activity, or appropriate weight gain during pregnancy. The outcome measures were gestational weight
gain (GWG) and changes in physical activity and dietary behaviors. Study quality was assessed using the Cochrane Risk of Bias
tool 2.0. Where possible, pooled effect sizes were calculated using a random effects meta-analysis.
Results: In total, 11 studies met the inclusion criteria. The risk of bias was mostly high (n=5) or moderate (n=3). Of the 11
studies, 6 reported on GWG as the primary outcome, 4 of which also measured changes in physical activity and dietary behaviors,
and 5 studies focused either on dietary behaviors only (n=2) or physical activity only (n=3). The meta-analyses showed no
significant benefit of interventions on total GWG for either intention-to-treat data (−0.28 kg; 95% CI −1.43 to 0.87) or per-protocol
data (−0.65 kg; 95% CI −1.98 to 0.67). Substantial heterogeneity in outcome measures of change in dietary behaviors and physical
activity precluded further meta-analyses. BCT coding identified 7 BCTs that were common to all effective interventions. Effective
interventions averaged over twice as many BCTs from the goals and planning, and feedback and monitoring domains as ineffective
interventions. Data from the 6 studies reporting on user engagement indicated a positive association between high engagement
with key BCTs and greater intervention effectiveness. Interventions using proactive messaging and feedback appeared to have
higher levels of engagement.
Conclusions: In contrast to interpersonal interventions, there is little evidence of the effectiveness of exclusively digital
interventions to encourage a healthy diet, physical activity, or weight management during pregnancy. In this review, effective
interventions used proactive messaging, such as reminders to engage in BCTs, feedback on progress, or tips, suggesting that
interactivity may drive engagement and lead to greater effectiveness. Given the benefits of cost and reach of digital interventions,
further research is needed to understand how to use advancing technologies to enhance user engagement and improve effectiveness.
(JMIR Mhealth Uhealth 2020;8(7):e18255) doi:10.2196/18255
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Introduction
Background
Poor diet and lack of physical activity are 21st century problems
contributing to the obesity crisis. In the United Kingdom, more
than 50% of women of childbearing age are estimated to have
overweight or obesity [1]. Pregnancy has been identified as a
teachable moment [2], when women may be motivated to make
lifestyle changes to improve their own health and the health of
their unborn baby. Encouraging women to improve their diet
and levels of physical activity is beneficial for not only
supporting healthy gestational weight gain (GWG) and maternal
health [3] but also developing behaviors that may potentially
improve the health of the whole family.
In many countries, GWG is monitored, and women are given
guidance for recommended levels of weight gain [4]. The most
widely used GWG guidelines are the US Institute of Medicine
(IOM) 2009 guidelines, where the recommended range of weight
gain is based on a woman’s pre-pregnancy BMI [5]. It is
estimated that in many high-income countries, more than 50%
of women gain excessive weight during pregnancy [6,7]. This
is problematic because excessive GWG is associated with an
increased risk of adverse health outcomes, such as gestational
diabetes, large for gestational age babies, macrosomia, and
cesarean section [6,8]. GWG is also associated with an increased
risk of postpartum weight retention, which increases the
likelihood of starting subsequent pregnancies with overweight
or obesity [9]. The effects of excessive GWG are also believed
to have an intergenerational impact, increasing the likelihood
of overweight and obesity throughout the life of the baby
[10,11]. In the United Kingdom, most women are not routinely
weighed during pregnancy nor are they given specific advice
on healthy levels of weight gain. However, they are provided
with general advice to eat a healthy diet and participate in
regular physical activity [12].
Interventions targeting diet, physical activity, or both to
encourage healthier lifestyles during pregnancy and reduce rates
of excessive GWG have been shown to be effective, with
diet-only interventions leading to greater weight reductions than
physical activity alone or combined interventions [13-15]. A
recent review of systematic reviews and meta-analyses reported
reductions in GWG between 0.7 and 1.8 kg, as well as positive
effects on maternal and infant health outcomes [16]. The
majority of these lifestyle interventions used interpersonal
delivery, either in person or telephone. Several more recent
interventions have embraced digital delivery methods,
recognizing their advantages of significantly lower costs and
broader reach [17]. A self-managed digital intervention that can
be delivered anytime and anywhere and at a lower cost to the
patient and provider can be a valuable resource for health care
providers, provided it can affect positive behavior change.
In nonpregnant populations, digital interventions have been
shown to be effective in changing nutritional behaviors [18],
encouraging weight management [19], and improving levels of
https://mhealth.jmir.org/2020/7/e18255
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physical activity [20]. However, evidence of their effectiveness
in improving lifestyle behaviors during pregnancy is mixed. In
the past 3 years, 5 systematic reviews have explored various
aspects of digital interventions to improve diet, increase physical
activity, or manage weight during pregnancy [14,17,21-23]. Of
the 4 including meta-analyses, 2 found no significant effect of
the interventions [14,21], whereas one showed a significant
result for limiting GWG, increasing physical activity, and
reducing dietary energy intake in women with overweight or
obesity [17] and another found a moderate effect on managing
GWG among women of all BMIs [23]. However, except for
Lau et al [17], who conducted a subgroup meta-analysis
comprising 2 studies, these systematic reviews did not
distinguish between interventions that combined digital with
an interpersonal element of coaching or support (the majority
of studies) and those that were exclusively digital. Moreover,
although one review reported on usability [22], systematic
reviews to date have not investigated user engagement, a vital
component of self-managed digital interventions [24]. Finally,
although previous systematic reviews have explored the behavior
change techniques (BCTs) [25] used in this type of intervention
[26], none have considered BCTs specifically within the context
of digital interventions. As it cannot be assumed that BCTs have
equal relevance to and effectiveness across different delivery
methods, a review focused specifically on the role of BCTs in
digitally delivered interventions for this population is a unique
contribution to the literature.

Objectives
The aim of this systematic review was three-fold: (1) to
determine the effectiveness of exclusively digital diet and
physical activity interventions to improve lifestyle behaviors
or avoid excessive weight gain during pregnancy; (2) to
investigate user engagement with the interventions; and (3) to
identify and assess the usage of BCTs within the interventions.

Methods
Review Protocol
This systematic review and meta-analysis follows the Preferred
Reporting Items for Systematic Reviews and Meta-Analysis
(PRISMA) [27] and is registered with the International
Prospective Register of Systematic Reviews (CRD42019124838;
see Multimedia Appendix 1 for the PRISMA checklist).

Search Strategy
A search of 6 databases (MEDLINE [Medical Literature
Analysis and Retrieval System Online], PsycINFO, EMBASE,
Cumulated Index to Nursing and Allied Health Literature
[CINAHL] Plus, Web of Science, and ProQuest Dissertations
and Theses) was conducted in February 2019 to identify relevant
studies. Advanced searches of keywords and index terms
covered 4 concept areas (pregnancy status, diet or physical
activity intervention, digital technology, and study design) and
were tailored according to each database (Multimedia Appendix
2). The Cochrane Library was also searched for related
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systematic reviews. Their reference lists along with those of
eligible studies were hand searched. Once duplicates had been
removed, 2 authors (AR and PC) independently screened and
assessed each study for eligibility based on title and abstract.

Inclusion and Exclusion Criteria
Studies were included in the study if they fulfilled the following
population, interventions, comparators, and outcomes criteria.

Population
Pregnant women over the age of 18 years, of all BMIs, were
included in this study. However, pregnant women with physical
or mental health issues that would preclude them from
participating in a diet- or physical activity–based intervention
were excluded.

Interventions
Digital interventions targeting dietary behaviors or physical
activity in pregnancy, with the aim of improving diet or physical
activity during pregnancy or managing GWG, were included.
Interventions aimed at increasing GWG were excluded.
Interventions were exclusively digital and used text messages,
apps or websites. Initial in-person or telephone study briefing
sessions were deemed acceptable, as they seemed to reflect
real-world situations in which health care professionals would
introduce an intervention to pregnant women as a part of an
antenatal care program. Interventions using interpersonal
coaching or support beyond this were excluded, as were digital
interventions delivered in a health care setting.

Rhodes et al
extraction was completed independently by 2 authors (AR and
HC). In addition, 2 authors (AR and PC) independently coded
the BCTs within each intervention according to the BCT
Taxonomy (version 1) [25]. If available and required, study
development papers and protocols were retrieved for this
purpose. In most instances, the authors were contacted for
additional information. BCTs were coded only if there was
unequivocal evidence of their existence [25]. Disagreements
were discussed to reach consensus.

Quality Assessment
Two authors (AR and AS) independently evaluated the risk of
bias within studies using the Cochrane Collaboration Risk of
Bias (RoB) 2.0 tool for assessing the risk of bias (the Cochrane
Collaboration) [28]. The 5 domains evaluated were risk of bias
arising from the randomization process, risk of bias because of
deviations from the intended interventions, missing outcome
data, risk of bias in the measurement of the outcome, and risk
of bias in the selection of the reported result. Bias was classified
as low risk, high risk, or some concerns according to
predetermined criteria set by RoB 2.0. Rating discrepancies
among the authors were resolved through discussion. The risk
of bias across studies could not be evaluated because of the
small number of studies included in the meta-analyses [29].

Data Analysis

Study Design

Given the substantial heterogeneity of reported outcome
measures in the identified studies, data could only be
quantitatively pooled for meta-analysis from studies measuring
GWG. Only 4 studies used intention-to-treat (ITT) analysis;
therefore, separate analyses were conducted for ITT data and
per-protocol (PP) data. Meta-analysis was used to determine
the differences in mean total GWG (in kg) from baseline to
postintervention using the inverse variance method. The odds
ratio (OR) was meta-analyzed for studies reporting GWG as a
dichotomous outcome (proportion of women exceeding IOM
guidelines) using the Mantel-Haenszel method. The test for the
overall pooled effect estimate was assessed using Z‐statistics
at P=.04. Heterogeneity between studies was evaluated using
the Cochran Q (chi-square test) and the I2 statistics in the Review
Manager 5.3 (the Cochrane Collaboration) [30]. Preplanned
subgroup analyses were conducted comparing studies where
BCTs could be identified in initial briefing sessions with those
where none were apparent.

Only randomized controlled trials (RCTs) and randomized pilot
studies were included in this review.

Results

Data Extraction and Data Synthesis

Study Selection

Data extracted for the systematic review included author and
date of publication, geographical region, study design, behaviors
targeted and specific behavioral goals, sample size, participant
information, the technology used, intervention features, the
theory used, gestational week in which intervention started,
length of intervention, nature of control, attrition rate,
engagement levels, outcome measures, and outcomes. Data

The selection process is illustrated in Figure 1. A systematic
search of 6 literature databases identified 623 nonduplicate study
records. After the assessment of eligibility in accordance with
the inclusion and exclusion criteria, 11 eligible studies were
identified, of which 6 studies were included in subsequent
meta-analyses.

Comparators
Comparators were usual antenatal care, minimal interventions
(ie, information only rather than active behavior change), or
nondiet or physical activity interventions.

Outcomes
The primary outcomes were GWG (measured as total gain in
kilos or compliance with IOM GWG guidelines [5]), changes
in dietary behaviors, and changes in levels of physical activity.
The secondary outcome was engagement, which was measured
by intervention attrition rates and usage of the intervention
features. BCTs were coded according to the BCT Taxonomy
(version 1) [25].
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Figure 1. Study selection process.

Study Characteristics
Table 1 summarizes the characteristics of the 11 studies included
in this review. All studies were published between 2012 and
2019. Of the 11 studies, 7 were randomized pilot or feasibility
studies [31-37] and 4 were RCTs [38-41]. Of the 4 RCTs, 2
reported being adequately powered [39,41], whereas the other
2 reported being underpowered as a result of a small starting
sample [40] or low follow-up rate [38]. Overall, 9 studies took
place in the United States [31-33,35,37-41] and 2 in Australia
[34,36]. The sample sizes varied from 35 to 1689. In addition,
2 studies [31,38] targeted diet only, 4 studies [33,36,39,40]
targeted physical activity only, and the remaining 5 studies
[32,34,35,37,41] targeted both diet and physical activity. Seven
studies reported on only one outcome: GWG [35,41], dietary
[31,38], or physical activity [33,36,40] behaviors. The remaining
4 studies [32,34,37,39] reported on GWG, as well as changes
in diet and physical activity. Three studies focused specifically
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on women with overweight or obesity [32,34,35], and 3 studies
[33,39,40] focused on inactive or sedentary women.
The delivery method varied across studies with 4 using text
messaging [31,32,38,40], 3 using an app [33,35,37], 3 using a
website [36,39,41], and 1 combining text messaging with a
website [34]. In total, 7 studies included an interpersonal briefing
session at the start of the study [31-34,37,39,40]. In 4 studies
[31,32,37,40], these sessions were for screening or study
measures only, but 3 studies [33,34,39] included discussions
with intervention participants about the intervention features.
In one study [39], these discussions involved an in-person
tutorial on how to use the website and its features and practice
tracking physical activity. In another study [34], the researcher
discussed individual GWG targets and weight monitoring and
asked participants to set a physical activity or dietary goal. In
a third study [33], a 30-min in-person session covered physical
activity recommendations, goal setting, problem solving, social
support, and planning for lapses.
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Table 1. Study characteristics.

a

Authors, year

Country

Study design

Sample
size, n

Technology used

Behaviors targeted

Outcomes measured

Participants

Evans et al,
2012 [31]

United
States

Pilot

90

Text

Diet

Diet

Low-income, underserved pregnant women

Pollak et al,
2014 [32]

United
States

Pilot

35

Text

Diet and physical
activity

GWGa, diet and
physical activity

BMI 25-40 kg/m2; gestation 12-21 weeks

Evans et al,
2015 [38]

United
States

RCTb

996

Text

Diet

Diet

Military women; gestation <14 weeks

Smith et al,
2016 [39]

United
States

RCT

51

Website

Physical activity

GWG, diet, and
physical activity

Sedentary women; gestation 10-14 weeks

Choi et al,
2016 [33]

United
States

Pilot

30

App

Physical activity

Physical activity

Physically inactive women; gestation 10-20
weeks

Willcox et al,
2017 [34]

Australia

Pilot

91

Text and website

Diet and physical
activity

GWG, diet, and
physical activity

BMI>25 kg/m2; gestation
10-17.6 weeks

Redman et al,
2017 [35]

United
States

Pilot

54

App

Diet and physical
activity

GWG

BMI>25 kg/m2; gestation
10.4-13.6 weeks

Hayman et al,
2017 [36]

Australia

Pilot

77

Website

Physical activity

Physical activity

Gestation 10-20 weeks

Huberty et al,
2017 [40]

United
States

RCT

80

Text

Physical activity

Physical activity

Not meeting physical activity recommendations;
gestation 8-16 weeks

Olson et al,
2018 [41]

United
States

RCT

1689

Website

Diet and physical
activity

GWG

BMI 18.5-35 kg/m2; gestation <20 weeks

Dahl et al,
2018 [37]

United
States

Pilot

87

App

Diet and physical
activity

GWG

BMI≥18.5 kg/m2; gestation <20 weeks

GWG: gestational weight gain.

b

RCT: randomized controlled trial.

Risk of Bias

an overall high risk of bias, 3 had a low risk of bias, and 3 were
classified as having some concerns.

Table 2 summarizes the study quality assessment. The overall
study quality was variable. Five studies were deemed to have
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Table 2. Risk of bias summary.
Study, year

Domain 1: risk of bias
Domain 2: risk of bias
arising from the random- because of deviations
ization process
from the intended interventions

Domain 3:
missing outcome data

Domain 4: risk of bias
in the measurement of
the outcome

Domain 5: risk of Overall risk of
bias in selection bias
of the reported
result

Evans et al,
2012 [31]

High

High

High

Some concerns

Low

High

Pollak et al,
2014 [32]

High

Low

Low

Some concerns

Low

High

Evans et al,
2015 [38]

Low

Low

Low

Some concerns

Low

Some concerns

Smith et al,
2016 [39]

Low

High

High

High

Low

High

Choi et al,
2016 [33]

Low

Low

Low

Low

Low

Low

Willcox et al,
2017 [34]

Low

Some concerns

Low

Some concerns

Low

Some concerns

Redman et al,
2017 [35]

Low

Low

Low

Low

Low

Low

Hayman et al,
2017 [36]

Low

High

High

Low

Low

High

Huberty et al,
2017 [40]

Some concerns

Low

Low

Low

Low

Some concerns

Olson et al,
2018 [41]

Low

Low

Low

Low

Low

Low

Dahl et al,
2018 [37]

Some concerns

High

High

Some concerns

Low

High

Description of the Interventions
Multimedia Appendix 3 summarizes the intervention features,
outcome measures, effectiveness, attrition, and engagement
data. All interventions were theory-based, with social cognitive
theory [42] being the most widely used (n=8). All trials started
in the first or second trimester of pregnancy. The study duration
varied considerably with one trial lasting 4 weeks [36], 2 trials
lasting 12 weeks [33,37], one trial lasting 16 weeks [32], and
the remaining trials lasting 20 weeks or more, completing at or
close to term. Most studies compared interventions with usual
care [31,32,34,35,38,39] or access to information-only aspects
of the intervention [33,36,40,41]. In one study, the control was
an equivalently structured intervention targeting stress reduction
[37].

Effectiveness of Interventions
Of the 11 studies, 3 reported significant positive effects of their
interventions on GWG [34,35] and physical activity [34,36] in
comparison with control groups.
The 6 studies with GWG as the primary outcome varied in their
measurement of total GWG. Three studies used the difference
between last measured weight before delivery (34-37 weeks)
and baseline weight (10-17 weeks) [34,35,41]. Two studies
[37,39] used self-reported prepregnancy weight as the starting
weight, and one study [32] used a model of estimated mean
weights at 16 and 40 weeks. One study showed significantly
lower total GWG among intervention participants [34], whereas
another showed significantly fewer intervention participants
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exceeding the IOM guidelines [35]. The remaining studies
[32,37,39,41] showed no significant difference between the
intervention and control groups on any GWG measures. A
meta-analysis of ITT data (n=3) showed a nonsignificant effect
of the interventions, with a mean difference in total GWG of
−0.28 kg (95% CI −1.43 to 0.87) using the inverse variance
method and a fixed effects model (I2=0%; P=.38; Figure 2).
The mean difference in total GWG for PP data (n=4) was −0.65
kg (95% CI −1.98 to 0.67; I2=53%; P=.10; Figure 3). The
subgroup analyses revealed no significant change in this result
(Multimedia Appendix 4). A meta-analysis of studies reporting
PP percentages exceeding IOM guidelines showed no effect of
interventions relative to comparators (OR 1.02, 95% CI
0.82-1.27; I2=45%; P=.16; Figure 4).
Of the 7 studies reporting physical activity, 3 showed significant
positive effects of the intervention on levels of physical activity
[34,36,39]. Of these, one study relied on self-reported physical
activity and showed significantly smaller reductions in total,
light-intensity, and moderate-intensity physical activities in the
intervention group compared with the control group [34]. Two
other studies used smart technology to provide an objective
measure of physical activity (Fitbit [36] and SenseWear Mini
Arm Band [39]). One study reported a significant increase in
moderate-to-vigorous physical activity in the intervention group
compared with the control group, although over a 4-week period
only [36]. Another study reported significantly greater levels
of sustained physical activity for intervention participants
compared with control participants in midpregnancy, but the
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18255 | p.59
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effect had disappeared by the end of the intervention [39]. Only
one of the 6 studies reporting on dietary behaviors was effective
in improving diet [37]. Using a self-report measure (the Rapid
Eating and Activity Assessment for Participants Short Scale),

Rhodes et al
intervention participants in this study scored significantly higher
on healthy eating practices (measuring meal behaviors and
serving frequencies) compared with the control participants.

Figure 2. Pooled analysis of digital interventions on total gestational weight gain (kg)—intention-to-treat studies.

Figure 3. Pooled analysis of digital interventions on total gestational weight gain (kg)—per-protocol studies.

Figure 4. Pooled analysis of digital interventions on the percentage of women exceeding Institute of Medicine guidelines—per-protocol studies.

BCTs
Multimedia Appendix 5 summarizes the 23 different BCTs
identified within the interventions. Only one study specified all
the included BCTs [34], and this study reported the highest
number of BCTs (n=17). In 2 interventions, only 1 BCT was
evident [31,38]. In the remaining interventions, the number of
BCTs ranged from 5 to 15. The 3 effective interventions used,
on average, twice the number of BCTs compared with other
interventions (mean 14, SD 2.9 vs mean 6.8, SD 4.1).
Information about health consequences was the only BCT to
be used in all interventions. Beyond this, goal setting (behavior)
appeared in 8 interventions and problem solving and
self-monitoring (behavior and outcome) in 7 interventions.
Seven BCTs were common to the 3 interventions, showing a
significant effect [34-36]. These were goal setting (behavior),
problem solving, review of behavior goals, feedback on
behavior, social support, information about health consequences,
and information about emotional consequences. Review of the
behavior goal was the only BCT used exclusively in the 3
effective interventions. The 3 information-only interventions
https://mhealth.jmir.org/2020/7/e18255
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that included no active or interactive BCTs, such as goal setting,
self-monitoring, problem solving, or feedback, were ineffective
[31,38,40].

Engagement With Interventions
Attrition rates were reported by all the studies, although 2 studies
[31,40] only provided figures for all participants rather than
separating intervention and control participants (Multimedia
Appendix 3). Six studies reported intervention attrition rates of
10% or less [33-35,39-41]. These studies identified the reasons
for dropping out of the study by distinguishing between medical
and study-related reasons. Three of these studies [34,35,40]
incentivized participants and 2 [33,39] introduced an element
of self-selection by recruiting women who were motivated or
willing to increase their physical activity. In the remaining 5
studies, intervention attrition was more than 30% and lost to
follow-up reasons were not explained beyond being unable to
recontact participants.
Six studies [32-36,41] reported intervention engagement levels
using a variety of measures, including usage of self-monitoring,
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goal setting, action planning, and social media features, response
to texts, completion of tasks, and website logins (Multimedia
Appendix 3). Four studies [32,34,36,41] evaluated participants’
views of the intervention, although only one study [36] explored
the user experience of the technology. Four studies [32,34-36]
reported engagement levels over 70%, including the 3
interventions with significant effects [34-36]. A further study
[33] started with a similarly high level of engagement, although
it fell to below 50% over the course of the 12-week intervention.
The final study [41] reported an engagement level of 46%. Five
studies [32-36] integrated interactive elements to encourage
engagement with the intervention. Two interventions [32,34]
sent 4 or more text messages per week, encouraging
self-monitoring and giving tailored feedback, and 3 studies
[33,35,36] used in-app messaging to provide tailored feedback.

Discussion
Principal Findings
The aim of this systematic review was to determine the
effectiveness of diet and physical activity interventions during
pregnancy delivered using exclusively digital technology, and
to provide insight into how BCTs and engagement with
intervention features might be driving effectiveness. A total of
11 studies were identified, all of which were published from
2012 onward, with 6 studies published in 2017 and 2018. App
and mobile-accessible website interventions appeared only in
the last 2 years, reflecting the emergent nature of mobile health
interventions to encourage healthy behaviors during pregnancy.
Meta-analyses showed no significant benefit of exclusively
digital interventions on total GWG. Substantial heterogeneity
in outcome measures of change in dietary behaviors and physical
activity precluded further meta-analyses. BCT coding identified
7 BCTs that were common to all effective interventions.
Effective interventions averaged over twice as many BCTs from
the goals and planning and feedback and monitoring domains
as ineffective interventions. Six studies reported on user
engagement, and their data indicated a positive association
between high engagement with key BCTs and greater
intervention effectiveness. Interventions using proactive
messaging, such as reminding participants to engage in BCTs
or providing feedback or tips, appeared to have higher levels
of engagement.

Effectiveness
Meta-analyses of the digital interventions measuring GWG
showed no effect on the total GWG or weight gain within the
IOM guidelines. Although the majority of these studies were
pilot RCTs and insufficiently powered to detect an effect, these
findings indicate that exclusively digital interventions to manage
GWG may be less effective than those using interpersonal
delivery. Lack of consistency in outcome measures precluded
meta-analyses of the effects of digital interventions on dietary
behaviors and physical activity. Only 3 of the 7 studies
measuring changes in physical activity reported significant
effects of the intervention, suggesting that for physical activity
interventions during pregnancy, digital delivery may similarly
be less effective than interpersonal delivery [43].
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The 11 interventions varied considerably in terms of not only
the targeted behaviors but also the technologies, functionalities,
and BCTs used. As such, it would be premature to conclude
that exclusively digital delivery methods per se are less effective
than interpersonal delivery methods for lifestyle interventions
during pregnancy. Indeed, one of the included studies made a
direct comparison of digital delivery and in-person delivery of
the same intervention [35]. It found the intervention to be
effective via both delivery methods, with digital delivery
showing greater adherence and lower costs (for both participants
and clinics) compared with in-person delivery.

BCTs
This systematic review aimed to identify the BCTs associated
with effective interventions. The number of identifiable BCTs
ranged from 1 to 17, with the 2 most effective interventions
[34,35] using the highest number (n=17 and n=15). The average
number of BCTs was 9 compared with approximately 5 reported
in 2 earlier systematic reviews of lifestyle interventions targeting
pregnant women [44,45]. It is unclear whether this increase
reflects a trend toward greater intervention complexity, reflects
the opportunity digital interventions afford to include more
components, or is simply a matter of improved reporting of
BCTs. Consistent with previous systematic reviews, this review
found that effective interventions tended to report a greater
number of BCTs [44,46]. A meta-analysis of 122 physical
activity and healthy eating interventions (for all adults) showed
effectiveness to be a function of not simply the number of BCTs
but particular BCTs—self-monitoring and at least one other
technique derived from control theory [47]. In this review,
self-monitoring appeared in 7 interventions but was notably
absent from one of the 3 interventions showing a significant
effect [36]. The 3 effective interventions did however average
over twice as many goals and planning and feedback and
monitoring BCTs as ineffective interventions (mean 7.6, SD
2.1 and mean 3.4, SD 2.9, respectively).
There was considerable variation in the execution and delivery
of BCTs. For example, in some studies, participants were invited
to set a single goal, whereas in others, they were able to set
multiple goals. In some instances, participants were encouraged
to choose their own goal, whereas in others, the goal was
prescribed. Similarly, some interventions required participants
to submit self-monitoring data regularly, whereas others
recommended and provided functionality for self-monitoring
but did not make it obligatory. Four studies proactively
messaged participants to remind them to self-monitor [32-34,37],
whereas one messaged participants only if they failed to
self-monitor [35]. In 3 of the studies that incorporated an initial
in-person session for intervention participants [33,34,39], one
or more BCTs were identifiable at this stage, raising the question
as to whether the content of these sessions contained sufficient
BCTs in their own right to bring about a change. The influence
of these variations in the context, execution, and delivery of
BCTs on intervention effectiveness could not be quantified by
the methods used in this study. Given the interactive and
dynamic nature of digital interventions, additional measures
may be needed to capture the impact of features, such as the
timing of delivery and degree of individual tailoring of BCTs.
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Consistent with other systematic reviews of this type of
intervention [44,48,49], information about health consequences
was the most widely used BCT, which featured in all
interventions. Goal setting (behavior) was the next most widely
used BCT, appearing in all but 3 text message–only
interventions [31,38,40]. Problem solving,self-monitoring of
behavior, self-monitoring of outcomes, and instructions on how
to perform a behavior all appeared in 7 interventions. Feedback
on behavior was provided in 6 interventions, including the 3
[34-36] reporting significant effects of the interventions. The
BCT review behavior goal was only present in the 3 effective
interventions [34-36], suggesting that this may be a critical
active ingredient in these digital interventions. It is possible that
review behavior goal in combination with self-monitoring of
behavior and feedback on behavior work together to support
the self-regulation of energy balance behaviors during
pregnancy.
Social support was present in 6 interventions [33-37,40],
including the 3 effective interventions. Once again, the execution
of social support varied, ranging from advice on how to seek
support to online group forums for participants. There is no
consensus on whether social support or interaction with other
participants improves intervention effectiveness, and no clear
pattern emerged from this review [14,23,50]. More research is
needed to understand the type of social support that is most
beneficial to digital interventions encouraging healthy behaviors
during pregnancy.
Insufficient description of intervention components, coupled
with a lack of systematic recording of BCTs, compromised the
quality of the BCT analysis. Only 1 study provided details of
all the BCTs [34] used in the intervention, whereas the presence
of BCTs had to be inferred from descriptions of the interventions
in all other studies. This raises the possibility that there may be
additional but unreported BCTs in other studies. Previous studies
that have coded BCTs used in gestational weight management
trials have called for greater clarity and accuracy in the reporting
of BCTs [26]. Without systematic reporting of active
intervention ingredients, it is difficult to precisely determine
which BCTs may be driving effectiveness.

Engagement
Six studies provided measures of user engagement [32-36,41].
These varied considerably, including the number of replies to
texts, frequency of inputting weight monitoring data and logging
onto and viewing web pages. Only one study [36] provided
feedback on user experience. Given the importance of user
engagement to the success or otherwise of self-managed digital
interventions, more detailed and standardized measures could
facilitate better evaluation and cross-study comparison [51].
Perski et al [52] proposed more comprehensive measures,
including both the extent (ie, amount, frequency, duration,
depth) of usage and the user experience. Reinforcing the need
for a more holistic evaluation of engagement, Yardley et al [24]
proposed identifying and reporting on effective engagement
rather than simply higher levels of engagement. The combination
of web analytics and survey feedback clearly offers the
opportunity to develop specific and relevant indices of
engagement [53].
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The 3 effective interventions [34-36] all reported engagement
levels of over 70% with key BCTs (goal setting [34,36],
self-monitoring [34,35], and action planning [36]). Conversely,
the study with the lowest engagement level, where only 46%
of participants logged onto the website at least once every 45
days, and the use of goal setting and self-monitoring features
was 35% and 23% of the participants respectively, reported no
effect of the intervention [41]. These findings suggest that
ineffectiveness may be partially a function of poor engagement
with key BCTs rather than poorly designed interventions per
se. Supporting this hypothesis, this study with low levels of
engagement [41] conducted secondary analyses investigating
whether usage patterns of the intervention features reduced the
risk of excessive GWG and found frequent usage patterns were
associated with lower total GWG [54,55]. In addition, the use
of the dietary tool (goal setting and self-monitoring) was
associated with improved GWG management for women with
normal BMI, although not for those with high BMI.
One consistent feature of the interventions reporting the levels
of engagement over 70% was regular in-app messaging or text
messaging giving encouragement, reminders to self-monitor,
or tailored feedback on progress. Prompts and reminders have
been shown to promote engagement in digital interventions
[56]. Similarly, tailoring messages to the characteristics and
usage patterns of the individual has been shown to improve
adherence [57]. Notably, the study [41] in which participants
were sent a generic weekly email reported particularly low levels
of engagement. The frequency and timing of these messages
are also important [58]. One study [34] delivering 4 to 5 texts
per week found that 79% of participants thought the frequency
of messages was about right, although 21% thought it was too
high. Another study [40] investigated the dose and timing of
messages to promote physical activity by comparing 3 texts per
week with daily texts and found daily texts to be less effective,
indicating that too much messaging can be counterproductive.
None of the studies referred to the use of gamification
techniques to promote engagement, although elements of some
of the interventions could potentially be classified as
gamification, such as team challenges [37,59]. Incorporating
gamification features, such as badges and challenges, has been
shown to increase regular engagement and immersion in digital
health interventions [60,61].
The final issue regarding engagement concerns who the
interventions are reaching. Only one study reported (in follow-up
analyses) on high versus low engagers, revealing significant
differences according to ethnicity, income group, BMI, and
partner status [54]. Often, it is those who would benefit most
from behavior change who are least likely to engage in behavior
change interventions [62]. Greater insight into who engages
with the interventions could enhance learnings from these
studies.

Strengths and Limitations
A strength of this systematic review is that it is the first to focus
on exclusively digital interventions to promote healthy dietary
behaviors, physical activity, or weight management during
pregnancy. In addition to evaluating their effectiveness, this
review conducted a rigorous assessment of BCTs and participant
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engagement to provide detailed insight into what may be driving
effectiveness—a crucial step if the cost and reach advantages
of digital interventions are to be leveraged. However, there are
several limitations to this systematic review. First, most of the
studies included were pilot studies rather than RCTs and, as
such, were not adequately powered to show effect sizes.
Moreover, there was considerable heterogeneity of intervention
features and outcome measures, and several studies reported
the results from PP analyses rather than ITT. As such, the results
of the meta-analyses should be interpreted with caution. Second,
the risk of bias across the studies was moderate to high, with 5
studies scoring overall high and a further 3 scoring as some
concerns, as assessed by RoB 2.0. Third, the timing of the
interventions within pregnancy varied both in terms of the start
point within the gestational window and duration. This, coupled
with inconsistent measures of GWG and, in some cases, reliance
on self-reported weight measures should be considered when
appraising the findings. Finally, limited reporting of intervention
features meant that not all BCTs were recorded. Providing more
detailed descriptions of the interventions’ design and content
(in supplementary files) would augment shared learnings from
these studies. Similarly, more detailed and consistent
engagement measures would have enhanced the interpretation
of user engagement data.

Conclusions
Meta-analyses show that the mean impact on GWG of
exclusively digital interventions targeting dietary behaviors,
physical activity, and weight management during pregnancy to
be nonsignificant, meaning that the current exclusively digital
interventions are less effective than interpersonal interventions
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in this field. There was considerable variation in intervention
effectiveness across the 11 studies, with 3 studies from 2017
reporting significantly positive effects of their interventions.
Limited data precluded confident identification of the ingredients
of successful interventions, although this review suggests that
variation in effectiveness could be partially explained by the
BCTs used and levels of interactivity to encourage engagement
with the intervention features. Effective interventions used more
BCTs (particularly BCTs from goals and planning and feedback
and monitoring domains) and reported higher levels of
engagement with key BCTs. Effective interventions also used
interactivity, in the form of messages of encouragement,
personalized feedback, and prompts to remind participants to
use key BCTs, such as goal setting and self-monitoring, to
promote engagement.
There are several compelling reasons for considering using
digital interventions to promote healthy energy balance
behaviors during pregnancy: smartphone ownership is over 90%
among women of childbearing age [63] and usage of pregnancy
apps is pervasive [64]; digital interventions have broader reach
and lower costs than interpersonal interventions [35,65]; and
apps have been shown to be particularly successful in reaching
those who may be less likely to engage with traditional antenatal
health care [66]. Meanwhile, midwives frequently report that
they have neither the time nor expertise to advise pregnant
women on physical activity or healthy eating [67]. Future
research needs to consider how to seize the opportunities
presented by new technologies to enhance interactivity, improve
user engagement, and bring greater effectiveness to these digital
interventions.
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Abstract
Background: Obesity and lack of physical activity are major health risk factors for many life-threatening diseases, such as
cardiovascular diseases, type 2 diabetes, and cancer. The use of mobile app interventions to promote weight loss and boost physical
activity among children and adults is fascinating owing to the demand for cutting-edge and more efficient interventions. Previously
published studies have examined different types of technology-based interventions and their impact on weight loss and increase
in physical activity, but evidence regarding the impact of only a mobile phone app on weight loss and increase in physical activity
is still lacking.
Objective: The main objective of this study was to assess the efficacy of a mobile phone app intervention for reducing body
weight and increasing physical activity among children and adults.
Methods: PubMed, Google Scholar, Scopus, EMBASE, and the Web of Science electronic databases were searched for studies
published between January 1, 2000, and April 30, 2019, without language restrictions. Two experts independently screened all
the titles and abstracts to find the most appropriate studies. To be included, studies had to be either a randomized controlled trial
or a case-control study that assessed a mobile phone app intervention with body weight loss and physical activity outcomes. The
Cochrane Collaboration Risk of Bias tool was used to examine the risk of publication bias.
Results: A total of 12 studies involving a mobile phone app intervention were included in this meta-analysis. Compared with
the control group, the use of a mobile phone app was associated with significant changes in body weight (−1.07 kg, 95% CI −1.92
to −0.21, P=.01) and body mass index (−0.45 kg/m2, 95% CI −0.78 to −0.12, P=.008). Moreover, a nonsignificant increase in
physical activity was observed (0.17, 95% CI −2.21 to 2.55, P=.88).
Conclusions: The findings of this study demonstrate the promising and emerging efficacy of using mobile phone app interventions
for weight loss. Future studies are needed to explore the long-term efficacy of mobile app interventions in larger samples.
(JMIR Mhealth Uhealth 2020;8(7):e17039) doi:10.2196/17039
KEYWORDS
mobile app; mHealth; obesity; physical activity; weight gain prevention
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Introduction

Methods

Overweight (BMI ≥25 kg/m2), obesity (BMI ≥30 kg/m2), and
physical inactivity are major preventable public health problems
that are linked to increased risks of chronic diseases such as
diabetes, high blood pressure, heart disease, and cancer [1]. In
2016, over 1.9 billion (39%) and over 650 million (13%) adults
older than 18 years were overweight and obese, respectively,
and the prevalence of overweight and obesity has nearly tripled
since 1980 [2]. Reducing weight and improving physical activity
are thus important priorities to minimize the burden associated
with overweight and obesity-related comorbidities. A high
number of studies have already demonstrated that a change in
lifestyle can help reduce and maintain weight [3,4]. However,
for many people, it is very difficult to change their lifestyle and
maintain weight loss [5]. Therefore, an intervention that helps
to motivate people to undertake a change in lifestyle, offers
pragmatic goal settings, and offers feedback on activity rates
can help maintain weight loss and greatly increase physical
activity [6,7].

Guidelines

The mobile phone has become a very important medium of
communication throughout the world [8], and approximately
75% of adults have used different kinds of mobile interventions
[9,10]. Therefore, the use of a mobile phone intervention could
be a promising approach for disease management and prevention
that has a huge potential to reach out to the vast majority of the
population [11]. Researchers have been using mobile phone
interventions to support behavioral change by providing more
interactive and timely access to relevant information and
delivering context-specific prompt assistance [12]. Recently,
the use of mobile apps has led to notable success in obesity
control, weight reduction, physical activity increase, and quality
of life improvement [13]. App-based interventions have already
been shown to be cost-effective and to reduce the immense
barriers associated with more traditional approaches. However,
the effectiveness and success of a mobile app intervention also
relies on how the intervention has been developed. A mobile
app intervention delivery system has the capacity to reach each
participant effectively and efficiently, and it is thus an innovative
way to manage weight and increase physical activity.
The use of a mobile app is a rapidly expanding area of research
for disease management and behavioral change. Therefore, the
purpose of this systematic review and meta-analysis was to
evaluate the current evidence for the feasibility of a mobile
phone intervention. Our study updates and extends the scope
of a prior systematic review and meta-analysis in three ways
[14]. First, we included two more randomized controlled trials
than the previous review. Second, we provided more subgroup
analyses than the previous review. Third, we extended the
sample size and characteristics, such as age, gender, geographic
region, and features of the intervention, to evaluate mobile app
efficacy for weight loss and increased physical activity.
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This systematic review was conducted in accordance with the
Meta-Analysis of Observational Studies in Epidemiology
guidelines [15] and the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses standard (Multimedia Appendix
1) [16].

Literature Search
PubMed, Google Scholar, Scopus, EMBASE, and the Web of
Science electronic databases were searched for studies published
between January 1, 2000, and April 30, 2019, without language
restrictions. The search was conducted by two experts (MMI
and TNP) using combinations of relevant search terms and
Boolean operators as follows: “mobile apps” AND “weight
loss” OR “weight control” OR “obesity” OR “BMI” OR “body
mass index” (Multimedia Appendix 2). There was no language
or data restriction for the initial search. However, we did not
consider any gray literature for unpublished studies (abstracts
and conference proceedings) in the initial search. Such
unpublished studies were not considered because they did not
pass a proper peer-review process. We then used EndNote X7
(Thomson Reuters) to remove any duplicate publication.

Other Resources Search
We carefully checked all the retrieved systematic reviews and
meta-analyses in order to find further relevant studies.

Eligibility Criteria
Two experts (MMI and TNP) independently screened all the
titles and abstracts to find the most appropriate full-text studies
for inclusion. They then further screened all full-text studies
for quantitative synthesis of evidence and recorded the inclusion
and exclusion criteria. Any disagreements over the inclusion
and exclusion criteria that arose during this stage were
subsequently resolved by the main investigator (YCL) of this
study. We considered all studies if they met the following
criteria: (1) published in English; (2) reported a mobile app
intervention for change in body weight, BMI, or waist
circumference; and (3) reported a mobile app for weight loss
among children and adults compared with a control group.
Studies were excluded if they met the following criteria: (1)
review or methodology study, short communication, or letter
to the editor; (2) case report or case series; (3) no control group;
(4) outcomes of interest were other diseases except for a
diagnosis of obesity; and (5) other types of mobile phone
interventions like text messaging.

Data Extraction
A predefined standard procedure was used to retrieve all the
information from the included studies by the same two authors
(MMI and TNP). They also used the Review Manager software
(RevMan-5) to check the accuracy of the included studies. They
collected the following information from all the included studies:
(1) methods: number of studies, number of patients, age of
participants, gender of participants or patients, study period,
inclusion and exclusion criteria, and intervention and follow-up
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duration; (2) results: study characteristics, target group outcome,
intervention characteristics, type of intervention, change of
participant’s behavior, mean changes from baseline, variation
that was reported as SD or 95% CI, and bias assessment; and
(3) discussion: main findings, suggestions, intended
recommendations, and limitations.

Study Quality Assessment
The methodological quality of the included observational design
studies was evaluated in accordance with the Cochrane
Handbook for Systematic Reviews of Intervention [17]. This
guideline is used to evaluate how well-randomized controlled
trials were conducted to avoid bias based on a total of seven
criteria. The following elements are reported in these guidelines:
random sequence generation, allocation concealment, blinding
of participants and personnel, blinding of outcome assessment,
incomplete outcome data, selective reporting, and other bias.
Therefore, the total score was used to assess the quality of the
included studies as low, uncertain, or high risk.

Statistical Analysis
The meta-analysis was performed to evaluate mobile app
interventions for weight loss. A random-effect model was used
to obtain an overall effect size. We calculated the standardized
mean difference between the experimental group (mobile app)
and control group using the mean, standard deviation, and total
number of individuals. Moreover, an effect size and standard
error for outcome (weight loss, BMI, and physical activity) were
also calculated. We calculated the effect size with a 95% CI,
and statistical significance was considered at a P value <.05.
The chi-square (Q) statistic and I2 were also calculated to
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determine the sources of heterogeneity between the studies. If
the P value of the chi-square test was >.05, the findings of the
study were considered to be due to chance. Homogeneity
between the studies was determined if the P value was >.05.
The I2 value quantitatively determines heterogeneity. The
heterogeneity between studies was categorized as very low,
low, medium, and high if the I2 values were 0%-25%, 25%-50%,
50%-75%, and more than 75%, respectively [18]. A
random-effect model was utilized because it is the appropriate
model to calculate the effect size if the included studies are
heterogeneous, and for homogenous studies, fixed-effect models
are appropriate [19]. In addition, a funnel plot was generated
to assess publication bias, and it was evaluated by the Egger
method. All analyses were conducted using Comprehensive
Meta-Analysis software (CMA) Version 2.

Results
Study Selection
The literature search of the electronic databases yielded 1523
studies. After our review of the titles and abstracts, a total of
1495 studies were excluded either because of duplication or
because of the lack of adherence to our topic. Consequently,
only 28 studies underwent full-text review. We also checked
their reference lists for further relevant studies and retrieved
one additional study. However, 16 more studies were then
excluded because they did not meet the inclusion criteria
mentioned previously. Finally, a total of 12 studies were
included in our meta-analysis [13,20-30]. The flow chart of our
systematic literature search is presented in Figure 1.
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Figure 1. Flow chart of the study search and selection.

Study Characteristics
The studies included in our meta-analysis were 11 randomized
controlled trials and 1 case-control study (Table 1). The
publication year ranged from 2010 to 2019. The studies included
child and adult participants, with a total of 792 experimental
participants and 799 controls. Five studies were published in
Australia, four in North America, two in Europe, and one in
Asia. A total of 1714 participants were included, and the sample

https://mhealth.jmir.org/2020/7/e17039

XSL• FO
RenderX

size ranged from 35 to 361. Most of the participants were
female. The proportion of female participants ranged from 85%
to 100%, and the mean age of the participants ranged from 12.7
to 44.9 years. The follow-up period of the included studies
ranged from 6 weeks to 9 months. Moreover, age, gender,
marital status, and education level were used as baseline
variables, and mobile apps, email, etc were considered as study
interventions (Table 2).
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Table 1. Characteristics of the studies included in the meta-analysis.
First author Country
(year)

Study Study
design sample

Male,
%

Age
(years),
mean

Study du- Inclusion criteria
ration

Exclusion criteria

Patel
(2019)

USA

RCTa

100

16

42.7

3 months

Enrollment in other weight Weight and
loss programs, use of MyFit- BMI
nessPal to track diet in the
past 6 months, loss of ≥10
lb, or use of weight loss
medication in the past 6
months. Moreover, pregnancy and disorders, such as
cancer, eating disorders, uncontrolled hypertension, diabetes mellitus, cardiovascular events, and congestive
heart failure.

Farinelli
(2016)

Australia

RCT

258

40.7

28.1

9 months

Age 18-35 years, BMI

Partridge
(2015)

Australia

RCT

250

38

27.2

9 months

BMI 25.0-31.9 kg/m2 or

Laing
(2014)

USA

RenderX

BMI 25-45 kg/m2, and
willingness to reduce
weight through dietary
change. Availability of
an iPhone or Android
smartphone and personal
email address, and ability
to read and write in English.

Pregnancy or plan for preg- Weight,
25.0-31.9 kg/m2 or 23.0- nancy within the next 9
BMI, and PAc
months, enrollment in anoth24.9 kg/m2 with reported
er mobile app–based weight
weight gain greater than
loss program, weight reduc2 kg over the previous 12
tion more than 10 kg volunmonths. Fruit intake of
tarily in the past 3 months,
less than two servings
taking medications that
daily, vegetable intake of
cause more than 2 kg of
less than five servings
weight gain, medical condidaily, and SSBb intake of tions that preclude following
at least 1 L weekly. Ener- dietary or physical recomgy-dense meals prepared mendations, history of disoraway from home more
ders like eating disorders,
than once per week.
and inability to read or write
Owning a mobile phone in English.
capable of receiving text
messages and having access to the internet at
least once a week.

2

23.0-24.9 kg/m with reported weight gain
greater than 2 kg over the
previous 12 months, fruit
intake of less than two
servings daily, vegetable
intake of less than five
servings daily, SSB intake of at least 1 L weekly, energy-dense meals
prepared away from
home more than once per
week, etc.
RCT
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Age 21-65 years with

212

27

43.3

6 months

Outcomes

Pregnancy or plan for preg- Weight, BMI,
nancy within the study peri- MPAd, and
od, enrollment in other moVPAe
bile app–based weight loss
programs, reduction in
weight greater than 10 kg in
the past 3 months, use of
medications that help to gain
weight greater than 2 kg,
other medical conditions
that preclude following dietary or physical activity
recommendations, and inability to speak English.

Age ≥18 years, BMI ≥25 Current, planned, or previ- Weight
kg/m2, and smartphone ous pregnancy within the
last 6 months, hemodialysis,
ownership.
life expectancy less than 6
months, lack of interest in
weight loss, or current use
of other kinds of apps for
weight loss.
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First author Country
(year)

Study Study
design sample

Male,
%

Age
(years),
mean

Study du- Inclusion criteria
ration

Hebden
(2014)

Australia

RCT

41

15

22.6

3 months

BMI 24.00-31.99 kg/m2
with weight gain greater
than 2 kg in the past 12
months, age 18-35 years,
moderate intensity physical activity <60 min/day,
SSB intake of at least 1
L weekly, fruit intake of
less than two servings
daily, vegetable intake of
less than five servings
daily, or at least two energy-dense takeaway meals
weekly.

Smith
(2014)

Australia

RCT

361

100

12.7

7 months

Male students in their
NRf
first year at the study
schools completed a
short screening questionnaire.

BMI and waist
circumference

Glynn
(2014)

Ireland

RCT

139

32

44

2 months

Age >16 years and active No android smartphone,
use of an Android smart- acute psychiatric illness,
phone.
pregnancy, or inability to
undertake moderate exercise.

Weight, BMI,
and PA

Brindal
(2013)

Australia

RCT

58

0

42

2 months

BMI >25 kg/m2 and abil- Medical conditions that are Weight
ity to measure weight at likely to interfere with the
ability to undertake the meal
home.
replacement program (eg,
pregnancy, breastfeeding,
active cancer, gastrointestinal disorders, and type 1 diabetes).

Carter
(2013)

UK

RCT

128

23.3

41.2

6 months

BMI ≥27 kg/m2, age 1865 years, and willingness
to commit the necessary
time and effort to the
study. Ability to read and
write in English, ability
to access the internet, and
willingness to be randomized to one of three
groups.

Pregnancy, breast feeding,
plan for pregnancy, use of
antiobesity medication or
medication/insulin for diabetes, surgery for weight
loss, and use of the antidepressant sertraline.

Allen
(2013)

USA

RCT

35

22.1

44.9

6 months

Age 21-65 years, BMI

History of myocardial infarc- Weight, BMI,
tion, angina, coronary artery and waist cirbypass graft surgery, percu- cumference
taneous transluminal coronary angioplasty, congestive
heart failure, and diabetes.
Current participation in other weight loss programs,
pregnancy, plan for pregnancy in the next 6 months, use
of weight loss medications,
and history of psychiatric
illness, alcohol, or substance
abuse within the past 12
months.
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28-42 kg/m2, ownership
of an iPhone or Android
phone, willingness to
download the app to be
used on their device.

Exclusion criteria

Outcomes

Inability to receive SMS
Weight,
messages or no regular inter- BMI, and
net access, a diet required
for medical reasons, medical PA
conditions that influence
body weight or ability to
comply with the intervention, intake of medications
or herbal preparations that
might influence body
weight, enrollment in weight
loss programs, pregnancy,
or plan for pregnancy in the
next 3 months.

Weight and
BMI
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First author Country
(year)

Study Study
design sample

Male,
%

Age
(years),
mean

Study du- Inclusion criteria
ration

Exclusion criteria

McGrievy
(2011)

USA

RCT

24.7

44

6 months

Smoking, unstable medical BMI and PA
status, uncontrolled thyroid
condition, inability to attend
the three monitoring visits
or improve the walking status, psychiatric illness, alcohol consumption, drug dependency, eating disorders,
enrollment in another weight
loss program, pregnancy,
breast feeding, and plan for
pregnancy within the next 6
months.

Li (2010)

South Ko- CCSg
rea

96

Age 18-60 years and
BMI 25-45 kg/m2.

36

NR

28.5

6 weeks

Different ages and blood NR
groups because of individual lifestyle and health
effects according to
blood group and the requirement of various
amounts of calories
based on gender.

Outcomes

Weight and
BMI

RCT: randomized controlled trial.

b

SSB: sugar-sweetened beverage.

c

PA: physical activity.

d

MPA: moderate physical activity.

e

VPA: vigorous physical activity.

f

NR: not reported.

g

CCS: case-control study.
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Table 2. Descriptions of baseline, interventions, apps, and findings of the included studies.
First author Baseline vari(year)
ables

Intervention
type

App description

Control group
treatment

Patel
(2019)

Age, gender,
marital status,
race/ethnicity,
education, employment status, annual
household income, body
mass index
category, selfmonitoring of
diet frequency, and type of
smartphone

App, email,
MyFitnessPal,
mobile, and internet

Weight loss
goal, calorie
goal, selfmonitoring of
body weight,
dietary intake,
rea-time feedback, skill
training, and
reminder of
the goal

Farinelli
(2016)

Age, gender,
Mobile app,
weight status, email, online
BMI, WHO-5 weight tracker,
physical activiscore, SESa,
ty planner, a
ethnic background, educa- blog facility for
communication,
tion, fruit,
and printable
vegetable,
eating chart
b
SSB , takeout meals, and
physical activity

Partridge
(2015)

Age, gender,
SES, ethnicity, education
level, and
weekly income

Difference
of the control group,
mean (SD)

Inference

Recommendation

Self-regulation,
−1.8 (1.53)
email, and action
plans via weekly
email

−2.55 (1.11)

The mobile
app is an effective intervention for clinically meaningful weight
loss.

Stand-alone
digital health
treatments may
be a viable option for those
looking for a
lower intensity
approach.

Smart mobile
apps for education and selfmonitoring

Four text messages, one on
each key behavior, and a twopage handout
based on dietary
guidelines.

−0.80 (3.7)

The mHealth
intervention
has the potential to reduce
weight and
improve physical activity.

Replication of
trials and
widespread
adoption of this
model are needed.

Educational
program and
self-monitoring

Mailed two-page −1.9 (2.84)
handout, four text
messages, and access to a website

0.2 (2.99)

The app has
Implementation
huge potential of a large-scale
for preventing study is needed.
weight gain
with modest
weight loss. It
also helps to
improve
lifestyle behaviors.

Laing
(2014)

Gender, self- App and usual
reported race, care plan
education, annual income,
and type of
smartphone

MyFitnessPal
app

Counseling and
−0.03 (4.64)
one-page educational handout for
eating plan

0.27 (4.64)

The app was
NRc
an effective
tool for reducing weight.

Hebden
(2014)

Age, gender,
SES, education, work history, lives
with parents,
and English
proficiency

Four types of 10-page printed
behavior plans book

−1.4 (3.18)

The app provided shortterm positive
changes in
weight, nutrition, and physical activity.

App, text messages, email, internet forum, a
community
blog, and usual
care.

App, text messaging, email,
internet forum,
and usual care
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Difference of
the intervention group,
mean (SD)

−3.8 (4.9)

−1.6 (3)

More studies
are needed to
explore engagement and personalized support
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First author Baseline vari(year)
ables

Intervention
type

App description

Control group
treatment

Difference of
the intervention group,
mean (SD)

Difference
of the control group,
mean (SD)

Inference

Recommendation

Smith
(2014)

Age, English
language, cultural background, socioeconomic position, weight,
height, BMI,
weight status,
and waist circumference

App, parent
newsletters,
seminars, spot
sessions,
lunchtime physical activity
monitoring, and
teaching material

Fitness chalTraditional aplenges, activi- proaches
ty monitoring,
and motivational messages

0.6 (1.21)

0.61 (1.07)

The app-based
intervention
helped to improve fitness,
movement
skill, and key
weight-related
behavior.

More studies require to capture
objective data
on app usage
throughout the
intervention period and find
out the association. It is also
important to
add some features like gamification.

Glynn
(2014)

Gender, age,
App and usual
systolic and
care plan
diastolic blood
pressure,
weight, BMI,

Accupedo-Pro Education pro−2.2 (3.4)
Pedometer
gram about the
app
benefits of physical activity and
exercise

−1.5 (4.3)

The mobile
NR
app–based intervention had
a positive impact on weight
loss

Support apps Only celebrity
like my meals, slim program
my weight,
and my task

−2.1 (1)

The app intervention was
useful for
weight loss
and psychological changes.

Integrating
more dynamic
stage-based tailoring, as

HADSd, EQVASe, EQ5Df, and daily
step count
Brindal
(2013)

Weight and di- App and
etary status
celebrity slim
program

−2.9 (6.4)

behavioral
changes of individuals may
further enhance
similar apps in
the future.

Carter
(2013)

Age, weight, App
BMI, body fat,
gender, race,
smoking status, occupation, and education

Self-monitoring

Food diary and a
calorie-counting
book

−4.6 (5.2)

−2.9 (5.85)

The mobile
app was an acceptable and
feasible
weight loss intervention

More studies
are needed to
investigate the
cost of implementing a
smartphone app
intervention
compared with
other types of
interventions

Allen
(2013)

Age, weight, App and intenBMI, waist
sive counseling
circumference, education, and marital status

Lose it!

Comprehensive
counseling

−5.4 (4)

−2.5 (4.1)

The app intervention had a
positive impact on weight
loss and contributed to behavioral
changes.

Need to conduct
a large-scale
populationbased study.

McGrievy
(2011)

NR

Diet plan and Podcast only
physical activity monitoring

−2.57 (2.6)

−2.45 (4.39)

NR

NR

App + podcast
+ twitter
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First author Baseline vari(year)
ables

Li (2010)

a

Intervention
type

Age, occupa- Mobile app and
tion, educausual care
tion, monthly
income, smoking, drinking,
and exercise
history

Islam et al
App description

Control group
treatment

Mobile apps
NR
that provided
a personal diet
profile based
on gender and
promoted
knowledge
about nutrition
and physical
activity

Difference of
the intervention group,
mean (SD)

Difference
of the control group,
mean (SD)

Inference

Recommendation

−1.9 (2.3)

−0.9 (4.64)

Improved user A more effecsatisfaction.
tive study to
motivate participants and extend study duration is required.

SES: socioeconomic status.

b

SSB: sugar-sweetened beverage.

c

NR: not reported.

d

HADS: Hospital Anxiety and Depression Scale.

e

EQ-VAS: EuroQol visual analogue scale.

f

EQ-5D: EuroQol five-dimension scale.

Assessment of the Risk of Bias
Owing to the nature of mobile app interventions, participant
blinding is not always feasible in trials. All the 12 studies
reported random sequence generation that showed a low risk

of bias. Overall, 10 out of the 12 studies were considered to
constitute high-quality evidence. Only three studies had blinding
of the outcome assessment, and two studies had blinding of the
participants and personnel. A summary of the evaluation of the
included studies is shown in Figure 2.

Figure 2. Risk bias assessment of the included studies.

Mobile App Intervention and Weight Loss
Eleven studies assessed the effectiveness of mobile phone app
interventions for reducing body weight. Participants in the
intervention group showed a decrease in their body weight
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(−1.07 kg, 95% CI −1.92 to −0.21) when compared with the
control group (Figure 3). However, moderate heterogeneity was
observed among the studies (heterogeneity I2=71.55%, Q=42.65,
P=.01, τ2=1.40).
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Figure 3. Forest plot of mobile phone app interventions and weight loss.

Mobile App Intervention and BMI
A total of 10 studies evaluated the efficacy of mobile apps for
BMI reduction. The overall pooled findings showed a significant

difference in BMI between participants in the mobile phone
app intervention group and control group (−0.45 kg/m2, 95%
CI −0.78 to −0.12, P=.008, heterogeneity I2=77.95%, Q=40.81,
τ2=0.17) (Figure 4).

Figure 4. Forest plot of mobile phone app interventions and change in BMI.

Mobile App Intervention and Physical Activity
Seven studies assessed the effectiveness of mobile phone apps
for increasing physical activity. The usability and effectiveness
of mobile apps had promising but insignificant results (mean
https://mhealth.jmir.org/2020/7/e17039

XSL• FO
RenderX

difference 0.17, 95% CI −2.21 to 2.55, P=.88). However,
moderate heterogeneity was observed among the included
studies (heterogeneity I2=74.05%, Q=23.12, and τ2=3.45)
(Figure 5).
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Figure 5. Forest plot of mobile phone apps for increased physical activity.

Sensitivity Analysis
Five studies evaluated the effectiveness of mobile apps used ≤3
months for weight loss. Pooled findings indicated no significant
difference in weight between the mobile app intervention group
and the control group (−0.004 kg, 95% CI −0.79 to 0.80, P=.99).
Six studies evaluated the effectiveness of mobile apps used >3
months for weight loss. Pooled findings showed a significant
difference in weight between the mobile app intervention group
and the control group (−1.63 kg, 95% CI −2.64 to −0.61,
P<.002). In addition, the pooled findings from only the
randomized controlled trials showed a significant difference in

weight between the mobile app intervention group and the
control group (−1.03 kg, 95% CI −2.05 to −0.025, P=.04)
(Multimedia Appendix 3, Multimedia Appendix 4, and
Multimedia Appendix 5).

Publication Bias
The meta-analysis of the observational studies had some sort
of publication bias. Egger regression test was used to calculate
the publication bias, and a funnel plot was drawn to visualize
it. The funnel plot in Figure 6 shows no relevant publication
bias.

Figure 6. Funnel plot.
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Discussion
Principal Findings
This meta-analysis evaluated the effectiveness of mobile app
interventions for weight management. The meta-analysis showed
a small but significant reduction in body weight (−1.07 kg) and
a reduction in BMI (−0.45 kg/m2). Our findings are more
comprehensive across sensitivity analyses. Moreover, our
findings showed that mobile app interventions promote
additional positive health benefits through the maintenance of
BMI and increased physical activity from baseline. The
ubiquitous use of a mobile app intervention in any age group
may therefore have great clinical value when compared with
traditional interventions. A previous systematic review and
meta-analysis reported pooled effects of app interventions
compared with controls of −1.04 kg for weight loss and −0.45
kg/m2 for BMI [14]. The magnitude of the mobile app
intervention effect in our updated meta-analysis suggests that
the use of mobile app interventions is effective for promoting
body weight management following an initial weight loss when
compared with other interventions.

Public Health Implications
Rising obesity and physical inactivity are associated with
chronic diseases and increased health costs [31]. To reduce the
health care burden, researchers have already pointed out the
importance of effective health communication. Digital
technology provides fast and interactive communication that is
easy to use and cost-effective. Mobile phones have emerged as
a potential medium for interventions to assist people in
maintaining health, and they have shown promising results for
weight loss and increased physical activity [32]. However, a
mobile app can be tailored to the individual, and information
could be delivered in a more effective way that may be more
realistic and feasible than conventional ways to deliver
information. Several studies have investigated the efficacy of
weight management using text messaging interventions. A
previous meta-analysis that included 14 studies with an
intervention period ranging from 1 month to 2 years found that
text messaging interventions can promote weight loss (−2.56
kg, 95% CI −3.46 to −1.65) [33].
Several studies have previously highlighted targeting behavioral
change techniques that include dietary self-monitoring and
reporting, behavior reinforcement through motivational
messages, social support, setting and evaluating various goals,
and setting reminders, and they are all key components to reduce

Islam et al
and maintain weight successfully [34]. The use of mobile apps
helps to improve self-awareness, provides valuable information,
and can be an early indicator of health-related issues; this
information and support can help to spur positive behavioral
changes [35]. Results from this study suggest that even in the
short term (<6 months), mobile app interventions provide a
generally positive effect for reducing weight and maintaining
BMI. In this meta-analysis, mobile apps were related to weight
loss goals, calorie goals, self-monitoring of body weight, dietary
intake, real-time feedback, educational content, behavioral
change plans, nutrition, physical activity, several types of
trainings, and reminders of goals. Moreover, the intervention
types included apps, email, internet systems, online weight
trackers, physical activity planners, blog facilities for
communication, internet forums, parental newsletters, seminars,
spot sessions, podcasts, twitter, and printable eating charts,
which were all deemed to be effective for reducing weight and
maintaining BMI.

Limitations
This meta-analysis shows that a mobile app intervention has a
variety of uses in reducing weight and maintaining BMI with
immense benefits. However, there are several limitations in this
study that we need to address. First, the findings of this study
should be interpreted with caution considering the sample sizes
of the included studies and considering the studies that reported
on short-term periods. To increase the generalizability of our
findings, a larger sample size with a longer follow-up period
(at least 1 year) in diverse racial or ethnic settings is needed.
Second, although heterogeneity among the studies was not high,
the results were nevertheless based on a relatively small number
of studies. A small number of studies also prevented us from
conducting a meta-regression analysis to evaluate other factors
for reducing weight and maintaining BMI.

Conclusions
The findings of this study suggest that mobile app interventions
appear to be feasible and acceptable for reducing weight,
maintaining BMI, and increasing physical activity, although
the overall effects might be relatively modest. However, the
course averages hide some variation; therefore, such
interventions are highly successful in some people and
completely ineffective in some people. Public awareness of
safety and the benefits of weight management and physical
activity should be promoted, and more studies with a larger
sample and longer follow-up are needed to evaluate the potential
role of a mobile phone app intervention.
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Abstract
Background: Chronic somatic health conditions are a global public health challenge. Being engaged in one’s own health
management for such conditions is important, and mobile health (mHealth) solutions are often suggested as key to promoting
engagement.
Objective: The aim of this study was to review, critically appraise, and synthesize the available research regarding engagement
through mHealth for persons with chronic somatic health conditions.
Methods: An integrative literature review was conducted. The PubMed, CINAHL, and Inspec databases were used for literature
searches. Quality assessment was done with the guidance of Critical Appraisal Skills Programme (CASP) checklists. We used a
self-designed study protocol comprising 4 engagement aspects—cognitive, behavioral and emotional, interactional, and the usage
of mHealth—as part of the synthesis and analysis.
Results: A total of 44 articles met the inclusion criteria and were included in the analysis. mHealth usage was the most commonly
occurring engagement aspect, behavioral and emotional aspects the second, cognitive aspects the third, and interactional aspects
of engagement the least common aspect in the included articles. The results showed that there is a mix of enablers and barriers
to engagement in relation to the 4 engagement aspects. The perceived meaningfulness and need for the solution and its content
were important to create and maintain engagement. When perceived as meaningful, suitable, and usable, mHealth can support
knowledge gain and learning, facilitate emotional and behavioral aspects such as a sense of confidence, and improve interactions
and communications with health care professionals.
Conclusions: mHealth solutions have the potential to support health care engagement for persons with chronic somatic conditions.
More research is needed to further understand how, by which means, when, and among whom mHealth could further improve
engagement for this population.
(JMIR Mhealth Uhealth 2020;8(7):e14315) doi:10.2196/14315
KEYWORDS
engagement; eHealth; mHealth; somatic disease; integrative literature review; telehealth

Introduction
Background
The growing burden of chronic health conditions has been
described as a challenge and threat to health worldwide [1].
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Ischemic heart disease, cerebrovascular disease, chronic
respiratory conditions, and diabetes are the leading causes of
death [2] and are predicted to continue increasing through the
year 2030, according to a projection made in 2006 [3]. To
address these challenges, patient engagement in treatment and
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care has been suggested as a key and powerful resource [4],
with a shared understanding in the health care sector that
engaged patients could improve quality of care and reduce
unnecessary costs [5]. As part of ongoing developments in the
field, health care organizations and national health care policies
in many countries have recently begun focusing on engaging
patients in the management of their health [6]. Various strategies
and methods, such as electronic health (eHealth) and mobile
health (mHealth), have been considered for facilitating and
maintaining engagement with patients who have chronic somatic
health conditions. Despite increased attention, however, there
is still a lack of compiled information regarding engagement
when using technological solutions as support in the care and
management of health.
Although there seems to be a consensus concerning the
importance of engagement in relation to living with and
managing chronic health conditions, the concept of engagement
in this context is underdefined, with several terms and
definitions available to describe the phenomenon, and there is
no shared understanding of how to conceptualize it [4,7]. Aside
from engagement, commonly used terms are commitment,
activation, involvement, and adherence. However, the concept
of engagement conveys a somewhat divergent meaning from
the other listed concepts, implying emotional commitment and
involvement of the engaged individual. Moreover, depending
on the discipline involved, the various preferences for which
term to use and who should be engaged further complicate the
understanding of the concept. Commonly used terms are patient
engagement [4,8], citizen engagement, and client engagement
[4]. Consumer engagement is another commonly used term
[4,5], whereas in computer science, where the object and
objective of engagement may often be more clearly delimited
to a specific technological solution and its design process, user
engagement is frequently used.
The American Health Information Management Association
(AHIMA) [5] states that engagement comprises various activities
such as interacting with health care professionals, seeking health
information, maintaining a personal health record, and playing
an active role in making decisions related to personal health
care. Definitions of engagement in the literature have also been
reviewed and categorized as intraindividual factors such as
emotional, behavioral, and cognitive factors, and as a function
of interindividual factors in terms of relationships and
interactions. Many of the definitions have been suggested to be
oversimplified and lacking in consideration of the progressive
development of engagement over time as a process [4]. A recent
review found that engagement in relation to digital behavior
change interventions could be understood as 2 constructs: a
subjective experience and behaviors [7]. Engagement in relation
to digital and technological solutions has been described in
terms of usage and patterns of usage of a product, such as the
number of logs and time required to use the tool [9]. In this
review engagement is understood as a multidimensional
progressive process comprising cognitive, emotional, behavioral,
relational, and interactional elements, as well as the usage of a
product, service, or system.
Increasingly, various technological solutions are being suggested
to support the health management of persons with chronic health
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conditions and to enhance their engagement. Mobile technology
has, for example, been suggested to have an important role in
facilitating patient engagement [10]. mHealth has been defined
as the delivery of health care via the generation, aggregation,
and dissemination of health information using mobile or wireless
devices and the sharing of that information between patients
and providers [5]. According to the World Health Organization
[11], mHealth refers to medical and public health practices
supported by mobile devices, such as mobile phones, patient
monitoring devices, and personal digital assistants. In a
systematic review [12], 3 distinct periods were identified with
regard to the mobile devices used in mHealth research: before
2007, personal digital assistants dominated, while basic and
feature phones took the lead during 2007-2012, after which
smart devices came to dominate mHealth research. Over the
past decade, there has been a considerable increase in the
number and range of mHealth solutions that have been
developed and implemented [11]. Because of their popularity,
availability, portability, and technological capacity, smartphones
and mHealth have enormous potential to impact chronic disease
management around the globe [13]. However, so far, evaluations
of mHealth solutions that focus on coverage, functionality, and
impact on public health are few and far between [11]. In
addition, in a systematic review of the impact of mHealth
chronic disease management on treatment adherence and patient
outcomes, Hamine et al. [13] argue that the impact of mHealth
tools on adherence to treatment regimens may be overlooked
because mHealth promoters are mainly focused on
demonstrating their more direct effects on clinical outcomes
(eg, morbidity, mortality, and biometric markers of clinical
disease), while the long-term and more indirect effects of
mHealth tools on adherence to treatment have not been in focus.
Adherence to treatment, specifically adherence to treatment of
chronic diseases, they argue, is critical to achieving improved
health outcomes, quality of life, and cost-effective health care
[13].
Various factors that are influential in the engagement process
concerning mHealth solutions have been described; for example,
in relation to the technological device/system (such as
smartphone/computer access and technological shortcomings),
the context (such as internet access and settings) and targeted
behavior (such as expectations and meaningfulness) [5,7,10]
are important factors. A known consumer/patient engagement
challenge is that the patient may be uninterested in becoming
engaged in the health care delivery process. Consumers are
becoming more concerned with personal information security,
including scenarios of hacking or identity theft, and in some
cases, they have decided not to interact with online technology
solutions. One of the major obstacles that providers face is that
their patients’ health information is not always accurately and
easily exchanged from one provider to the next [5]. The ability
for patients and caregivers to access their health information
electronically has been described as facilitating engagement
[6], and maintaining engagement could improve personal and
public health, patient experiences, and cost-reduction efforts
[5]. Therefore, overcoming barriers to engagement and finding
ways for those with chronic somatic health conditions to become
engaged in their personal health and maintain that engagement
are crucial. At this point, it is essential to review the research
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with regard to engagement through mHealth and to present the
knowledge to identify the gaps and needs from the perspectives
of those living with chronic somatic health conditions.

Objectives
The aim of this study was to review, critically appraise, and
synthesize the available research regarding engagement through
mHealth for persons with chronic somatic health conditions.

Methods
Literature Search and Selection
An integrative literature review was made following the
description of Whittemore and Knafl [14]. Systematic literature
searches were performed in 2017 using 3 electronic
bibliographic databases: CINAHL, PubMed, and Inspec. Two
blocks of keywords were used to build the search strings for
the identification of studies regarding engagement and mHealth
among those with chronic somatic health problems: (1)
engagement and (2) mHealth. Different forms (ie, inflections
of engagement) of the word engagement were taken into account
and used as keywords for the first block of the search. For the
second one, (1) a list of keywords that were synonymous with
or related to mHealth and (2) relevant MeSH and CINAHL
headings were used as keywords, in combination. The concept
of mHealth is embedded in the MeSH and CINAHL headings
telemedicine and telehealth, and these were therefore used as
keywords. A search string was conducted by combining the
engagement keywords and the mHealth keywords with the
Boolean operator OR. These 2 blocks of keywords were then
combined with AND to complete the search string. The
keywords and MeSH and CINAHL headings are presented in
Textbox 1.

Tuvesson et al
A total of 1907 references were found in the 3 databases. After
the removal of duplicates, studies not written in English, and
studies that were obviously irrelevant due to content or article
type, 501 studies remained for further detailed screening. These
501 studies were screened using the abstract to determine
eligibility. Studies were included if they (1) included patients
18 years of age or older, (2) were written in English, and (3)
reported empirical results concerning engagement with patients
suffering from chronic somatic health problems using, or
participating in the design or research of, mHealth solutions. In
the screening process, studies describing solutions that could
be accessed through mobile or wireless devices were considered
as mHealth [5]. No restriction by publication year was made as
we anticipated that articles focusing on mHealth would be
published in recent years. Studies were excluded if they focused
on infectious and psychiatric conditions or reported on various
injuries. Studies with an entirely preventive focus were also
excluded. Several articles were excluded as they did not report
any empirical findings; for example, editorials, letters, and study
protocols. We were also unable to retrieve 7 of the references
in full-text versions.
In the last step of the screening process, the full-text copies of
103 articles were reviewed by 2 authors (HT and CF), and the
results from the reviews were compared and discussed until
there was acceptable inter-reliability between the reviewers
(κ=0.9). Studies with mixed diagnoses were excluded if the
results could not be directly related to one specific chronic health
condition or if there was difficulty determining what type of
technological solution had been used. Studies were also excluded
if the results did not report findings on engagement in relation
to the mHealth solution. In the end, we identified 44 studies as
suitable according to the inclusion criteria. A detailed description
of the data screening process is shown in Figure 1.

Textbox 1. Search strategy and used search terms.
Search terms
•

Engage OR Engaging OR Engaged OR Engagement AND Search terms (mHealth OR M health OR mobile health OR m-health OR mobile
phone/-s OR mobile telephone/-s OR smart phone/-s OR cellular phone/-s OR cellular telephone/-s OR cell phone/-s OR cell telephone/-s OR
telehealth OR Telemedicine)

•

Engage OR Engaging OR Engaged OR Engagement AND MeSH and CINAHL headings (cell phones OR cellular phone OR smart phone OR
smartphone OR telemedicine OR Telehealth)
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Figure 1. Flowchart of the data selection process.

Quality Assessment
The 44 included studies were critically assessed for
methodological quality using the CASP checklists for
qualitative, randomized controlled trials, case–control, and
cohort studies [15]. For the included mixed-methods studies, 2
checklists were used. The checklists, used worldwide, each
comprise 10-12 questions with a numeric value representing
each answer. All numeric values, based on subjective
assessments, were summed to create a quality summary of each
study. Because the quality assessment was part of the
compilation, all studies screened for this integrative review were
kept for further analysis regardless of the results of the quality
assessment. A summary of the quality assessments for the 44
included studies is presented in Multimedia Appendix 1.

Data Analysis
Data were identified and extracted from the articles based on
protocols designed for this review by 2 authors (HT and CF;
Multimedia Appendix 1). The protocol comprised information
about the studies in terms of country, year of publication, study
methods, type of mHealth solution, type of chronic somatic
health condition, number of study participants, mean age of
participants, duration of project or intervention, and whether
http://mhealth.jmir.org/2020/7/e14315/
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information about research ethics was provided. Research ethical
aspects, such as informed consent, voluntariness, and if
applicable, advice or approval from ethical committees, is
important when researching health aspects in patients and we
decided to add this aspect in the study protocol to provide an
overview. The protocol also comprised 4 aspects of engagement
to be identified in the studies. These aspects were chosen based
on definitions and descriptions in the literature of engagement
as a process [4,5,7,9]. They were (1) cognitive aspects (eg,
learning, understanding, knowledge), (2) behavioral and
emotional aspects (eg, action, motivation, confidence,
self-management, involvement), (3) interactional aspects (eg,
relationships, communication with and accessibility to health
professionals), and (4) mHealth usage (eg, participation,
responses, logs, duration). In case of overlapping meanings with
regard to the engagement aspects in the same article, data were
sometimes reused in more than one engagement aspect. The
results of the data identification completed by 2 reviewing
authors (HT and CF), independently and according to the
protocols, were compared and showed high levels of agreement.
The results of the identification are detailed in the study protocol
shown in Multimedia Appendix 1.
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In the next stage of the analysis, data related to the 4 engagement
aspects were identified and retrieved from the articles and then
assembled in a document by one author (HT). The retrieved
data were then read and compared with the aim of this study by
all 3 authors. Even at this stage, ambiguous data were discussed
until consensus was reached. The data were compared, and
patterns and contrasts noted, before the analysis was discussed
and revised until consensus was reached among the authors.
Verification was conducted by comparing the results of the data
analysis with the original articles.

Results
Description of Studies
Of the 44 articles included in this review, half (n=22) were
published in the years 2015 and 2016. The majority of the
studies were conducted in the United States (n=26), and the
designs were mainly mixed-method or randomized controlled
trials. Several studies compared groups, such as in
quasi-experimental studies with a study group and a control
group. Some studies (n=5) were based only on an analysis of
program or system data, whereas the rest were qualitative
studies, surveys, or case studies. The included studies used a
mix of different mHealth solutions, including apps, interactive
voice response, short message service (SMS), telemonitoring,
websites, and personal health records. The duration of the study
period varied greatly, from a couple of hours in a laboratory
experiment to 2 years of follow-up. No information about
research ethical approval or ethical aspects of the research was
given in 10 of the 44 included studies.
Study participants were between ages 28 and 88, with an overall
mean age of 57. The majority of the studies included individuals
with diabetes or cardiac diseases or both (n=36). Several studies
focused on hypertension or pulmonary diseases. There were
also articles involving patients with kidney disease, pain, spina
bifida, osteoarthritis, and cystic fibrosis. A total of 20 studies
reached high methodological quality according to CASP,
whereas 21 reached medium quality, and 3 studies had low
quality (Multimedia Appendix 1).

Engagement and mHealth
Cognitive Aspects of the Engagement Process
A total of 22 studies described cognitive aspects of the
engagement process (Multimedia Appendix 1). Many of the
studies reported that the mHealth solution supported engagement
by providing persons with chronic health conditions with
information about their health and their medical condition
through personal health information, patient education in various
forms, and a blend of feedback strategies [16-21]. This was, for
example, described in ways such as seeking information on a
website housed within a patient portal section of a public website
[17] and gaining immediate and accurate information about
one’s health status and health management, for example, by the
tracking of blood glucose level, weight, and nutritional
information based on food intake [20,21]. In some studies,
feedback from the mHealth product resulted in disengagement
if it was perceived as confusing, inaccurate, or complicated
[22,23].
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Persons with chronic health conditions learned new skills and
gained knowledge about their health and medical conditions as
a form of engagement when using mHealth solutions
[16,17,19,20,24-31]. The learning process as a form of
engagement was expressed in various ways. For example,
mHealth solutions with coaching and educational components,
such as animated scenarios, combined audio and text instructions
and quizzes, supported learning [16,28,29].
Cognitive aspects of the engagement process were also described
as understanding and awareness. Receiving personal, immediate,
and understandable feedback about their clinical results and
health management, based on self-entered information or clinical
responses or both after health care visits, increased
understanding and awareness [18,22,26,27,32-35]. Feedback
such as SMS text messages or illustrative graphs helped patients
understand and be aware of the relationships between clinical
values, trends, and early warning signs of potential problems
[26,34,35]. For some persons, the understanding and reflection
first began after receiving glycemic readings that were outside
of the recommended range or were unexpected [35].

Behavioral and Emotional Aspects of the Engagement
Process
A total of 26 studies in this review included behavioral and
emotional aspects as a form of engagement, often in relation to
self-management and self-care components. Several studies
reported that the mHealth solution supported management or
improved self-management (Multimedia Appendix 1). For
example, in one study, 64% (18/28) of the participants with
diabetes type 2 thought that an iPad (distributed to them with
installed existing apps) had helped them manage their diabetes
[20], 97.4% (793/814) of patients with hypertension felt more
confident in taking their blood pressure after using a telehealth
programme [32], and patients in cardiac rehabilitation perceived
a smartphone app to have supported their adherence to cardiac
rehabilitation activities [36].
Several studies reported on significant improvements in
self-management and self-care. For example, in one telemedicine
study, people with diabetes type 2 had significantly improved
self-efficacy after 2 years [37]. Significant improvements in
self-care have also been found when comparing a telehealth
group and a control group [38], and in another study, participants
with osteoarthritis who had 12 months of exposure to a freely
available mHealth website with evidence-based information
and self-management resources had significantly improved
self-management compared with nonusers [39]. In one study
where both the study group and the control group comprised
patients with chronic heart failure, both groups showed
significant improvements in the self-management of their disease
[40].
In several studies, SMS text messages or interactive voice
response calls were found to be helpful with behavioral aspects
of engagement [22,33,41,42]. Some users perceived reminders
and alarms as helpful for engaging in health-related activities
[19,29], but they could also be seen as disengaging by being
nagging [19]. Automatic feedback messages or system feedback
has been used to support behavioral and emotional aspects of
engagement. For many people, these messages were perceived
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as beneficial in that system feedback reinforced positive changes
in behavior and helped break negative cycles [43], helped
patients establish and achieve goals [25,35], helped to establish
routines [33], and reinforced compliance [36]. In at least one
study, online stand-alone personal electronic health records
were found to be not crucial for daily self-management [18].
Different mHealth solutions, such as telemonitoring and various
apps, supported emotional components of the engagement
process. For example, solutions were found to support or
enhance motivation [19,23,29,31,43], provide a sense of control
and mastery [20,23,27,29], boost confidence [20,21,29,35,40],
and give users a sense of empowerment [20,21,26] through
self-care and management of their illness.
Conversely, some mHealth solutions also created emotional
hindrances to engagement. The tools could lead to less
self-management after the novelty phase compared with that at
the start of the program [20], and in some cases, users would
experience worry and depressive feelings when readings were
worse than normal, leading to a decline in self-management
[27]. Still, other patients did not want to use and interpret
readings, preferring to leave that to health professionals [27].
Further, patients who were already motivated before using an
app or other tool did not necessarily become more motivated
[31].

Interactional Aspects of the Engagement Process
The 18 studies describing interactional aspects of the
engagement process were primarily focused on ways of
communicating and sharing information, such as with regard
to physical visits to health care professionals (Multimedia
Appendix 1). The experiences of users included feelings of
being continuously connected to health care professionals
[26,27,33,36,44,45] and having increased access to care [26,46].
Some users thought that the mHealth solution had improved
their visits to health care professionals [36], and a few studies
found that the mHealth solution (including small-sized
peripheral telehealth equipment with individual reading and
teletherapy technology with tailored counseling) prevented
admission to hospitals [26,47]. However, another study showed
that hospital visits had increased in both the control group and
the intervention group [48].
In one study, shared information was seen by some patients as
beneficial for engagement, but most participants did not share
their personal electronic health record with health care
professionals [18]. Knowing that health care professionals were
able to access their electronic health records and see recent test
results or monitor readings made many users feel safe, peaceful,
and watched over [26,27,49]. However, others felt
uncomfortable or unsafe with their personal health information
being shared in an mHealth system, feeling like they were under
surveillance [29,49].
Many thought that communication through mHealth systems
was insufficient in many ways, pointing to these tools’ lack of
face-to-face contact or a sense of human touch [21,26], while
others were concerned about the quality of the communication
due to, for example, the lack of access to body language or
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physical demonstrations with equipment [26,48], which were
perceived as creating disengagement.

mHealth Usage
A majority of the included studies (37/44) described the
engagement process in relation to usage of the mHealth solution
through process measurements, for instance, where engagement
was reduced due to the high number of activities involved, such
as completion of messages, log-ins required, and system tracking
of various sorts (Multimedia Appendix 1). High mHealth
utilization rates were reported in a number of studies
[21,22,35,36,38,44,45,47,48,50], but a few described limited
utilization [17,24,41]. In several studies engagement was related
to the time spent using the mHealth solution and if or when
participants dropped out or declined to use the solution. The
analyses show a great variation in engagement as described in
these papers. In several studies, a decline in usage was reported,
irrespective of whether the studies had shorter or longer
durations [23,32,45,46,50,51]. There were some studies that
found that the majority of participants stayed interested and
continued to use the mHealth solution throughout the study
period [36,44,47,48].
Some studies found that engagement in terms of usage varied
depending on the user and his or her situation. Older patients
with poor health, for example, were found to be less engaged
in various mHealth solutions [42,52]. At the same time, having
a need that could be satisfied with an mHealth solution, such
as a need for self-management assistance, led some people to
maintain engagement [23,53], whereas in another case, a ceiling
effect was found when blood glucose levels were under control
[46]. One study found that unmarried persons had lower
engagement [52] rates, and in several studies, participants with
informal caregivers had high engagement rates [42,50,52,53].
Several factors were described as influencing the engagement
process. Lack of time and busy lifestyles, with constraints due
to home obligations, childcare, work, and travel leading to
difficulties in integrating the solution into daily life, often
resulted in disengagement [18,23,28,34]. Technological
problems such as glitches, errors, connectivity problems, and
battery attrition were other factors described as influencing
engagement [23,28,31,34]. Concerns about trust, privacy, and
security were also reported to influence engagement and usage
negatively [18,19,34,43]. Conversely, visually exciting and
dynamic components in the mHealth solution were factors that
could stimulate engagement [19].

Discussion
Principal Findings
This study aimed at reviewing, critically appraising, and then
synthesizing the body of research regarding engagement with
mHealth solutions by persons with chronic somatic health
conditions. In total, we found 44 studies that met the inclusion
criteria and described aspects of the engagement process in
terms of cognitive, behavioral and emotional, or interactional
aspects, along with those regarding the specific usage of an
mHealth solution.
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mHealth and the Engagement Process
Overall, the results of this review support the idea that
engagement is a process and that cognitive, behavioral and
emotional, interactional, and mHealth usage–related aspects of
engagement go hand-in-hand and influence each other in many
cases. The individual person and his or her situation, along with
the type of health problem and the stage of some conditions,
are important factors in mHealth use. The specific mHealth
solution is also important in terms of content, usability, and
visibility. When an mHealth solution is perceived as supportive
and meaningful, the person’s knowledge and understanding of
his/her health and interaction with health care services can be
facilitated. This, in turn, may result in more awareness of
self-management of health as well as emotional empowerment
in terms of confidence and control. Previous studies have found
that when data transmissions and health information are being
transferred to health care professionals and information about
the data is asynchronously being sent back to the patient, the
patient sometimes feels more involved and engaged in the
interpretations of data [54,55]. Yet, this could also lead to
passivity and disengagement as the person’s personal
interpretations of his or her health situation are being unattended
in one-way communications [56]. mHealth solutions with
self-care components convey an enhanced responsibility to
someone with somatic health conditions, and therefore, these
solutions need to be flexible when it comes to user preferences
[54].
One interpretation of the results is that patient needs is one
factor that could, alone, be a deal breaker for engagement. If
the disease is under control, no new medicines have been added,
or no new knowledge is needed, the engagement process may
no longer be progressive in nature. The mHealth solution needs
to serve an actual perceived need for the patient to maintain
engagement with it. This was illustrated, for example, in the
results with several studies that reported satisfying usage and
engagement in the mHealth solution for the majority of the
participants, but there were difficulties in maintaining
engagement in the long term. This could possibly be related to
ceiling effects and lack of perceived need to use the mHealth
solution when knowledge gaps have been filled or when the
disease is under control, and in this regard, a lack of engagement
could be interpreted as something positive. These findings are
in line with previous research where individuals ceased to use
mHealth solutions when they had reached their goals, felt a lack
of stimulation, or outgrew the solution [56], among other things.
However, this insight could be used constructively when
planning for mHealth interventions by targeting user groups in
a more focused way, with the aim of reaching specifically those
groups of people who are in a situation where the need for
mHealth solutions is perceived as most pressing. Such windows
of opportunity for achieving a high level of mHealth engagement
could, for instance, be during the first 6 months after a person
has been diagnosed with diabetes type 2, when the shock of the
new situation, a lack of established habits and routines for
dealing with it, and the need for information and deeper
knowledge about the disease and how to manage it create a
clearly perceived need for efficient mHealth support [57]. In
addition, Zrebiec [58] found that people who have had diabetes
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for more than 2 years might have a need for information due to
progression of the disease or the onset of diabetes-related
complications or both. The literature suggests various options
for maintaining engagement over time in mHealth solutions,
such as with incentives. In a systematic review of
incentive-driven mHealth solutions, the use of education,
reminders, feedback, social aspects, alerts, gamification, and
financial incentives were mechanisms found to engage and
motivate users. The authors of that review discuss that although
technological innovations change and develop, the incentives
do not, and few new approaches have been presented [59]. The
results of our review indicate that creative and intriguing
mechanisms, such as artificial intelligence components (eg,
customized SMS text message reminders, monitors, and avatars),
could stimulate engagement. Furthermore, Liu and colleagues
[60] found that loyalty rewards significantly influenced
enrollment, but ongoing engagement was not influenced by the
rewards. Stopping the usage of mHealth (nonusage attrition) or
being lost to follow-up (dropout attrition) in mHealth research
could be understood as the phenomenon of the law of attrition
as formulated by Eysenbach [61]. According to Eysenbach, an
innovation will be rejected if it is perceived as not providing
any benefits or if there are usability problems. However, other
factors are also important for understanding the engagement or
disengagement process, such as demographics and study settings
[62]. Furthermore, our review found that the context,
characteristics of the person, and his or her life situation are
crucial factors for engagement that need to be considered.
Of the 4 different aspects of engagement in mHealth among
persons with chronic somatic health conditions as identified in
this study, mHealth usage was the most commonly occurring
aspect, identified in 37 of the 44 papers. The category of
behavioral and emotional aspects was the second most common,
identified in 26 of the 44. Cognitive aspects were identified in
22 articles, whereas interactional aspects of engagement were
only identified in 18 articles included. A logical conclusion
concerning this difference is that it indicates something about
the history of research on engagement in mHealth; during the
early years of mHealth studies, the focus would have primarily
been on who was adopting the new technologies and what their
associated characteristics (eg, demographic) were. Our
hypothesis is thus that mHealth usage was the primary point of
interest in the early years of mHealth studies and that studies
of technology use have been historically heavily influenced by
behaviorism and cognitive psychology. This could explain why
behavioral and emotional aspects are the second most common
aspects of mHealth engagement, as identified in the results of
our study. Cognitive aspects come in third place, while
interactional aspects come last of all, which is a bit surprising
given that mobile technology has been developed primarily as
a tool for communication and knowledge sharing. As such, it
should be seen as supporting more efficient communication and
interaction in health care. Why do we see relatively little focus
on the interactional aspect of engagement in our study? Could
this have historical roots in the health and medical sciences as
well as in mHealth research, that is, could it be a reflection of
a history heavily influenced by behaviorism and cognitive
psychology and only more recently becoming influenced by
social psychology, phenomenology, and social anthropology
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as well as inspired by work practice theory, ethnographic and
ethnomethodological studies, and participatory design? Such
an interpretation resonates with recent and current discourse in
human–computer interaction research on a perceived ongoing
transition between second- and third-generation theory and
technology [62,63], a transition characterized by a shift of focus
from human factors to human actors, and a more
human-centered and participatory approach to the design and
use of technology [64].
It is also interesting in a study such as this to explore what might
have been expected but appears to be missing in the results.
Most of the articles included in this literature review related to
diabetes and heart disease, concerned older patients, and were
conducted in middle- and high-income countries. This might
mean that the engagement process in youths or young adults,
in patients with other chronic somatic health conditions, or in
developing countries will involve different enablers and barriers
that are not visible in this review. Thus, there appears to be a
need for more research into mHealth tools as they relate to other
chronic somatic health conditions, different populations, and
across wider geographical areas.

Design and Quality of the Studies
The included studies varied in methodological design, which
imposed a few challenges in terms of quality appraisal. For
example, the methodological descriptions were sometimes
limited due to mixed-method designs or for those involving
larger ongoing projects where methodological information
regarding the project had previously been published. Quality
appraisal is a key component of a systematic review [65,66],
but in mixed-method reviews, it can be difficult to find
appropriate quality assessment guidelines that work for all
included studies. Using mixed methods to understand complex
phenomena and telehealth interventions is useful [67,68], yet
threats to quality could be more difficult to identify compared
with monomethod studies [68]. Because many of the studies in
this review used a mix of methods in the same article, 2 CASP
checklists were used for the same study in those cases.
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words for the concept of engagement, for example, commitment
and involvement. When using these synonyms in the first search
strings, however, it became apparent that the majority of the
studies did not involve what we were setting out to review in
terms of engagement. Other related words such as
patient/consumer facing and motivation were also excluded
from use, owing to the same reasons. We therefore decided to
limit the use of search terms to inflections of the word
engagement and to create a protocol for engagement aspects
that could guide the review and analysis process based on the
description of the concept guiding this review. The concept and
phenomenon of engagement are complex, and there may be a
risk that relevant data were missed due to this approach, but we
believe that it was primarily a strength in relation to the aim of
this review.
In the literature search, we used a broad definition of mHealth
and included studies that we understood were using mobile or
wireless devices [5]. The use of MeSH and CINAHL headings,
such as telemedicine and telehealth, resulted in a screening
process in which mobile or wireless components needed to be
identified in order to pass as mHealth. This process led to the
exclusion of articles in case there was an uncertainty regarding
the telehealth approach and may have led to potential missed
data. The use of MeSH and CINAHL headings is, however, an
advantage in literature reviews that we wanted to use.
The majority of engagement results related to aspects of usage
of mHealth solutions. Several of these results were difficult to
analyze and synthesize due to difficulties in conveying the actual
meaning of the results, such as what a certain number of log-ins
could imply in relation to engagement. Without knowing if this
quantity was as expected or not, a reliable interpretation is
difficult to draw without risk of oversimplifying or
overestimating the results. Therefore, we decided to only
synthesize results in studies where the meaning was clear. This
may have influenced the results and led to the exclusion of some
findings, but it was a necessary approach to create
trustworthiness in the analysis process.

No ethical aspects of research were mentioned in 10 of the 44
included studies. Arguably, research ethics must be considered
the cornerstone of all research involving humans. In this review,
we included research on persons with chronic somatic health
conditions, a group that may be vulnerable or dependent on
health care services. We realize that research ethics, laws, and
standards vary among countries, but descriptions of particular
aspects, such as protection from research-related harms,
confidentiality, and informed consent, are important and
applicable globally.

The included quantitative studies did not yield aggregated data
for use in a meta-analysis and thus data were synthesized in a
more narrative way together with those from other studies,
which was considered a suitable alternative. We used 3
databases for the search of studies. These were chosen because
they were deemed to be the largest and most relevant databases
for this review, although we retrieved few appropriate studies
with the use of the Inspec database, which was somewhat
surprising. It is possible that the choice of these 3 databases
may have limited the number of included studies.

Strengths and Limitations

Conclusion

Strengths of this review include that each stage of the study,
such as the identification of keywords, applicable articles,
quality assessment, and analysis, was conducted by more than
one author with regular discussions held between authors to
ensure consistency. The authors of this review have a mix of
methodological experiences, which was a strength when
reviewing and synthesizing the data. At the start of this study,
the initial idea for the literature search was to use synonymous

Our integrative literature review revealed that engagement is a
progressive process that comprises cognitive, behavioral and
emotional, interactional, and mHealth usage–related aspects.
To create and maintain sustainable engagement processes in
mHealth research, enablers and barriers in all the engagement
aspects might need to be acknowledged. mHealth solutions have
the potential to support engagement in persons with chronic
somatic health conditions when perceived as meaningful,
suitable, and useful, but the research on engagement in relation
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to the implementation and usage of such solutions is mixed.
Further research is needed concerning other chronic somatic
health problems besides diabetes and heart disease. In addition,
research focusing on finding new and innovative incentive
mechanisms to support engagement when using mHealth
solutions for persons with chronic health conditions could

Tuvesson et al
improve mHealth solutions to better support engagement.
Sometimes, disengagement in terms of nonusage attrition could
be a positive aspect, and it might be important to consider when
and where to stake efforts when striving for long-term
engagement.
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Abstract
Background: Sedentary behavior (SB) is associated with various adverse health outcomes. The prevalence of prolonged sitting
at work among office workers makes a case for SB interventions to target this setting and population. Everyday mundane objects
with embedded microelectronics and ubiquitous computing represent a novel mode of delivering health behavior change
interventions enabled by internet of things (IoTs). However, little is known about how to develop interventions involving IoT
technologies.
Objective: This paper reports the design and development of an IoT-enabled SB intervention targeting office workers.
Methods: The process was guided by the behavior change wheel (BCW), a systematic framework for theory-informed and
evidence-based development of behavior change interventions, complemented by the human-centered design (HCD) approach.
Intervention design was shaped by findings from a diary-probed interview study (n=20), a stakeholder design workshop (n=8),
and a series of theoretical mapping and collaborative technical design activities.
Results: The resulting intervention named WorkMyWay targets a reduction in office workers’ prolonged stationary behaviors
at work and an increase in regular breaks by modifying behavioral determinants in 11 theoretical domains with 17 behavior
change techniques. The delivery technology consists of a wearable activity tracker, a light-emitting diode reminder device attached
to a vessel (ie, water bottle or cup), and a companion Android app connected to both devices over Bluetooth. The delivery plan
consists of a 2-week baseline assessment, a 30-min face-to-face action planning session, and 6-week self-directed use of the
delivery technology.
Conclusions: This is the first study to demonstrate that it is possible to develop a complex IoT-enabled intervention by applying
a combination of the BCW and HCD approaches. The next step is to assess the feasibility of WorkMyWay prior to testing
intervention efficacy in a full-scale trial. The intervention mapping table that links individual intervention components with
hypothesized mechanisms of action can serve as the basis for testing and clarifying theory-based mechanisms of action in future
studies on WorkMyWay.
(JMIR Mhealth Uhealth 2020;8(7):e17914) doi:10.2196/17914
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Introduction
Background
Sedentary behavior (SB) is “any waking behavior characterized
by an energy expenditure of less than 1.5 metabolic equivalents
(METs) while in a sitting, reclining, or lying posture” [1]. SB
has negative and independent impacts on cardiometabolic health
[2-6], and the health risks increase with prolonged bouts of
sitting (ie, over 30 or even 60 min) [6,7]. Office workers often
sit for long periods at work [8-11], which makes a strong case
for SB interventions to target this setting and population [8].
The past two decades have seen an increasing number of digital
technologies with various form factors (eg, personal computers,
tablets, smartphones, wearables, service robots, and internet of
things [IoT]) entering people’s everyday lives; they are
increasingly utilized to deliver digital behavior change
interventions (DBCIs) for health [9,10]. However, DBCIs in
the medical and health sciences literature mostly use
screen-based multimedia. Attempts to explore emerging digital
interfaces beyond screens for health have been sporadic yet
encouraging. These include IoT-enabled persuasive designs that
overlay or embed digital information on or in the physical
environment to influence behaviors at both conscious [11-14]
and unconscious [15-19] levels.
Our previous work [20] has systematically scoped DBCIs aimed
at reducing office workers’ SB and found that technological
designs combining passive data collection with automated
tailored feedback and scheduled prompts and involving several
connected devices are promising for delivering just-in-time
adaptive interventions. Positive user experiences are reported
in studies where feedback and prompts are delivered with
aesthetic and ambient media interfaces (eg, decorative objects
and ambient light) that are seamlessly integrated with the
physical environment and actuated over wireless connections
based on real-time behavioral sensing [13,14]. However, very
few of those novel modes of delivery emerging from the
engineering and design fields have moved forward to the
“evaluation phase” under the Medical Research Council’s
framework for developing and evaluating complex interventions
[21].
A potential reason could be that the development of these
IoT-based interventions rarely follows systematic theory-driven
intervention design approaches, such as the intervention
mapping approach [22] and the behavior change wheel (BCW)
[23]. This makes it difficult to develop a theoretical
understanding of the mechanisms of action underlying
interventions, which, in turn, prevents novel interventions and
emerging research from being utilized by the wider community
of behavior scientists and health intervention researchers [21].
Another possible reason concerns the complexity of IoT systems
and the additional challenges they pose for intervention
designers compared with developing more traditional DBCIs
that are web-based or app-based. For instance, in IoT
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development, requirements will need to be specified for not
only software, but also hardware (ie, electronics) and industrial
design (ie, the casing of electronics and integration with
everyday objects). Moreover, as an IoT system usually involves
multiple connected devices and interfaces that work in tandem,
a key challenge lies in deciding what behavior change contents
and functionalities should be delivered by each of the devices
as part of an integrative intervention for optimal user experience,
social validity, and behavior change outcomes in workplace
settings. Design decisions as such are rarely documented but
are highly valuable to inform and encourage future
developments of high-quality interventions using similar
technologies.
In view of the above, we develop and report an IoT-enabled SB
intervention named WorkMyWay, which is systematically
grounded in theories using the BCW and balanced with
stakeholder requirements for acceptability in workplace contexts.
In what follows, we first introduce the methodological
frameworks that have guided or inspired our design process.
We then detail a five-stage development process including the
methods and outcomes of each stage that have fed into the final
intervention design, followed by a description of the final
intervention using the Template for Intervention Description
and Replication (TIDieR). In the end, we reflect on both the
intervention we developed and the development process to draw
implications for future research.

Systematic Application of Theories to Intervention
Development
More extensive use of theory in behavior change interventions
is found to be associated with an increased effect size [9].
However, there are 83 theories of behavior change [24], many
of which have overlapping constructs [25]. Therefore, the real
challenge lies in selecting the most relevant theories in a
systematic manner [26]. The BCW [23], developed by Michie
and colleagues to support such processes, was therefore adopted
to guide this research.
At the center of the BCW is the “COM-B” model of behavior,
which breaks down behavioral determinants into three
dimensions, with two subcomponents in each dimension, namely
capability (psychological and physical), opportunity (physical
and social), and motivation (automatic and reflective). It should
be noted that the COM-B model is not a theory per se, but an
abstraction of many theories about human cognition and
behaviors, including the dual process model [27,28], modern
habit theories [29], implementation intention [30], etc. The
COM-B model can be expanded with the theoretical domain
framework (TDF), which extracts 128 key theoretical constructs
from 33 behavior change theories and organizes them into 14
theoretical domains [31]. The compatibility with TDF adds to
the theoretical rigor of the BCW, as the TDF has been widely
used and validated in studies identifying determinants of
behavior change [32,33]. Using matrices from the BCW guide,
intervention designers can translate the COM-B and TDF
diagnosis into intervention options specified in terms of behavior
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change techniques (BCTs), which are considered the irreducible
“active ingredients” within any behavior change intervention
[34].

Complementing Theories With a Human-Centered
Design Approach
Intervention design is about not only theoretical soundness, but
also appropriateness and relevance to the local context [23].
Hence, it is important to involve users (eg, office workers in
the context of workplace health interventions) and other
stakeholders (eg, managers of office workers) early in the design
process and shape the design to their needs [35]. Moreover, the
development, deployment, and upgrade of an IoT-based system
are presumably more complex and therefore more costly than
software systems, so it would be undoubtedly risky to exhaust
a project’s resources to implement an IoT delivery system
without a thorough understanding of the context of use and
stakeholders’ preferences beforehand. Nonetheless, it is
particularly hard for IoT novices to envision possible
interactions with an imaginary IoT system beyond screen-based
graphic user interfaces. This means conventional formative
research approaches, such as interviewing and surveying
stakeholders on “what features they want,” are insufficient to
elicit useful information for a potential design.
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In view of this, we consulted the human centered design (HCD)
methodology that originated from human-computer interaction,
a field of research within the discipline of computer science
concerned with designing and studying human interactions with
computing systems by drawing on methods and theories from
a range of other disciplines including psychology, sociology,
and design. The HCD can be a valuable complement to the
BCW-guided process, with its rich repertoire of
“quick-and-dirty” design methods and tools for getting
stakeholder inputs before developing a fully functional product
[36].

Methods
Overview of the Design and Development Process
We report how we brought together these two approaches in
WorkMyWay development, which included five stages (Figure
1) that were iterative, meaning outputs from each stage could
be used to refine the outcome(s) of the previous stage(s)
whenever needed. Both empirical studies (stage 2 and stage 4)
were approved by the ethics committee at the School of
Computer Science, University of Nottingham (January 14, 2016,
and July 06, 2016).
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Figure 1. WorkMyWay intervention and technology development process.

Stage 1: Define the Problem and Specify the Target
Behavior
Stage 1 involved three BCW-guided analytic and decision steps.
Step 1 entailed defining the problem in behavioral terms and
listing all behaviors that might influence the behavior of our
interest. Step 2 involved selecting a target behavior from the
list of candidate behaviors based on the following four criteria:
(1) the likely impact of the behavior change; (2) ease of change;
http://mhealth.jmir.org/2020/7/e17914/
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(3) possible spillover effects on other related behaviors; and (4)
ease of measurement. Step 3 required specification of the target
behavior in terms of “what, who, where, when, how often, and
with whom.”
As shown in Figure 2, many published interventions have
targeted physical activity (PA), although SB, on the lower end
of the activity continuum, is increasingly targeted as a separate
behavior in interventional studies. Targeting SB can be more
effective in reducing sitting [37,38], but can have the undesirable
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spillover effect of increasing prolonged standing and limited
promise for a positive spillover effect on ambulatory time
[39-41]. Therefore, a decision was made to target prolonged
stationary behavior (a combination of sitting and standing [1])
by encouraging regular ambulatory breaks, a behavior with
proven cardiometabolic benefits [42]. There is yet no consensus

Huang et al
regarding the optimal interval and duration of breaks in
sedentary work. Expert advice and interventions variably
promoted targets that ranged from “a 2- to 3-min light physical
activity (LPA) break every 30 min of sitting” [43] to “a 5-min
LPA break every 60 min of sitting” [44]. Hence, we decided to
support customizable target setting with our intervention.

Figure 2. The intervention continuum from sedentary behavior reduction to physical activity promotion.

Stage 2: Understand the Behavioral Determinants and
User Requirements (Study 1)
As per the BCW, the next stage would entail a “behavioral
diagnosis” using the COM-B and TDF to identify a full range
of factors and processes requiring modification to achieve the
desired behavior change. From an HCD perspective, we
considered it equally important to understand the context of use
and the needs of users prior to design, a step known as
“requirement elicitation.” Semistructured interviews and diary
keeping are both common requirement elicitation methods, with
the latter particularly useful for gaining a picture of how a future
system can support the user in the context of everyday
operations [36]. Hence, we integrated them with behavioral
diagnostic interviews commonly used in intervention design.

Methods
We recruited 20 participants (12 female participants) via a
mailing list and posters from the University of Nottingham and
two local nongovernment organizations. The participants were
self-identified sedentary office workers employed in diverse
office roles including admin, communication, project
management, filmmaking, research, and education.
We asked each participant to keep a diary for 2 workdays and
interviewed them afterwards with diaries as probes. Interviews
were audio recorded with consent. The diary template
(Multimedia Appendix 1) allowed participants to record details
of each break experience, including the trigger, timing, location,
social context, activities, and experience of the break; working
tasks prior to the break; and preferences on receiving a break
reminder in that moment. Participants were told that a break
was defined as “any interruption in sitting” in this study. To
gather design inspirations from participants’ perspectives for
objects where electronics could be potentially embedded to
make smart objects, one of the dairy items asked the participant
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to imagine potential interactions with an anthropomorphic
everyday object by completing the sentence “when…
(context)…, I would like my …(object)….to say to me...(content
of message)…” Participants could also take and email photos
to the researcher to illustrate the physical contexts of their breaks
and the objects involved. Interview questions were constructed
partly according to the COM-B and TDF to diagnose behavioral
barriers and facilitators and partly around suggestions for a
potential IoT delivery system (the full interview questioning
route is presented in Multimedia Appendix 1).
All interviews were transcribed verbatim. Framework analysis
[45] was applied to interview data for behavioral diagnosis
under the COM-B and TDF, and thematic analysis [46] was
applied for identifying design requirements. Content analysis
was applied to diary data to identify common routines, physical
environments, and objects that had triggered breaks and that
could be potentially redesigned to prompt more breaks.

Results
Interviews ranged from 42 to 66 min. The behavioral diagnostic
result from the study has been reported elsewhere [47] and hence
will only be briefly summarized here. The following five
COM-B components (with theoretical constructs specified in
brackets) were identified as important determinants of office
workers’ SB: psychological capability (eg, knowledge, cognitive
resources, and skills required for monitoring and regulating
break patterns), automatic motivation (eg, prolonged sitting
habit and effects or emotions associated with breaks), reflective
motivation (eg, beliefs about the consequences of taking breaks,
perceived behavioral control, the priority and accessibility of
health-related goals at work, and the intention to break up sitting
regularly), physical opportunity (eg, job demands, time pressure,
and organizational climate), and social opportunity (eg, social
norm of prolonged sitting versus regular breaks and direct social
interactions that prompt or hinder breaks). This step laid the
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
foundation for identifying and clarifying the theoretical
underpinnings for the resulting intervention.
As for the context of use, based on 291 break-related diary
entries, the most common reasons that prompted participants
to stand up were work-related (eg, walk between meetings and
printing) (n=84), followed by the need to refill cups or water
bottles (n=63), go to the toilet (n=53), do chores (eg, wash dishes
after lunch and deliver envelopes) (n=48), and eat or snack

Huang et al
(n=25). Accordingly, vessels like cups and water bottles
appeared to be the objects most frequently seen in break
activities.
Thematic analysis of interview data and object messages
suggested by participants in diary entries further revealed user
requirements for the proposed intervention delivery system,
which are summarized in Textbox 1.

Textbox 1. User requirements elicited from study 1.
Reminders
•

To be triggered when prolonged sitting is detected

•

Timer should be automatically reset after I take a break

•

Can be manually disabled in certain situations

•

Should allow personalized settings

•

Should not lock up the screen or enforce breaks when I want to work (ie, should let me retain control and autonomy)

Feedback
•

Should provide visual feedback on my break pattern and support historical comparison and personalized goal setting

•

Could provide social comparison with others (though the motivational value could vary across individuals and may encourage some workers to
sit for even longer)

Manner of communication
•

Perseverant yet flexible: the system should allow me to “snooze” it several times

•

Factual and informational: the system should show me the sitting time

•

Readily accessible but nonintrusive: feedback should always be there, but I can choose when to view it

•

Credible and authoritative (so that it helps me justify my breaks)

•

Difference between participants on preferred tone of voice: gentle and soft (eg, “maybe you wanna take a break”) versus forceful, telling off,
and guilt-inducing (eg, “get up, lazy”)

•

Difference between participants on preferred characteristics of the object: functional, utilitarian, and nongimmicky (eg, “just a beep or light would
suffice”) versus caring, cute, or other anthropomorphic characters

Modalities of communication
•

Tactile and visual prompts would be widely acceptable

•

Audible prompts would be most noticeable but unacceptable in shared offices

Stage 3: Translate Research Insights Into Intervention
Design
The next stage entailed translating research findings into
intervention design by making four major decisions on the
following: (1) the broad categories of means by which an
intervention changed behaviors (ie, intervention functions), (2)
the policy categories used by authorities to support and enact
the interventions, (3) the BCTs that best served the interventions
functions, and (4) the mode(s) of delivery for implementing the
intervention contents.
The BCW [23] detailed links between the TDF domains and
the potentially effective intervention functions, policy categories,
and BCTs. However, as the previous step identified 11 out of
14 TDF domains as relevant to the office workers’ SB, we had
a whole range of nine intervention functions as potentially
effective options. We then assessed the appropriateness of each
http://mhealth.jmir.org/2020/7/e17914/
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option by applying the APEASE (affordability, practicability,
(cost-) effectiveness, acceptability, side-effects or safety, and
equity) criteria [23]. From there, we excluded “coercion”
(creating an expectation of punishment or cost), as it conflicted
with the user requirement for agency, autonomy, and control
over work break rhythms. We also excluded “restriction” (using
rules to alter the opportunity to engage in the target or competing
behavior), as it was impractical and unacceptable to restrict
office workers’ access to seated workstations or prevent them
from going to long-seated meetings.
We discussed the seven policy categories (ie, service provision,
guidelines, fiscal measures, communication or marketing,
environmental or social planning, regulation, and legislation)
with human resource managers and staff wellbeing leads in
several organizations. It was concluded that only service
provision was relevant at the point of intervention design before
firm evidence of effectiveness was established.
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The process of selecting BCTs is detailed in Multimedia
Appendix 2, with examples of mapping shown in Table 1. In a
nutshell, we first adapted the matrix from the BCW guide [23]
to map the relationships between intervention functions and the
TDF-based behavioral diagnosis; we then identified potentially
effective BCTs for each cell in the matrix based on the BCW
guide [23]. This resulted in a range of BCTs selected for each
cell with illustrative intervention contents. We then removed
some BCTs (eg, restructuring the social or physical
environment) that did not meet the APEASE criteria.
We set out to utilize novel modes of delivery, particularly
IoT-enabled smart objects and wearables, as much as possible.
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However, considering the upfront development cost (the
“affordability” criteria in APEASE) for digitizing the delivery
of all BCTs and the high likelihood of making changes to the
intervention design after the feasibility and piloting phase
(“cost-effectiveness” criteria in APEASE), we decided to build
a minimum viable IoT product with all the essential
technological functions and complement it with face-to-face
sessions and email communication for BCTs that required
complex dialogue support and individualization (eg, goal setting
and action planning). Examples of intervention mapping
following the BCW are presented in Table 1 (see Multimedia
Appendix 2 for full details).

Table 1. Examples of intervention mapping following the behavior change wheel.

a

Constructs/mechanisms of action
targeted

Intervention function

BCTsa

Memory, cognitive overload, and
behavioral regulation

Enablement

Conserve mental resources, feedUse wearable trackers to automatiback on behaviors, and self-monitor- cally monitor sitting time, and an
ing
app provides daily feedback to enable user to self-monitor day-to-day
changes in break patterns.

Belief about capabilities

Education

Feedback on behaviors

Prospective memory, cognitive
overload, and goal priming

Environmental restructuring

Conserve mental resources, prompts Add or augment objects that faciliand cues, and add objects to the en- tate the performance of breaks; use
vironment
the object to cue breaks naturally
associated with the object (eg, augment a cup to cue tea breaks).

Breaking habit, self-efficacy, and
implementation intention (goal accessibility)

Enablement

Action planning

Researcher guides the person to set
up plans to combat prolonged sitting
by specifying the frequency and
duration of breaks, including developing “if-then” rules that use an IoT
object as the cue.

Habits and contingencies

Training

Habit formation

Researcher guides the person to develop automatic responses to the
introduced stimuli (the IoT object)
through repetition.

Intervention components and modes
of delivery

An app presents daily summary of
and feedback on the sit-break pattern.

BCT: behavior change technique.

Stage 4: Elicit Stakeholder Inputs (Study 2)
In this stage, we invited stakeholders (eg, managers and
occupational health consultants working for organizations) to
review both theory-based and user-centered design requirements
generated from the previous stages in order to assess potential
acceptability of the proposed design in various organizational
contexts from managerial or experts’ perspectives. We decided
to conduct a design workshop, which is a common HCD method
for bringing together a cross-section of stakeholders to not only
identify issues that need to be addressed (similar to focus
groups), but also produce design solutions collaboratively [36].
Card-based ideations and low-fidelity (lo-fi) prototyping
activities are frequently employed in design workshops. The
former usually relies on ideation decks created for specific
design briefs with contents illustrating parameters directly
relevant to the design problems of interest to prompt group
creativity and discussions [48]. Lo-fi prototyping refers to
creating noninteractive mock-ups of potential design solutions
http://mhealth.jmir.org/2020/7/e17914/
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with little or no programming or engineering effort, which are
useful to represent system requirements and to allow the design
team and stakeholders to evaluate candidate solutions and
identify problems with them before investments in technical
development [36].

Methods
Our workshop was funded as an industry engagement activity
by the Balance Network [49] and promoted by workplace health
specialist networks and word of mouth. Many work health
specialists expressed interest to learn about outcomes from the
workshop, but only eight could make it on the workday when
it was hosted. The eight delegates (two female and six male)
represented large organizations, small-to-medium–size
enterprises, and public and private sectors, and all had an interest
in enhancing employee health and wellbeing.
Materials for the workshop are provided in Multimedia
Appendix 3. The half-day workshop started with requirement
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review, where each participant completed an individual
worksheet that asked them to rate the COM-B and TDF
behavioral determinants elicited from Study 1 in terms of “to
what extent does this statement reflects what you have observed
in your workplace?” and “how important do you think this
factor is in determining micro-break behaviors?” We then
presented the participants with a diagram illustrating the
proposed intervention delivery system with the following three
components: a wearable activity tracker, a smartphone app, and
an IoT cup or water bottle (without delineating interactions or
user interfaces in detail). We brought some commercially
available IoT cups (eg, Cuptime, Moikit Ltd) and passed them
around to give participants a more concrete idea of how
embedded sensing, data processing, wireless connectivity, and
different digital interfaces could fit together and what features
such products were capable of delivering. Participants were
encouraged to challenge the proposed system design and to
raise potential deployment issues in workplace settings. We
also encouraged participants to suggest alternative objects as
the medium for delivery.
Thereafter, participants split into two groups to ideate system
features by completing group worksheets. The process was
supported by a deck of 25 persuasive IoT ideation cards that
we specially designed for this project, which consisted of three
categories of “opportunity” cards, namely physical, social, and
sensing opportunities. The contents were created based on
inspiration from previous IoT decks [50], persuasive design
frameworks [51], and the BCT taxonomy [34].
After the ideation, participants were introduced to the concept
of lo-fi prototyping. In addition to common lo-fi prototyping
materials like paper and Play-Doh, we supplied our participants
with LittleBits (LittleBits Electronics Inc), an educational kit
with modular electronics that could snap together with small
magnets to make circuits attachable to Lego cups. This
innovative combination of tools and materials was intended to
help participants envision and evaluate various modalities (eg,
light, vibration, and audio) through which they could be
reminded by a potential smart cup in the workplace. The
prototyping activity was concluded with a showcase session,
where each group reported back on their design ideas and
prototypes, with the other group asking questions and suggesting
improvements to the design.
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Results
The requirement review did not particularly challenge behavioral
insights from Study 1; participants were receptive to the
proposed intervention and technology, and raised questions
mostly concerning technical feasibility (eg, “can the system
detect a break if the user doesn’t not take the cup with him/her
during the break?”).
Group 1’s design (Figure 3) validated the requirements for
personalization and user autonomy elicited from Study 1 and
revealed new requirements concerning specifics about the
interaction flow and feedback interfaces. They prototyped a cup
with an ambient display that could be personalized to individual
users. They suggested the display, for instance, could gradually
reveal a picture of the user’s dog to suggest that the user was
increasingly in need of a break (represented by the light-emitting
diode [LED] dimmer switch in the prototype in Figure 3). The
proposed design also included two buttons for the cup; one to
allow the user to temporarily disable all reminders during
meetings and the other to “snooze” reminders (the user could
postpone a visual reminder for breaks for up to three times, after
which a vibratory reminder would be triggered on one’s
wristband). Group 1 also created paper prototypes for a
companion app, which illustrated features like automated
tailored feedback and rewards for regular breaks. Finally, Group
1 preferred that all data be kept private online, although users
could choose to share their app screens with friends and
co-workers offline to foster competition. Group 2’s design
revealed more nuances in the balance between harnessing social
influences and respecting individual privacy. The design was
targeted at open plan offices with the culture of co-workers
taking turns to bring back drinks from the kitchen for others so
that most people could work for longer without interruptions.
Group 2 decided to harness this existing culture by identifying
and prompting the most sedentary person in the office to stand
up for a break. In this way, each user would be motivated to
break up sitting more proactively to prevent one’s own cup from
buzzing and embarrassing oneself in the office. In addition,
Group 2 suggested fostering social cooperation and team
competition by deploying, in the staff common room, a
dashboard displaying each office’s aggregate activity data.
Nonetheless, Group 2 emphasized that the dashboard should
not give away any behavioral data identifiable to individuals.
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Figure 3. Design idea generated by Group 1.

Stage 5: Technical Design and Development
A range of tools, including diagrams, wireframes, mockups,
and pseudocodes, were used to document the requirements
throughout the previous stages. These were then compiled into
a requirement specification document (Multimedia Appendix
4), which was frequently referred to and refined over the process
of technical implementation.
It was decided at this stage that BCTs related to social influences
(eg, social support, social comparison, and demonstration of
the behavior by managers and workplace champions) would
not be technically implemented for the following three reasons:
(1) both Study 1 and Study 2 suggested that the technology
would likely trigger conversations and competitions between
office mates offline, even without explicit instructions for social
comparisons in the app; (2) the integration of social functions
would complicate the architecture design and increase
development time; (3) both studies suggested potential ethical
controversies associated with sharing data about an individual’s
break patterns in terms of surveillance on employees’ work
behavior and that it might impel some workers to sit for longer
in an attempt to impress others.

Development Platform, System Architecture, and
Application Programming Interfaces
We researched ways to digitally augment an everyday vessel
and enable it to track the physical footprints of itself and its
owner, and to deliver meaningful just-in-time adaptive
interventions. After an audit and comparison of different IoT
development platforms, we selected the MetaWear RG
(MbientLab Inc) platform, which includes an accelerometer, a
color LED, and a Bluetooth Low-Energy (BLE) module
on-board, as well as an Android software development kit
(SDK). The SDK was important as it allowed us to focus on
software development (eg, streaming accelerometer data
captured by the wearable device over a BLE connection in
http://mhealth.jmir.org/2020/7/e17914/
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real-time) without much investment in hardware engineering.
A diagram that illustrates the system architecture and application
programming interfaces used is included in Multimedia
Appendix 4.

Interface Design
Based on Android guides for user interface and navigation
design [52], we created wireframes to illustrate the information
architecture (eg, layout and navigation) and interaction flow for
the app (Multimedia Appendix 4). Tabs were chosen for lateral
navigation between three sibling sections, namely “track,”
“history,” and “rewards,” which were expected to be used most
frequently. The infrequently used and discrete options (“about,”
“user setting,” and “researcher setting”) were accessible from
a drop-down menu at the top right corner.

Algorithm and Database Design
Previous accelerometry-based activity classification algorithms
predominantly applied thresholds to processed accelerometer
output in the form of counts per epoch (CPE), which was
indicative of activity intensity [53]. Owing to a lack of
established cutoff points between SB and LPA for the MetaWear
RG sensor, we conducted a series of structured data collection
sessions, in which the wearer undertook various activities (eg,
sitting while typing, sitting while writing, sitting while talking
with hand gestures, sitting while doing torso twist, standing up,
walking for five steps, and walking continuously) and identified
the cutoff point between SB and LPA breaks based on visual
inspection. The data revealed that sitting activities featured a
CPE of 5 or less most of the time and 5-10 occasionally (eg,
torso wrist), continuous walking featured a CPE of 23-30, and
standing activities that involved mild ambulation (eg, standing
up to open the window blinds and fetching a file in the same
room) had an CPE of 10-25. We decided that the system should
pick up two types of events that we wanted to consider and
encourage as “breaks,” including a burst of high-intensity
movement (CPE >25) that signifies walking to a different room
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17914 | p.104
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and a continued period (>20 epochs or 5 min) of mild
ambulation (CPE >10) that potentially involves doing chores
in the room.
From there, we developed an algorithm that differentiated
inactivity (ie, SB and standing still) and activity (ie, ambulatory
breaks) based on a combination of activity intensity (ie, CPE
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cutoff points; parameters C, Q, and A in Figure 4) and
temporality (ie, number of continuous epochs with CPE
exceeding the cutoff points; parameters D, P, and B). Moreover,
the algorithm featured a break detection mode and a break
register mode to reduce frequent transitions between SB and
breaks that were most likely caused by sporadic hand
movements (eg, fidget and gesture).

Figure 4. Activity classification algorithm.

To support tailoring, we included a password-access menu in
the app that allowed the researcher to change the default
http://mhealth.jmir.org/2020/7/e17914/
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parameters to adjust the sensitivity of the break detector for
individual participants if required. For instance, the value of C
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could be raised by up to 5 CPE if the participant had particularly
vigorous wrist movements in a sitting position that caused false
positive break detections and the value of D could be lowered
to 1 CPE if the break facility was close to the participant’s office
and if the participant preferred a quick trip to the break facility
to be recognized as a break. The researcher could lower the
value of P to 1 CPE, which would make the system not
recognize mild movements as breaks at all.
Finally, while designing the algorithm, we considered the
research needs for assessing fidelity and quantity of delivery
for the WorkMyWay intervention. Hence, we designed the
algorithm to detect an invalid tracking period caused by nonwear
or technology failure based on the number of continuous epochs
of zero counts. Moreover, we requested that the system log
usage of the tracking and goal setting functions and record the
timestamps of prompt delivery. In this way, fidelity could be
operationalized as the percentage of tracking time that is valid
and the percentage of prompts successfully delivered, and
adherence to different functions could be operationalized as the
number of days of use of each of the functions.

Casing Design
We discussed internally and consulted with product designers
on several options to fix the electronics to the vessel, and we
considered the ease of use for participants, as well as the ease
and cost of production. We decided to three-dimensionally print
cases for the MetaWear electronics using a template from the
MetaWear manufacturer and make the printed case attachable
to any vessel with a belt or Velcro tape. This would make the
limited sets of MetaWear electronics reusable (ie, could be taken
off and stuck to another vessel for the next participant without
hygiene problems) and easy to handle for both researchers and
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users (ie, could be removed from the cup or bottle during
meetings, for charging, and at the end of the study).

Results
Final WorkMyWay Intervention
We describe the resulting WorkMyWay intervention. To increase
the quality of reporting, a TIDIeR checklist [54] is presented
in Multimedia Appendix 5. Intervention materials are presented
in Multimedia Appendix 6. The text below briefly describes the
IoT-enabled delivery system and intervention protocol.

The Technological Delivery System
The resulting intervention delivery system consists of a PA
monitor (called “wrist device”) to be worn by the user, an LED
reminder to be attachable to any cup or bottle (called “cup
device”) of the user’s choice, and an Android app connected
with both devices over Bluetooth (Figure 5). The wrist device
automatically tracks movement and constantly syncs data with
the app. The app differentiates activity and inactivity with the
algorithm described above and actuates the LED according to
the user’s period of inactivity and prespecified rules (Figure
6A). At the end of each day, the app provides more detailed
visual and numeric summaries of daily SB (Figure 6B) and
rewards behavioral improvements and goal achievements with
trophies and badges (Figure 6C). The “reward” section in the
app allows the user to review previous rewards (Figure 6D) and
adjust goals (Figure 6E). There is an “about” page with scientific
facts about SB and information about the study, which is
accessible from the drop-down menu. In addition, a WorkMyWay
Lite app is made for baseline measurement, which works with
the wrist device alone and merely provides “tracking”
functionality (ie, no feedback).

Figure 5. The resulting intervention delivery system. LED: light-emitting diode.
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Figure 6. Screenshots of the WorkMyWay app.

Intervention Delivery Protocol
The timing and dosage of delivery for different intervention
components are summarized in Figure 7.
First, to set up personalized goals, the intervention requires
information about individual participant’s baseline SB, which
needs to be collected with the WorkMyWay Lite system for 2
weeks. A trained researcher or occupational health consultant
should help the participant set up the connection and give
instructions on technology use at a face-to-face briefing session.
A one-page two-sided “study cheat” sheet is also provided to
each participant (Multimedia Appendix 6). After the 2-week
baseline period, the researcher revisits the participant, replaces
the Lite app with the full WorkMyWay app, fixes the “cup
device” to a vessel of the participant’s choice, and delivers a

30-min brief action planning (BAP) session to prepare the
participant for the upcoming 6-week intervention period. BAP
is a support technique that mirrors the spirits of motivational
interview [55] and is aimed to facilitate participants in forming
action plans that they feel confident to achieve. For instance,
instead of prescribing a desired end state for the participant, the
researcher can ask, “now that we’ve looked at your baseline
data and talked about prolonged sitting and health, is there
anything you would like to do for your own health in the
workplace in the next week or two?” The participant will be
guided to make specific action plans in terms of how often they
would like to break up sitting in different contexts and to make
use of the three configurable LED events to support execution
of the action plans. The full BAP protocol is detailed in
Multimedia Appendix 6.

Figure 7. The timing and dosage of delivery for each intervention component and the underlying behavior change techniques (BCTs). The underlying
BCTs are specified in blue boxes, and the modes of delivery are indicated by icons (eg, wrist device, smartphone app, cup device, and researcher’s
email).
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After the BAP session, the participants will use the full
WorkMyWay app with the wrist and cup devices during their
own office hours, with minimum intervention from the
researcher for 6 weeks. To enhance adherence, a weekly
reminder email is sent to the participants by the researcher on
each Monday morning. The third weekly reminder email
contains an extra message that completes the BAP protocol by
prompting the participants to review their “history” in the app,
compare performance against the goals initially set by them at
the BAP session, and adjust the goals and reminder settings in
the app if necessary. The email also asks the participants if they
want to have the break detection sensitivity threshold adjusted
to suit their individual work contexts and preferences.
After 6 weeks, the researcher contacts each participant to
schedule a debriefing interview, where subjective experiences
of the behavior change intervention and technology use can be
discussed.
The researcher or practitioner needs to be trained in both
troubleshooting the WorkMyWay system and applying the BAP
techniques. All sessions need to take place at the participant’s
workplace.

Discussion
Principal Results
This paper describes the development process, as well as the
final design of a novel SB intervention delivered with an IoT
system. We have followed a systematic and comprehensive
theory-driven development approach while drawing upon HCD
methods to involve stakeholders in the design process. The
resulting intervention draws upon a total of 17 BCTs to target
behavioral determinants in 11 theoretical domains. We reflect
on the novel design of our delivery system, as well as the
development process to discuss lessons for future research.
Our WorkMyWay system is complex, combining the following
three distinct types of devices that deliver different intervention
components to target different behavioral determinants:
1.

2.

3.

A screen-based component (the app) that focuses on
delivering the intervention functions of education,
persuasion, and incentivization. This approach has been
extensively used and tested in existing DBCI research [56].
A wearable component that focuses on delivering the
intervention function of enablement by automatically
collecting and livestreaming PA data over a Bluetooth
connection, which essentially offloads the human cognitive
task of self-monitoring to the technology. This is also an
established approach in both academic literature and
commercial products [57].
An IoT component (the digitally augmented vessel) that is
intended to deliver the intervention function of
environmental restructuring and enablement, as it is
seamlessly integrated into an office worker’s working
environment and daily routine to create awareness of sitting
time with subtle prompts and cues for breaks. This is the
novelty of our approach.
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A key lesson from our technology design is therefore, first of
all, to recognize the different modalities of communication
afforded by different devices and carefully choose suitable
media to deliver intervention contents with the appropriate level
of obtrusiveness for different moments. In our case, the types
of contents to be delivered range from a detailed timeline of
activity episodes for end-of-day reflection, through “at-a-glance”
environmental cues for in-situ awareness and actionable
information, to unobtrusive and unnoticed data capture. Our
various interfaces embody a range of interaction styles that
operate in the foreground (ie, occurs in the center of attention)
versus background (ie, attentional peripheral) [58], which has
been debated substantially in human-computer interaction. The
advocacy for designing background interactions dates back to
Mark Weiser’s vision [59] that technology will weave into
everyday life and become unnoticed eventually, which was
followed on by the call for calm computing [60]. Our design of
the glanceable IoT component mirrors the ethos of calm
computing by making it stay in the periphery of the user’s
attention most of the time without intruding on the user and
only move to the center of attention when prolonged sitting is
detected and just-in-time intervention is required. On the
contrary, our app is designed to counter balance this
embeddedness and calmness with the need to engage, stimulate,
and provoke users to be reflective at the end of each workday
[61]. This also highlights the importance of the intervention
protocol that specifies when and how each technological
component is to be used and for how long (ie, the required
dosage of each component).
Furthermore, we argue that IoT-enabled objects should not be
seen as a replacement for screen-based apps and wearables, but
rather as an addition. Those smart objects are particularly
suitable for delivering certain intervention functions from the
BCW, such as enablement and environmental restructuring,
whereas screen-based media are better reserved for the
intervention functions of education and training. Hence, instead
of designing a whole IoT intervention delivery system anew,
designers might consider a more incremental approach,
extending existing apps and wearables with complementary IoT
objects that will eventually contribute to a more complete
ecology of DBCI technologies.
Another aspect we want to reflect on is the design of data
processing, which has implications for requirements like
personalization, user autonomy, and privacy. Given sufficient
training data, we recognize the potential to replace our “quick
and dirty” algorithm with a more sophisticated machine learning
algorithm that can learn about and adapt to individual patterns
of behavior. However, it should be noted that our manually
designed classification rule has the advantage of transparency,
so that researchers and clinicians delivering the intervention
can potentially adapt it for individuals by directly tweaking its
various parameters, which is easier than adjusting a “black box”
machine learning algorithm. We also noted the need for sharing
data between the various technological components. This
requires attention to reliable networking and a potentially
encrypted data transmission protocol that is a hidden but often
difficult aspect of technical development, with important
implications for data security, privacy, and ownership. In the
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context of PA tracking in the workplace, who has access to data
is a nontrivial issue and needs to be handled with caution to
minimize the chance of employer surveillance or peer pressure
that can sabotage the health initiative.

Strengths
A major strength of this study was the application of the BCW
and related frameworks (eg, TDF, the BCT taxonomy, and
TIDIeR) to structure the development and description of the
intervention, which helped clarify theoretical underpinnings,
active ingredients, and the final design. There has been a call
for more thorough reporting of intervention design and
development processes [62], and papers documenting the design
and development of DBCIs with those frameworks have
emerged over the past few years [63-65]. However, these papers
tended to report on the design and development of interventions
delivered with less advanced technologies, such as web pages,
smartphone apps, and SMS, rather than IoT technologies. To
our knowledge, our study is the first to systematically apply all
BCW steps to develop an IoT-enabled intervention and
specifically reflect on this technological approach.
Another strength of this study was related to factoring in the
need to assess fidelity and dosage of delivery at the time of
designing the database. This meant the right type and structure
of data were requested to be captured and stored to allow
monitoring of user interactions with individual functions, as
well as the whole intervention. The intervention mapping table
(Multimedia Appendix 2) together with our monitoring data
will be useful for separating and clarifying the effects of
individual intervention components, which could contribute to
the endeavor to establish links between BCTs and specific
mechanisms of action in the field of DBCI research [66].
A third strength of the design process was the seamless
integration of the bottom-up HCD approach into the top-down
theory-driven intervention design process. Other studies drawing
on similar approaches tended to implement BCW and HCD in
distinct studies or phases [64,67]. Our approach was slightly
different as we embedded HCD in BCW-guided studies. For
instance, Study 1 served the dual purposes of behavioral
diagnosis under the BCW framework and requirement elicitation
under the HCD methodology. Study 2 could be seen as a public
and patient involvement activity [68] in the context of health
intervention design, though we moved beyond public and patient
involvement to empower stakeholders with two innovative HCD
methods. Ideation cards provide an accessible and “bite-sized”
representation of design knowledge (including theory-informed
BCTs and technological opportunities) for use by stakeholders
from various backgrounds during collaborative design sessions.
The cards essentially act as a bridging mechanism between
theories and practical design solutions. Lo-fi prototyping,
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including the use of an IoT maker kit and loose materials,
enables stakeholders to become more “hands on” in the design
process and engage with emerging technologies without needing
to acquire software or electronic engineering skills. We suggest
that both methods can complement more traditional interviews
and focus groups to elicit stakeholder requirements for novel
futuristic modes of delivery (ie, smart objects) while grounding
design solutions in theories.

Limitations and Future Work
First, our final design had a rather rough look, as we used the
MetaWear hardware, SDK, and three-dimensional printing
template to reduce production difficulty and cost. Developing
a finely finished IoT product ideally requires a team of product
designers and electronic engineers, as well as software and data
engineers. With that said, IoT technologies evolve so rapidly
that an IoT-based intervention likely needs to be improved over
time after it is developed. Hence, we compromised by building
a “minimum viable product” with all the essential components
for a proof-of-concept study before investing heavily in
developing a finely finished product. The Medical Research
Council framework also suggests a phased approach to
evaluating complex interventions, starting from feasibility
studies targeted at each of the uncertainties in the design and
moving on to a pilot and then a definitive trial [21]. Hence, we
suggest deploying and evaluating the current version of the
WorkMyWay intervention in real office-based workplaces on
a small scale, with focus on assessing the acceptability and
feasibility of the various components and the protocol,
identifying barriers and facilitators to use, and clarifying the
mechanisms of action prior to pilot and full-scale randomized
controlled trials.
A second drawback of this research concerns the small and
self-selected sample in both studies, which limits the
generalizability of the findings. Self-selection filtered out those
unconcerned about the issue of SB or lacking control of break
behavior at work. The wider acceptability and effectiveness of
WorkMyWay will need to be demonstrated by conducting
evaluative studies with more representative samples in diverse
office-based workplaces.

Conclusions
This paper documents the design and development of
WorkMyWay, an IoT-enabled behavior change intervention to
reduce workplace SB. The development process applied
behavioral theories systematically while drawing on HCD
methods. The resultant intervention, including its content,
rationale, and delivery, is detailed to allow replication. Future
studies are needed to evaluate the feasibility of the intervention
in office-based workplaces and the efficacy of the intervention
in improving office workers’ behavioral and health outcomes.
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Abstract
Background: There is a growing trend in the use of mobile health (mHealth) technologies in traditional Chinese medicine
(TCM) and telemedicine, especially during the coronavirus disease (COVID-19) outbreak. Tongue diagnosis is an important
component of TCM, but also plays a role in Western medicine, for example in dermatology. However, the procedure of obtaining
tongue images has not been standardized and the reliability of tongue diagnosis by smartphone tongue images has yet to be
evaluated.
Objective: The first objective of this study was to develop an operating classification scheme for tongue coating diagnosis. The
second and main objective of this study was to determine the intra-rater and inter-rater reliability of tongue coating diagnosis
using the operating classification scheme.
Methods: An operating classification scheme for tongue coating was developed using a stepwise approach and a quasi-Delphi
method. First, tongue images (n=2023) were analyzed by 2 groups of assessors to develop the operating classification scheme
for tongue coating diagnosis. Based on clinicians’ (n=17) own interpretations as well as their use of the operating classification
scheme, the results of tongue diagnosis on a representative tongue image set (n=24) were compared. After gathering consensus
for the operating classification scheme, the clinicians were instructed to use the scheme to assess tongue features of their patients
under direct visual inspection. At the same time, the clinicians took tongue images of the patients with smartphones and assessed
https://mhealth.jmir.org/2020/7/e16018
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tongue features observed in the smartphone image using the same classification scheme. The intra-rater agreements of these two
assessments were calculated to determine which features of tongue coating were better retained by the image. Using the finalized
operating classification scheme, clinicians in the study group assessed representative tongue images (n=24) that they had taken,
and the intra-rater and inter-rater reliability of their assessments was evaluated.
Results: Intra-rater agreement between direct subject inspection and tongue image inspection was good to very good (Cohen
κ range 0.69-1.0). Additionally, when comparing the assessment of tongue images on different days, intra-rater reliability was
good to very good (κ range 0.7-1.0), except for the color of the tongue body (κ=0.22) and slippery tongue fur (κ=0.1). Inter-rater
reliability was moderate for tongue coating (Gwet AC2 range 0.49-0.55), and fair for color and other features of the tongue body
(Gwet AC2=0.34).
Conclusions: Taken together, our study has shown that tongue images collected via smartphone contain some reliable features,
including tongue coating, that can be used in mHealth analysis. Our findings thus support the use of smartphones in telemedicine
for detecting changes in tongue coating.
(JMIR Mhealth Uhealth 2020;8(7):e16018) doi:10.2196/16018
KEYWORDS
mobile health; smartphone; traditional Chinese medicine; telemedicine; tongue image; machine learning; oral disease; Gwet AC2;
COVID-19

Introduction
Traditional Chinese medicine (TCM) has been practiced for
over 3000 years in China and it has recently embraced mobile
health (mHealth) [1-3]. In TCM, the practitioners combine
tongue diagnosis with other signs and symptoms collected
through the 4 diagnostic methods to attain a holistic view of the
patient’s health status, so as to formulate strategies to adjust
any imbalance in body functions [4]. Particularly, the color and
texture of tongue coating or fur serves as a simple and effective
means to aid syndrome differentiation in TCM [5]. Thus, tongue
fur has been shown to be of significant importance in
differentiation of TCM patterns associated with many diseases,
such as asthma [6], gastric cancer [7], metabolic syndrome [8],
hepatitis [9], gastritis [5], and, most recently, coronavirus disease
(COVID-19) [10].
Anatomically, the dorsal surface of the tongue is divided by the
sulcus terminalis into the anterior two-thirds (oral part), and the
posterior one-third (pharyngeal part). TCM tongue diagnosis
examines mainly the oral part, which is covered by a connective
tissue core with overlying stratified squamous epithelium on
the surface. The epithelium on the oral part of the tongue forms
three types of papillae, and they have been named for their
appearance: filiform, fungiform, and foliate papillae. In TCM,
tongue fur refers to the keratinized tip of filiform papillae and
dead epithelial cells, and its appearance is also affected by oral
bacteria, blood metabolites, and salivary secretions from mucous
and serous glands [11]. The fungiform papillae are highly
vascularized and they provide the base color of the tongue body
in TCM diagnosis. The foliate papillae are located at the edge
of the tongue posteriorly and have an insignificant contribution
to tongue coating.
In general, TCM diagnosis, including tongue diagnosis, has
been found to be subjective with low inter-rater reliability
[12-15]. Diagnosis made from tongue images collected by
mobile devices may be more variable, due to variations in
photographic techniques, camera settings, environmental
lighting, light sources, display devices, etc [16]. These variations
https://mhealth.jmir.org/2020/7/e16018
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present barriers in the direct use of smartphone-collected tongue
images in telemedicine and the application of machine learning
for automatic tongue diagnosis in mHealth. Previously, we
compared the results of tongue diagnosis from smartphone
images and a commercially available tongue diagnostic device
with those from direct inspection of human subjects. We found
that the colors of tongue coating were the most consistently
rated features between image inspection and direct subject
inspection [17]. To further explore the characteristics of tongue
diagnosis using smartphones, we set out to investigate the
intra-rater and inter-rater reliability of tongue diagnosis using
smartphone images. We first developed an operating
classification scheme for tongue coating using a stepwise
approach and a quasi-Delphi method. Subsequently, the study
group used the same scheme to assess tongue features under
direct subject inspection and with the tongue images of the same
subjects. This was done to determine the reliability of tongue
images in displaying features of the tongue. Finally, the
intra-rater and inter-rater agreement of a representative tongue
image set were evaluated to determine the reliability of tongue
diagnosis using smartphone images. We hypothesized that
certain tongue features would be recognized more consistently
than others when examined through smartphone images.

Methods
Participants
First, 2 groups of TCM students (n=2 in each group) who had
completed a TCM diagnostic course were employed to work
independently on the initial classification of Image Set I in
Experiment 1. To develop a working classification scheme, a
total of 18 TCM clinicians, all of whom were qualified Chinese
medicine practitioners, participated in a quasi-Delphi process,
which involved Experiments 2 and 3 (Figure 1). The Delphi
process group of clinicians were from several university clinics
in Hong Kong and their respective teaching hospitals in
mainland China, or were research collaborators associated with
these universities, with a median of 14 years in clinical practice
(95% CI 12-23). The same group of clinicians participated in
the assessment of intra-rater and inter-rater reliability.
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Figure 1. Flowchart of the study.

Image Collection
The study protocols for tongue image collection were designed
in accordance with the Declaration of Helsinki and approved
by the Committee on the Use of Human and Animal Subjects
in Teaching and Research of Hong Kong Baptist University.
Verbal informed consent was obtained from subjects after the
nature of the study was explained. Tongue images were collected
in various Chinese medicine clinics of Hong Kong Baptist
University and its teaching hospitals in Guangzhou. Image set
I consists of a total of 2023 tongue images taken with
smartphones (iPhone [Apple Inc], HUAWEI [Huawei
Technologies Co Ltd], Samsung [Samsung Group], and Xiaomi
[Xiaomi Corp]; about 400 images per brand) and a
computer-aided diagnostic system (DS01-A, Shanghai Daosheng
Medical Technology Company; n=398) for previous studies
[17]. Image set II consists of 24 representative images chosen
from image set I. Image set III consists of 34 tongue pictures
taken by 17 research participants using their own smartphones
according to the standardized photographic protocol, and image
set IV consists of 24 representative images chosen from image
set III. The assessment of tongue image features was conducted
https://mhealth.jmir.org/2020/7/e16018
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online using the questionnaire builder Qualtrics to allow
anonymous contributions by different participants from different
locations (Figure 1).

Standardized Photographic Protocol
Images in image set III and IV were collected using a
standardized photographic protocol, which consisted of the
following instructions: (1) start the phone’s camera function
without using any filter or artificial intelligence (AI) function;
(2), turn on the flash; (3) holding the phone directly in front of
the subject, aim at their lips with a 45 degree angle with the
phone 15-20 cm away; (4) tap on the screen to adjust focus
when the subject protrudes the tongue and then take a picture;
and (5) upload the full resolution image to the online
questionnaire system. A 1-minute video demonstrating the
photo-taking process was made available to all participants and
written instructions were provided to indicate the resolution and
orientation requirements for tongue images. The resultant images
were checked for focus and orientation before being accepted
into the study set. The images chosen for image set III were
taken with iPhone (n=18), HUAWEI (n=11), and Xiaomi (n=5)
smartphones.
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Study Flow
To develop the operating classification scheme for tongue fur,
2 groups of assessors in Experiment 1 independently analyzed
image set I for fur features by noting the percentage of area that
was covered by one of the designated colors of fur (ie, white,
yellow, gray, and black), without specifying a designated fur
feature. They also analyzed tongue fur textures based on the
standard description by the World Health Organization (WHO)
[18]. Based on the results from Experiment 1, an operating
classification scheme was formed for later experiments. In
Experiment 2, 18 raters determined tongue fur features in image
set II based on their own interpretation first, then again based
on the operating classification scheme. The inter-rater
agreements of the two assessments were compared to see if the
results of the working classification scheme were comparable
with conventional judgements. Additional feedback from
participants was also taken into consideration for improving the
scheme. For efficiency reasons, we only examined tongue fur
in Experiment 2 because other tongue features, such as shape
and color of the tongue body, were known to be highly variable
when judged by images [17,19]. In Experiment 3, the operating
classification scheme was modified based on feedback and this
classification scheme was used to assess the intra-rater
agreement between direct subject inspection and indirect image
inspection using image set III. Participants were instructed to
first observe the subject directly and then record their
observations of tongue features on the online questionnaire.
They then took a picture of the subject’s tongue according to
the standardized photographic protocol described above.
Following that, they uploaded the image to the online
questionnaire and answered the questions to describe the tongue
features again based on their observation of the image. They
were specifically instructed to not refer back to the rating based
on direct inspection and to instead provide a new rating based
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on observation of the tongue image. In Experiment 4, which
was conducted 24 hours after Experiment 3, the inter-rater
agreement of image set IV was assessed with the operating
classification scheme finalized by feedback from Experiment
3. The intra-rater agreement on tongue images between
Experiments 3 and 4 was also assessed (Figure 1).

Statistical Analysis
The data were entered into SPSS Statistics Version 25.0 (IBM),
where analysis was conducted. Results were presented as Cohen
k, chi-square and Gwet AC2. Cohen k was computed for
intra-rater agreements and for agreement between 2 raters. When
comparing agreements among multiple raters, percentage was
used and chi-square was computed for statistical comparisons
between groups. Furthermore, the value of Gwet AC2 was
computed to indicate the extent of agreement among multiple
raters [19,20].

Results
Experiment 1
Figure 2 shows the results of analysis of 2023 images by 2
groups of independent observers in Experiment 1. The
percentage of area that is covered by one of the designated fur
colors is shown in Figure 2A-D. We then combined the
percentage of area values into two categories: those between
1% and 50% and those over 50%. As expected, the κ values for
the 2 observers increased after combining the percentages
(Figure 2E-H).
Based on findings from Experiment 1, an operating classification
scheme using a broad description for the percentage of coverage
that determined the color of tongue fur was developed; Table
1 displays the finalized version of the scheme.
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Figure 2. Results of tongue coating analysis on 2023 tongue images rated by 2 assessors. A-D) The original scoring results of white, yellow, gray, and
black tongue fur, respectively. E-H) The scoring results after scores were sorted into two categories (1%-50% and 51%-100%). I) The results of tongue
fur textures. The P value of κ is <.001.
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Table 1. Tongue fur feature definitions and finalized operating classification scheme.

a

Tongue fur features

World Health Organization (WHO) definition Finalized operating classification scheme

White fur

Tongue coating white in color

Over 50% of the total area covered by coating is white, with the remaining
coating showing no prominent coloring.

Yellow fur

Tongue coating yellow in color

Over 50% of the total area covered by coating is yellow, with the remaining
coating showing no prominent coloring.

Gray fur

Tongue coating gray in color

Over 50% of the total area covered by coating is light dark, with the remaining
coating showing no prominent coloring.

Black fur

Tongue coating black in color

Over 50% of the total area covered by coating is black, with the remaining
coating showing no prominent coloring.

Yellow and white
fur

N/Aa

There is prominent yellow coating occupying 50% or less of the total coating
area, with the rest of the coating area being white or not obvious.

Gray and white fur

N/A

There is prominent light dark coating occupying 50% or less of the total coating
area, with the rest of the coating area being white or not obvious.

Black and white fur

N/A

There is prominent black coating occupying 50% or less of the total coating
area, with the rest of the coating area being white or not obvious.

Yellow and gray fur

N/A

There is yellow and light dark coating, with each color occupying 50% or less
of the total coating area, with the rest of the coating area being white or not obvious.

Yellow and black
fur

N/A

There is yellow and black coating, with each color occupying 50% or less of the
total coating area, with the rest of the coating area being white or not obvious.

Gray and black fur

N/A

There is light dark and black coating, with each color occupying 50% or less of
the total coating area, with the rest of the coating area being white or not obvious.

Yellow, gray and
black fur

N/A

There is yellow, light dark, and black coating, with each color occupying 50%
or less of the total coating area, with the rest of the coating area being white or
not obvious.

Mirror tongue

A completely smooth tongue free of coating, Absence of any coating.
like a mirror

Thick fur

A tongue coating through which the underly- Apart from the pharyngeal part of the tongue, there is an area covered by coating
ing tongue surface is not visible.
through which the underlying color of tongue body is not visible.

Slippery fur

A moist tongue coating with excessive fluid, The tongue surface is moist with a more than normal amount of fluid.
feels slippery.

Dry fur

A tongue coating that looks dry and feels dry Tongue coating is dry with a less than normal amount of fluid.
to the touch

Slimy fur

A dense, turbid, slimy tongue coating, stick- There are areas where the coating particles are fine, dense, evenly formed, and
ing on the tongue, hard to wipe off.
tightly attached to the tongue.

Thin fur

A tongue coating through which the underly- Apart from the pharyngeal part of the tongue, the tongue is covered by coating
ing tongue surface is faintly visible
through which the underlying color of tongue body is visible.

N/A: not applicable.

Experiment 2
Experiment 2 compared the results of tongue fur diagnosis based
on the raters’ own interpretation versus those determined using
the operating classification scheme on image set II (n=24). It
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can be seen from Table 2 that, with the exception of black fur,
thin fur, and dry fur, similar percentages of inter-rater agreement
were found for both diagnostic processes (P>.05, chi-square
test), which indicates that the operating classification scheme
is comparable with conventional judgements.
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Table 2. Inter-rater agreements according to own interpretation (Questionnaire 2) or the operating classification scheme (Questionnaire 3) on image
set II (n=24).
Category

Questionnaire 2

Top 1 agreed features Number of images

Questionnaire 3
Average percentage of raters Gwet AC2
reaching agreement

Color of fur

Average percentage of
raters reaching agreement

0.35

Gwet AC2
0.33

White

3

56

4

60

Yellow

4

57

9

61

Black

2

61

1

88a

Yellow and white

12

48

6

45

Yellow and black

2

50

4

44

Yellow and gray

1

44

1

30

Mirror tongue

2

86

3

91

Texture of fur

a

Number of images

0.39

0.42

Thick

10

78

7

73

Slippery

5

77

4

78

Dry

4

68

N/Ab

N/A

Slimy

17

76

12

69

Thin

4

82

7

66c

P=.04; chi-square test.

b

N/A: not applicable.

c

P=.01; chi-square test.

Experiment 3
We slightly modified the operating classification scheme
according to comments from participants in Experiment 2, and
then applied it to the assessment of direct inspection and indirect
image inspection for the same subject. Several participants
reported that more details of tongue features could be recognized
from smartphone images than from direct inspection, which

supported the use of the standardized photographic protocol.
As seen in Table 3, there was very good agreement between
direct inspection and image inspection for color of tongue fur,
thick fur, dry fur, slimy fur, thin fur, and teeth-marked tongue
(κ range 0.85-1.0), and good agreement on slippery fur and
color of the tongue body (κ range 0.69-0.70). These results
indicate that smartphone photos taken with the standardized
photographic protocol retain many features of tongue fur.

Table 3. Intra-rater agreements between direct tongue inspection and image inspection, and between the first and second image inspection.
Tongue features

Direct and image inspection, n=34

First and second image inspection, n=24

K value

P value

K value

P value

Color of tongue fur

0.89

<.001

0.70

<.001

Thick fur

0.94

<.001

0.83

<.001

Slippery fur

0.70

<.001

0.10

.62

Dry fur

0.85

<.001

0.80

<.001

Slimy fur

0.88

<.001

0.75

<.001

Thin fur

0.93

<.001

1.00

<.001

Teeth-marked tongue

1.00

<.001

0.83

<.001

Color of tongue body

0.69

<.001

0.22

.06

Experiment 4
To allow the evaluation of inter-rater reliability using the
finalized operating classification scheme, 24 representative
images from image set III were selected to form image set IV
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(Table 4). The AC2 values for color of fur, texture of fur, color
of tongue body, and tongue body feature were 0.49, 0.55, 0.34,
0.34, respectively. These findings indicate that there is a
moderate level of inter-rater agreement on tongue fur features,
but only a fair level of agreement on tongue body features.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16018 | p.121
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Wang et al

Table 4. Inter-rater agreement based on the finalized operating classification scheme.
Category, Top 1 agreed features

Number of images

Average percentage of raters reaching agreement Gwet AC2

Color of fur

0.49

White

7

65

Yellow

6

80

Yellow and white

4

50

Yellow and black

3

51

Yellow and gray

1

59

Yellow and gray and black

1

47

Mirror tongue

2

97

Texture of fur

0.55

Thick

16

83

Slippery

1

53

Dry

1

82

Slimy

16

86

Thin

6

78

Color of tongue body

0.34

Pale

4

a

68

Pale red

15a

64

Red

7

52

Features of tongue body

0.34

Teeth-marked

8

83

Enlarged

7

71

a

In this instance, 2 images had the same number of raters choosing either Pale or Pale red as top 1 agreed feature in the category Color of tongue body,
thus they were counted twice.

The intra-rater reliability on image set IV between the first and
second assessments, separated by 24 hours or more, is shown
in Table 3. It can be seen that the color of the tongue body and
slippery fur showed no relationship between the assessments,
whereas the other features show good to very good agreement.

of color of the tongue body and slippery fur. These results
suggest that certain features are less reliable than others in
tongue diagnosis using smartphone images. Finally, we found
a moderate level of inter-rater agreement for tongue fur features
and fair agreement for tongue body features.

Discussion

Traditionally, tongue diagnosis is performed by direct visual
inspection of the subject, but systematic evaluation of rater
agreement by multiple practitioners on tongue features is
difficult to achieve in clinical situations. It has been reported
that agreement on overall TCM diagnoses is generally low;
tongue diagnosis is one part of the criteria. Using tongue images,
a number of studies examined different kinds of agreement in
tongue diagnosis and the findings are quite variable, depending
on the type of comparison [12,17,21]. Kim et al [21] found low
levels of inter- and intra-rater practitioner agreements on tongue
images and identified that inadequate operational definitions
was the major contributing factor for the inconsistencies. To
standardize operational definitions and procedures, in this study
we developed an operating classification scheme and a
standardized photographic protocol, which appear to have
improved the level of inter-rater agreement, especially on tongue
fur color. However, we found that the assessments of tongue
body and slippery fur are unreliable, which is consistent with
previous findings [15,17].

Principal Findings
To our knowledge, this is the first systematic study to evaluate
intra- and inter-rater reliability of different tongue features using
images from smartphones. Using a quasi-Delphi method, we
developed an operating classification scheme to assess tongue
fur features and then applied the scheme to direct tongue
observation and indirect observation with tongue images. In
addition, we have established a standardized photographic
protocol for capturing tongue images with a smartphone. With
the scheme and image collecting protocol in place, we found
good to very good intra-rater agreement between the results of
direct tongue inspection and those of smartphone images when
rated immediately. This indicates that participants were
generally satisfied with the quality of smartphone images in
reflecting tongue features. However, when comparing the first
and second assessments of the tongue images, the level of
intra-subject agreement decreased, especially for the features
https://mhealth.jmir.org/2020/7/e16018
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Previously, classification of tongue fur images has either been
based on expert opinion or computer analysis, but no scheme
has been accepted as the standard method. Zhen et al [19]
recently studied 50 TCM experts and classified their diagnosis
methods into 3 categories based on their internal consistency,
external consistency, or both. This approach aimed to identify
the experts who could provide the most consistent diagnosis.
However, as the classification methods are not overtly stated,
this approach remains a black-box approach. We are in the
process of training AI for automatic tongue diagnosis, which
requires labelling a large number of images for machine
learning. For this purpose, it is not practical to find experts with
consistent diagnosis skills to do the labelling task. Here we have
employed a different approach, whereby we developed a simple
classification scheme and evaluated the scheme as used by
clinicians with different levels of experience. In so doing, we
generated an operational framework and improved the
definitions through feedback from participants. The advantage
of our approach is that, once defined, the operating classification
scheme can be used by any person with basic training in TCM
tongue diagnosis to label tongue images, and the classification
results are expected to produce similar inter-rater reliability.

Strengths and Limitations
There are a number of strengths as well as limitations in this
study. The first strength is in its novelty with the use of
smartphones without any color correction measures. It is
generally believed that the use of smartphones instead of a
purpose-built tongue imaging system would produce unreliable
results, due to variations in factors such as camera settings, light
source, and display settings [16]. However, we demonstrated,
for the first time, that using our tongue photographic protocol,
it is possible to obtain good quality tongue images with a good
to very good level of intra-rater agreement against direct tongue
inspection, and with a moderate level of inter-rater agreement
on fur features. In this regard, it is interesting to note that the
level of inter-rater agreement achieved using smartphone images
in our study is comparable with those findings obtained through
direct inspection of the tongue [15]. On the other hand, we found
a reduced intra-rater reliability between the first and second
assessments on tongue images, which suggests that human
factors also play an important role in the variability of tongue
diagnosis.

Wang et al
smartphones under uncontrolled situations, using practitioners
with differing levels of clinical experience and tongue images
of various fur colors. In addition, we kept both the classification
scheme and the photographic protocol simple and practical. We
believe that tongue images collected and evaluated in this way
would have good external validity, suitable for inspection by
TCM practitioners or development of a diagnostic app using
AI. It is also interesting to note that a number of Delphi
participants commented that, compared with routine clinical
tongue inspection, more details of tongue features can be
recognized
within
smartphone
images.
In
fact,
smartphone-captured tongue images have been used extensively
in the recent TCM management of COVID-19, and it was
believed that tongue coating diagnoses played an important role
in the formulation of TCM treatment strategies [10]. Taken
together, smartphone tongue images may be used as an initial
screening in areas of telemedicine other than TCM, including
common tongue conditions [22,23], diabetes [24], cancer [25],
and COVID-19 [26].
One of the limitations of this study is that we were not able to
assess the level of inter-rater agreement on direct tongue
inspection. This would have been useful as a comparison to that
of tongue image inspection. However, it was not feasible to
have many assessors examine 24 subjects face-to-face
repeatedly. Another limitation of this study is that the total
number of tongue images in the final set (image set IV) for
assessment of inter-rater agreement was relatively small. We
restricted image set IV to 24 images because we received
feedback from assessors that too many images could lead to
mental fatigue and inaccurate labelling. For future studies, it
would be advisable to separate the image set into smaller sets
if a larger number of images were used.

Conclusions
By using a simple photographic protocol with smartphones, it
is possible to obtain tongue images that contain many features
of the tongue, especially those related to tongue coating. This
study provides information on the inter-rater reliability of
different tongue features, which can be used as future references
for mHealth, including telemedicine by practitioners or
automatic tongue diagnosis by AI. Taken together, our findings
support the use of smartphone images for tongue coating
analysis.

Another strength of this study is its practically oriented design.
We tested the photographic protocol on a number of
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Abstract
Background: It has been observed that eating is influenced by the presence and availability of food. Being aware of the presence
of food in the environment may enable mobile health (mHealth) apps to use geofencing techniques to determine the most appropriate
time to proactively deliver interventions. To date, however, studies on eating typically rely on self-reports of environmental
contexts, which may not be accurate or feasible for issuing mHealth interventions.
Objective: This study aimed to compare the subjective and geographic information system (GIS) assessments of the momentary
food environment to explore the feasibility of using GIS data to predict eating behavior and inform geofenced interventions.
Methods: In total, 72 participants recorded their food intake in real-time for 14 days using an ecological momentary assessment
approach. Participants logged their food intake and responded to approximately 5 randomly timed assessments each day. During
each assessment, the participants reported the number and type of food outlets nearby. Their electronic diaries simultaneously
recorded their GPS coordinates. The GPS data were later overlaid with a GIS map of food outlets to produce an objective count
of the number of food outlets within 50 m of the participant.
Results: Correlations between self-reported and GIS counts of food outlets within 50 m were only of a small size (r=0.17;
P<.001). Logistic regression analyses revealed that the GIS count significantly predicted eating similar to the self-reported counts
(area under the curve for the receiver operating characteristic curve [AUC-ROC] self-report=0.53, SE 0.00 versus AUC-ROC 50
m GIS=0.53, SE 0.00; P=.41). However, there was a significant difference between the GIS-derived and self-reported counts of
food outlets and the self-reported type of food outlets (AUC-ROC self-reported outlet type=0.56, SE 0.01; P<.001).
Conclusions: The subjective food environment appears to predict eating better than objectively measured food environments
via GIS. mHealth apps may need to consider the type of food outlets rather than the raw number of outlets in an individual’s
environment.
(JMIR Mhealth Uhealth 2020;8(7):e15948) doi:10.2196/15948
KEYWORDS
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Introduction
Background
Consistent with the notion of stimulus control, momentary
environments are key correlates of a range of health-risk
behaviors. For example, studies have shown associations
between exposure to smoking-friendly environments and
smoking [1], being in an abandoned space and illicit drug use
[2] and being closer to fast-food outlets and an increase in
discretionary food intake [3]. As such, being aware of what is
in an individual’s momentary environment could provide a
means for issuing just-in-time adaptive interventions [4]. For
example, when entering environments known to trigger health
risk behaviors, mobile health (mHealth) technology could
generate interventions and support to individuals [5], thereby
minimizing the risk of engaging in health-damaging behaviors
[6].
However, for effective, just-in-time, and geofenced intervention
designs, it is crucial to know the components of momentary
environments that are most reliably related to risk behaviors.
In particular, it is an open question whether the subjective
perceptions (eg, the number of food outlets an individual
perceives as close by) or the objective indicators of food
environments (eg, a geographic information system [GIS]–based
count of the number of food outlets in a given radius around an
individual) are more reliably associated with health risk
behaviors, such as high-calorie snacking.
Previous real-time studies have typically favored self-reported
measures, requiring a user to manually input details surrounding
their affect, activities, and environment [1,3,7]. For example,
many studies ask participants to indicate their current
environment from several prespecified locations (eg, work,
home, restaurant or bar). Intensive self-report is desirable in the
context of research studies, but such monitoring is burdensome
and, hence, likely to be unfeasible for the long-term usage that
is necessary to achieve a lasting behavioral change. Although
self-reported data might generate richer data sets, for example,
by allowing researchers to gather data on unobservable
psychological processes and motivations, this needs to be
balanced against the possibility of missing data through
noncompliance with monitoring protocols. Another option is
to passively monitor an individual’s environment using location,
movement, or biometric sensors. In the case of location, for
example, this could be achieved by combining GPS data from
individual devices with GIS data, which could then be used to
create targeted geofence-based mHealth interventions. Being
passive, such monitoring is likely better suited for long-term
monitoring than relying on self-reported information.
Passive monitoring, however, is not without its potential
drawbacks. Of particular concern is that passively collected
GPS data and self-reported data may capture differential aspects
of the environment that might be relevant for behavior change.
For example, although passive monitoring may be objectively
accurate, individuals may not always be aware of—or influenced
by—cues in their surrounding environment. It is possible that
being actively aware of environmental cues is crucial to the
initiation of health risk behaviors; therefore, passively
https://mhealth.jmir.org/2020/7/e15948
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monitoring locations may not be an appropriate way to target
context-sensitive interventions. Indeed, some studies explicitly
ask individuals to report on their behavioral triggers using a
cues to action scale [8,9], thereby implying that the individuals
are aware of the environmental cues that trigger their behavior.
Previous environmental interventions have been shown to
improve health behavior, such as food safety behaviors [10],
suggesting that consciously perceived cues can trigger behaviors.
However, other behaviors, such as eating, maybe prompted by
the automatic processing of environmental cues, such as
advertisements and brand logos [11,12]. This is consistent with
stimulus control theory as it does not specifically require
conscious awareness of cues. Therefore, in this study, we
obtained both passive and active measures of the environment
and compared the associations of both with food choices, a
behavior shown to be influenced by environmental cues
[3,13-15]. Comparing potentially different effects of passive
and actively collected location information will allow us to
examine the automatic and deliberate processing of cues that
may prompt individuals to eat.
Although the role of environmental determinants on eating
behavior has been previously examined [16-18], these studies
typically conceptualize a static notion of the environment by
relying on postcode information to calculate estimates of food
outlets—which can be viewed as a proxy measure for food
availability—in the neighborhood food environment
corresponding to the residential address of a particular person.
However, each day, people move between different
neighborhoods and do not always shop in their residential areas
[19,20]. Therefore, studies need to consider environmental food
exposures using individuals’ daily travel patterns (their activity
space [21]). On the other hand, studies that examine fluctuating
environmental exposures have captured the food environment
using self-reported measures [3,21]. However, with
developments in technology, it is increasingly possible to use
GIS data to provide an objective measure of the environments
to which individuals are exposed to throughout the day.

Objectives
As ecological momentary assessment (EMA) [22] allows for
real-time assessment of an individual’s environment, it might
be a particularly useful technique for examining environmental
exposures to food intake. This study, therefore, used EMA to
examine the GPS coordinates of individuals as they go about
their daily lives. As previous studies have supported the role of
environmental cues prompting eating, this study aimed to extend
this work by investigating whether objectively collected
information on momentary environmental exposures (through
automatic GPS reports) predict food intake as effectively as
subjectively reported environmental cues.

Methods
Overview
This study was a part of a larger project designed to examine
the relationship among attentional bias, stimulus control, and
obesity and to explore BMI-related differences among
individuals’ eating behaviors [23]. It used EMA methods to
explore the feasibility of using GIS data to predict snacking.
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The participants carried a study-issued smartphone for 2 weeks
to self-report their food and drink intake in real-time and respond
to randomly timed prompts throughout the day (see
Measurement Instruments below, for assessment details). During
assessments, participants self-reported on environmental
exposures, including describing the number and type of food
retail outlets nearby. In addition to these self-reported responses,
the smartphone logged the participants’ GPS locations. The
participants’ GPS locations were then overlaid on a GIS map
of known food outlets. Thus, the study obtained both objective
(GIS) and self-reported information about the participants'
environment at each time point. A comparison of the
environments logged in the food reports with random prompts
allowed for the examination of environmental cues to eating.

Participants
Seventy-nine participants were recruited for this study by
looking at everyday food choices through social media
advertising and a university staff newsletter in Tasmania. The
eligibility criteria included being above 18 years of age, not
currently dieting, and having no history of an eating disorder.

Elliston et al
BMI was stratified to obtain equal groups of participants in the
healthy weight range (BMI ≥18.5-24.9) and the overweight and
obese (BMI ≥25) range. Upon the completion of the study, the
participants received an AUD $60 (US $39.3) shopping voucher
as reimbursement for their time. Ethics approval was obtained
from the Tasmanian Social Science Human Research Ethics
Committee (reference number H0017015).
Five participants were excluded from the study because of
screening scores exceeding 20 on the Eating Attitudes Test [24],
indicating concerns regarding body weight, shape, and eating
(Figure 1). In addition, 2 more participants were removed (1
participant was removed because of technical issues with his
or her electronic device resulting in missing GPS stamps and 1
participant withdrew from the study). This left a total of 72
eligible participants, 71% were females (51/72; mean age 33.72
years, SD 12.08). BMI ranged from 18.59 to 40.22 (mean 26.67,
SD 5.62). Most participants (62/72, 86%) were white. Over
half, (43/72, 60%) of the participants had graduated from
university, and 28% (20/72) participants had completed at least
some university or were currently studying at a university. All
participants lived in areas classified as urban [25].

Figure 1. Participant flow diagram.

Procedure
Participants attended 3 study visits during the 14-day monitoring
period. During the first visit, participants provided informed
consent, were weighed, and their height was measured by study
staff to calculate their BMI (kg/m2). Participants also completed
a baseline survey assessing demographic information and their
general dietary intake and received training on how to use the
electronic diaries. Participants began recording their food intake;
situational cues, such as their environment; and their affect
https://mhealth.jmir.org/2020/7/e15948
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levels immediately after this visit. During the participants’
second visit (around day 2-3 of monitoring), participants’ EMA
data were uploaded and retraining was provided as necessary.
During the third visit, after 14 days of monitoring, participants
returned their study devices, were debriefed, and received
reimbursement for their participation.
For the duration of the 2-week monitoring period, participants
logged their food and drink intake and responded to the
randomly timed prompts using a specially programmed
smartphone. To reduce the participants’ burden, a random
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e15948 | p.128
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subsample (approximately 60%) of the food reports were
followed by a set of questions assessing perceptions of the local
food environment and contextual cues, such as the participants’
affect level and food cravings. In addition to the food reports,
participants were issued a series of randomly timed prompts,
occurring approximately 4 to 5 times per day. During the
randomly timed prompts, participants received the same
assessment questions as the food reports. The randomly timed
prompts served as a comparison of situational and contextual
details regarding eating versus noneating times. All the
participants’ reports were time, date, and geographically stamped
using a combination of GPS and mobile phone transmitter
triangulation. Participants received an AUD $60 (US $39.3)
shopping voucher upon completion of the study and the return
of their EMA device, but they were not given additional payment
for completing the randomly timed prompts.

Measurement Instruments
Food intake was measured via participants’ self-reports.
Participants reported—by tapping a button on the Android
device—whether their food intake was a main meal or a snack.
Current environmental exposures were assessed via both
subjective (self-reports) and objective reports (GPS stamps with
subsequent GIS integration)—collected during participants’
randomly timed prompts and food reports. For the self-reported
food outlets, participants were asked to report the number of
food outlets nearby. Participants were presented with the
question, “From where you are now, how many food outlets
can you see?” Then, they were given a list of 6 types of food
outlets: (1) fast-food and takeaway stores, (2) restaurants and
cafes, (3) supermarket and corner store, (4) specialty food stores,
(5) discount stores, and (6) other. Participants entered a number
ranging from 0 to 5+ corresponding to each type of food outlet
nearby (total possible range 0-30+). For model 2 in the analysis,
the total number of self-reported food outlets within sight were
summarized. For model 3 in the analysis, each self-reported
outlet type was dichotomized (0=absent and 1=present), and all
outlet types were simultaneously entered into the model.
For the objective measure of food outlets, the participants’
electronic devices automatically recorded their GPS coordinates
every time they completed a report. The GPS location for each
outlet and the participants’ locations were first split into latitude
and longitude coordinates. The distance between the participants
and the food outlets was calculated by overlaying their GPS
coordinates with a combination of 3 local city council food
outlet maps using Environmental Systems Research Institute’s
ArcMap [26]. Local council food outlet maps were obtained,
with each council providing the outlets’ names, addresses, and
type of each food outlet. The councils classified food outlets as
being a bakery, butcher shop, café, canteen, caterer, delicatessen,
eatery, fish shop, food van, hotel, meat premises, restaurant,
sports club, supermarket, takeaway, vessels selling food, or
other. However, the classification of food outlets was not
consistent across councils, which meant that the study was
unable to separate food outlets into venue types. As a result,
this study used an indicator of any food outlet near participants
for analyses. Using council-reported latitude and longitude
coordinates of local food businesses, food outlets within a 50-m
https://mhealth.jmir.org/2020/7/e15948
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radius of a participant’s GPS location were identified using the
Buffer tool from the Analysis Tools Proximity toolbox [26].
The number of food outlets near a participant at the time of each
report was then summarized and used in the analyses using the
GIS measures.

Analytical Procedure
To examine whether passively collected GPS reports correspond
to the self-reported food environment measures, a repeated
measures correlation between the GIS-derived counts and
self-reported counts of nearby food outlets was calculated using
the R package rmcorr [27]. Next, both GPS-derived food outlet
and self-reported food outlet measures were used in
participant-level logistic regression models to determine if the
number of food outlets within the immediate environment
discriminated between eating and noneating reports. Consistent
with previous studies [28], the days on which random prompt
compliance was below 50% were excluded from the analysis
(total 145 days). Poor random prompt compliance may indicate
instances of disengagement from the study protocol or
systematic biases within the data and are, therefore, removed
from further analysis.
While accounting for individual differences in eating, logistic
analyses were conducted on each participant’s data to gauge
the effect of the local food environment on food intake. First,
a series of within-subject univariate logistic regression models
using the area under the curve for the receiver operating
characteristic curve (AUC-ROC) analyses were run. During the
randomly timed assessments, each model examined if the odds
of eating were higher when the density of food outlets was
higher. For each model, food intake (yes or no) was the outcome
variable and environmental measures (1) 50-m GIS food outlet
count, (2) self-reported food outlet count, and (3) self-reported
food outlet type were predictors. The study chose 50-m as it
was a rough approximation of the line of sight typical for urban
settings; thus, this radius was deemed as a reasonable
approximation of the self-reported measure. AUC-ROC values
can range from 0.5 (random guessing; no prediction) to 1.0
(perfect prediction), indicating the probability of identifying an
eating event (versus a randomly timed prompt).
After generating an AUC-ROC for each participant for models
1 to 3 of the environment, the mean for each model was
compared with 0.5 (ie, no predictability, at P<.05 threshold)
using weighted t tests. This was used to determine the
environmental measures that could accurately differentiate
between eating and noneating (ie, randomly timed) assessments.
Observations were weighted by the inverse of the SE of the
AUC-ROC scores to allow more precise estimates to receive
greater weight [29,30]. If the AUC-ROC score was significantly
different from 0.5 at the P<.05 threshold, the model was able
to accurately differentiate between eating instances and
randomly timed prompts.
Next, 3 t tests were run to compare the food count models with
each other and compare each count model with the self-reported
outlet type. The t tests used each participant’s AUC-ROC score
for the comparisons. Bonferroni adjustments were applied (at
P=.02 level) to account for the inflation of type 1 errors with
multiple comparisons. Finally, the correlations between
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e15948 | p.129
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
GIS-derived measures and the self-reported measures were
analyzed. This enabled the determination of the passively
collected (ie, GIS-derived) environmental information was
comparable with the environmental exposure information
generated through self-reports. In addition, the counts between
GIS-derived assessments of the food environment for both 50-m
and 100-m surrounding an individual were compared, and the
same basic outcomes were found. The results of the 50-m GIS
count of only food outlets are presented below. All analyses
were conducted in R version 3.3.1.

Results
Overview
Seventy-two participants completed between 3 and 21 days of
EMA monitoring and were retained in the analysis: mean 14.74
(SD 2.58) monitoring days per person. In total, 1061 days of
food intake and the immediate food environment were recorded.
GIS measures recorded 2097 food outlets within a 50-m radius
of the participants, and the participants self-reported a total of
1756 food outlets. Over the monitoring period, participants

Elliston et al
completed 3302 food reports, and 36.86% (1217/3302) of those
were snacks. Participants reported between 2 and 10 food intakes
(meals and snacks) per day (mean 4.42, SD 1.47). The snack
intake ranged from 1 to 8 (mean 2.02, SD 1.24) per person per
day. Participants received between 0 and 11 randomly timed
assessments each day (mean 3.28, SD 1.73), and the compliance
with the randomly timed assessments ranged from 35% to 100%.
Overall, the compliance with the randomly timed assessments
was excellent [31] (mean 78.75%, SD 14.75).

Geographic Information System–Derived Measures
of Food Outlets
The GIS-derived AUC-ROC values ranged from 0.50 to 0.87
and yielded similar AUC-ROC values for the self-reported food
outlet count (AUC-ROC for 50-m GIS food outlet count=0.53,
SE 0.00; AUC-ROC for the self-reported food outlet count=0.53,
SE 0.00; Figure 2). Weighted t tests showed that the GIS-derived
model had AUC-ROC values significantly higher than 0.50 (the
null value; P<.001), indicating that the presence of food outlets
within a 50-m radius of an individual is significantly better than
chance at discriminating between eating and noneating instances.

Figure 2. Mean area under the curve for the receiver operating characteristic curve (AUC-ROC) for each measure of the local food environment. The
AUC-ROC value represents the probability of accurately differentiating between eating and noneating instances. The * symbol denotes t tests, where
the mean AUC-ROC was significantly different from 0.50. The ** symbol denotes significant differences in AUC-ROC values (based on t-tests with
alpha set to .02). n.s denotes models where the AUC-ROC values are not significantly different. Error bars indicate the SE for each model.

Self-Reported Measures of Food Outlets
The AUC-ROC values for the self-reported count of the number
of food outlets within sight ranged from 0.50 to 0.62 and had a
similar AUC-ROC value for the 50-m GIS count (AUC-ROC
for the self-report food outlet count=0.53, SE 0.00; AUC-ROC
for the 50-m GIS food outlet count=0.53, SE 0.00; Figure 2),
indicating that both measures of food outlets in the environment
are significant predictors of food intake. Results from a paired
sample t test showed no significant difference between the 50-m
GIS count and the self-reported food outlet count on the
participants’ AUC-ROC scores: t71=0.82, P=.41, and d=0.00.
The AUC-ROC for the self-reported type of food outlets in the
environment ranged from 0.50 to 0.75. Model 3 showed that
the self-reported type of food outlet was also a significant
predictor of eating (AUC-ROC=0.56; Figure 2). A paired sample
t test showed that there was a significant difference between
the 50-m GIS model and the type of food outlets on the
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participants’ AUC-ROC scores: t71=−2.71, P<.001, and d=0.40.
Similarly, there was a significant difference between the
self-reported food outlet count and the type of food outlets on
the participants’ AUC-ROC scores: t71=−5.16, P<.001, and
d=0.48.

Correlations Between Environmental Measures
A repeated measures correlation between the 50-m GIS food
outlet count and the self-reported food outlet count was
significant but weak (r=0.17; P<.001), indicating that
assessments of the food environment derived through GIS are
similar to the self-reported environmental measure. As the local
councils had slightly different classifications of food outlets,
the study was unable to compare the self-reported types of food
outlets with a GIS-derived assessment.
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Discussion

better predictors of eating than count-based assessments of the
food environment.

Principal Findings

Despite finding a small correlation between the self-reported
food outlet count and the 50-m GIS count, there is minimal
difference between subjective and objective measures of the
number of food outlets within the environment. Overall, the
results of this study suggest that the type of food outlet nearby
is a better predictor of eating (versus noneating) than the density
or number of food outlets. The difficulty with this is that there
is a lack of standardization with the classification of food outlets.
For example, an outlet can be classified as a butcher shop in
one council and as a meat premise in another. For this reason,
the study was unable to calculate GIS-based assessments of
food outlet types. Therefore, passively collected data with
subjective assessments of various food outlet types on eating
could not be compared. Importantly, neither the objective nor
the subject measure can be considered a truly accurate measure
of food outlet density; both measures involve a degree of
measurement error. As such, although it can be concluded that
the 2 measures are aligned, the differences between the measures
as evidence for over- or under-reporting of the subjective values
cannot be used.

This study used EMA methods to compare the assessments of
momentary food environment using subjective and location
stamp (GPS and GIS) data. The study found that the GIS-derived
counts and self-reported counts of food outlets performed worse
than the self-reported type of food outlets at predicting eating.
These results suggest that subjective assessments of food outlet
type are better predictors of momentary food intake and that
the objective and subjective counts of food outlets may capture
conceptually different aspects of the food environment compared
with the subjective outlet type.
The finding that the type of food outlet nearby influences eating
is consistent with findings from previous literature [32,33] and
is likely to be evidence that food outlet density is a proxy
measure for the availability of food. For example, living within
one mile of a grocery store has been associated with increased
fruit and vegetable intake [18] and having numerous
supermarkets in one’s neighborhood is associated with lower
BMI [34]. However, other types of food outlets are associated
with increased unhealthy eating. For example, greater access
to fast-food restaurants has been associated with a higher
likelihood of fast-food purchasing [35] and a higher risk of
overweight and obesity [16,34,36]. Overall, this suggests that
the type of food outlet in the environment influences individuals’
diet and weight. Importantly, however, much of this previous
research has relied on static assessments of individuals’
environments, that is, their residential addresses. This research,
however, examined momentary environments, thereby
accounting for the fluctuations in the environments to which
individuals are exposed to throughout the day, each day.
The finding that subjectively reported food outlet counts and
objectively reported food outlet counts are equally predictive
of behavioral indicators (ie, eating) is novel. In the domain of
physical activity, research has examined static environments
and found inconsistencies between the availability and
accessibility of parks to an individual and engagement in
park-based physical activity [37,38]. Assessing park proximity
and acceptability (ie, transport to parks, park paths or trails, and
park cleanliness) differ based on whether the assessments are
subjectively or objectively reported [38]. Given that the
assessments of the environment are differentially associated
with park-based physical activity based on the measurement
type, it is possible that objectively and subjectively reported
information may be tapping into conceptually different
exposures. In terms of the momentary food environment as
examined in this research, triggers to the craving and subsequent
food intake may depend on the type of food outlet in an
individual’s immediate environment; such information is not
captured through counts of nearby food outlets. Certain food
outlets (eg, fast-food restaurants) may be more likely to trigger
cravings than other food outlets (eg, supermarkets) as the sights
and smells from these outlets are associated with highly
palatable food [39]. Therefore, subjectively reported food
outlets—specifically, the type of food outlets nearby—may be

https://mhealth.jmir.org/2020/7/e15948

XSL• FO
RenderX

If the information on the food outlet types were measured
consistently across councils, mHealth apps may be able to
passively monitor an individual’s location and proactively issue
interventions before dietary lapses occur. This could be useful
given this study’s finding that subjectively reported food outlet
type is a better predictor of momentary food intake than either
of the count-based measures. Alternatively, mHealth apps may
be able to create personalized GIS maps of environmental
triggers to eating by relying, at least initially, on subjective user
input. Users could report their eating locations, and the
corresponding GPS reports could be used to determine the
locations where the users are most likely to consume unhealthy
foods. When locations are repeatedly associated with unhealthy
food intake, mHealth apps could then deliver just-in-time
adaptive interventions to users.
The presence of restaurants, in particular, maybe a target for
mHealth dietary apps using geofencing techniques. The energy
content from meals consumed at restaurants has been found to
contribute to most daily energy requirements [40]; thus, the
presence of restaurants may be an appropriate target to reduce
daily energy intake. Furthermore, some individuals may be
particularly susceptible to eating unhealthy foods only when
out [41]. Although this study did not examine the within-person
differences in the healthiness or energy intake derived from
food intake when out, it was able to examine how eating can
be prompted by cues in the immediate environment. Future
studies should examine person-specific traits that increase
vulnerability to unhealthy eating when out.
Overall, the findings of this study suggest that an individual’s
eating can be predicted based on his or her momentary
environment. Although the self-reported type of food outlet
nearby was the superior model in predicting eating, it only
differentiated instances of eating versus noneating 56% of the
time. It is possible that geofencing-based information may not
be the best way to predict eating. However, research has
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demonstrated a relationship between the immediate food
environment and individuals’ food intake; therefore, the
examination of whether subjectively reported environmental
information is comparable with GIS-derived data provides a
starting point toward creating simple user-friendly mHealth
dietary interventions.
Although using GIS data for mHealth dietary interventions
passively collects data and is, therefore, less burdensome for
users, it is particularly time-consuming to code, placing the
burden instead on the app developers. However, once GIS data
have been coded, the process of data collection becomes
automated, whereas subjectively reported information will
continue to require manual intervention from the user. In
addition, GIS maps can be calculated once and rolled out across
multiple studies and numerous sites. Such wide-scale use of
location information is easier with automated GIS data than
subjectively reported data. Nevertheless, the costs and benefits
of each method must be balanced between users and app
developers.
The finding that the overall predictive ability of the presence
of food outlets on predicting eating was modest is consistent
with the idiosyncratic nature of how cues come to be associated
with behaviors. For example, eating could be highly related to
a particular cue for one person, but different cues will be
important for other people. On the basis of these findings, for
relevant individuals, it may be beneficial to issue personalized
dietary interventions when they enter environments where they
are most at risk of overeating or unplanned eating. Indeed,
similar geofenced interventions have been successfully trialed
in the literature for smoking (eg, the Q-Sense app [42]). Q-Sense
delivered support to users based on a 100-m geofence from a
location where the user reported smoking on at least 4 occasions
[42]. It appears that mHealth apps may need to rely (at least
initially) on user input to create relevant geofenced risk areas
and, subsequently, generate place-based interventions.
Importantly, research to date demonstrates that environmental
interventions are feasible, and users report no privacy concerns
with location-based data monitoring [42].

Strengths, Limitations, and Future Research
This study has several strengths. To the researchers' knowledge,
this study is the first to integrate 2 ways of assessing the effect
of an individual’s immediate food environment on his or her
food choices. By using both objective measurements of the
environment and subjective reports, we were able to compare
how momentary environmental exposures influence real-time
eating decisions. Such information provides a greater
understanding of how individuals’ dietary choices may be
influenced by momentary environmental cues.
The use of EMA to assess eating and food environment enabled
the examination of real-time environmental exposures and how
they influence eating decisions. Previous studies [20,43] have
highlighted the need to use spatial data to examine
environmental exposures and develop precise estimates of where
individuals travel and purchase foods. The use of GIS data in
this study allowed for a better understanding of how fluctuations
in the momentary food environment shape an individual’s food
choices. Furthermore, repeatedly assessing an individual’s
https://mhealth.jmir.org/2020/7/e15948

XSL• FO
RenderX

Elliston et al
environmental exposures allows for in-depth information on
the environmental antecedents and consequences of overeating
and dietary lapses.
The use of real-time reporting of food intake means that the
participants in this study reported their current situation,
activities, and environmental exposures and were, therefore,
less prone to biases associated with recall [44]. Once behaviors
are examined in real-time, an effective way of managing
health-risk behaviors may be through issuing just-in-time
adaptive interventions [6]. Just-in-time adaptive inventions may
be able to utilize real-time cues, such as GPS-based information
to identify individuals entering high-risk situations that require
intervention and behavioral support (eg, the A-CHESS app
[45]). The real-time aspect of this study is, therefore, the first
step in identifying ways to conceptualize the environment to
inform just-in-time adaptive interventions and mHealth apps.
Despite these strengths, there are some methodological
limitations to this study. First, calculating GIS counts of food
outlets from local council areas is difficult, and the GIS data
are not sufficiently detailed to illustrate what types of food
outlets exist. Furthermore, the local councils included in this
study had different classification systems for recording food
outlets, which meant that comparison among various council
districts was feasible only by looking at the summary rather
than the type of food outlets. Ideally, the best way to geocode
food outlets would be to use a combination of council data,
Google maps data, and by visiting neighborhoods of interest to
identify the type of food outlets present. Despite this being the
ideal way to assess food outlets within the local environment,
it would be extremely time-consuming and perhaps impractical
in large cities with numerous food outlets. Future studies should
explore different ways to classify the food environment so that
the best and simplest measures are identified.
Second, by relying on food outlet counts (either GIS-derived
or self-reported), the understanding regarding exactly what
aspects of food outlets influence food choice was limited.
Furthermore, this study did not separately examine the effect
of each type of food outlet. Food choice is likely to be shaped
by factors that are independent of food outlets, such as individual
taste preferences and social norms [46], as well as the
availability and affordability of foods [47], none of which are
captured by assessing the counts of nearby food outlets. Further
investigation into the availability and other choice determinants
associated with food selection are warranted to investigate the
aspects of food outlets that influence food choice.
Third, by focusing on GIS counts of food outlets, this study was
unable to determine the food outlets and food-related cues that
the individuals could see. There may have been times when the
food outlets were in close proximity to the participants but were
hidden from view. For example, there may be food outlets
between buildings or hidden within lanes or buildings. As
individuals’ decisions relating to food choice are thought to be
shaped by momentary exposures to food cues [48], in situations
where individuals cannot see nearby food outlets, they are
unlikely to be influenced by their presence. Future research
should consider other environmental exposures, such as
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advertising and food smells, in addition to the presence of food
outlets in prompting individuals’ food choices.
Fourth, as noted earlier, this study chose 50 m as the radius as
it was a rough approximation of the line of sight typical for
urban settings. What someone can see from their current position
will vary from place to place; this would have introduced error
into this measure. Further work is required to determine the
optimal unit of measurement; furthermore, it may prove fruitful
to vary this measure from location to location based on the
characteristics of the site.
Finally, the food outlet data from the local councils may not
have been up-to-date. It is possible that there may have been a
discrepancy between the GIS-derived food outlet count and the
food outlets that were around and open during the time the study
was conducted. Encapsulating the most recent and accurate
information on the presence of food outlets is necessary to
examine the association between the presence of food outlets
and eating. Furthermore, this study did not consider the
availability of food within each outlet. Factors like product
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availability and opening hours are likely to influence
individuals’ food options and, subsequently, their eating
decisions. mHealth apps that require user input on environmental
eating triggers will likely circumvent this issue. At present,
mHealth interventions are unable to achieve targeted
place–based information with passively collected data.

Conclusions
Examining the food outlets within one’s environment is an
important step in understanding how the built environment
influences eating. This study found that although passively
knowing an individual’s environment can predict eating,
knowing what type of food outlets are nearby is the best way
for mHealth apps to create geofenced dietary interventions.
Future advances in technology may enable passive calculation
of the type of food outlets within a given geographical region.
Such information would be integral to the success of geofenced
interventions in mHealth dietary apps. In the meantime, mHealth
apps will likely need to continue relying on users’ self-reported
information about their food environment to generate tailored
geofenced dietary interventions.
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Abstract
Background: Wearable and mobile sensor technologies can be useful tools in precision nutrition research and practice, but few
are reliable for obtaining accurate and precise measurements of diet and nutrition.
Objective: This study aimed to assess the ability of wearable technology to monitor the nutritional intake of adult participants.
This paper describes the development of a reference method to validate the wristband’s estimation of daily nutritional intake of
25 free-living study participants and to evaluate the accuracy (kcal/day) and practical utility of the technology.
Methods: Participants were asked to use a nutrition tracking wristband and an accompanying mobile app consistently for two
14-day test periods. A reference method was developed to validate the estimation of daily nutritional intake of participants by
the wristband. The research team collaborated with a university dining facility to prepare and serve calibrated study meals and
record the energy and macronutrient intake of each participant. A continuous glucose monitoring system was used to measure
adherence with dietary reporting protocols, but these findings are not reported. Bland-Altman tests were used to compare the
reference and test method outputs (kcal/day).
Results: A total of 304 input cases were collected of daily dietary intake of participants (kcal/day) measured by both reference
and test methods. The Bland-Altman analysis had a mean bias of −105 kcal/day (SD 660), with 95% limits of agreement between
−1400 and 1189. The regression equation of the plot was Y=−0.3401X+1963, which was significant (P<.001), indicating a
tendency for the wristband to overestimate for lower calorie intake and underestimate for higher intake. Researchers observed
transient signal loss from the sensor technology of the wristband to be a major source of error in computing dietary intake among
participants.
Conclusions: This study documents high variability in the accuracy and utility of a wristband sensor to track nutritional intake,
highlighting the need for reliable, effective measurement tools to facilitate accurate, precision-based technologies for personal
dietary guidance and intervention.
(JMIR Mhealth Uhealth 2020;8(7):e16405) doi:10.2196/16405
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Introduction
Diet and health guidelines are based on preventing or treating
illnesses in the general population. Technological advances and
enhanced understanding of systems biology are guiding
scientists to pursue personalized interventions for disease
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prevention and treatment. As scientists are quantifying the
elasticity of human health and its diversity, opportunities to
intervene in human health are broadening to include precision
control of phenotypic performance. Precision or personalized
health is the approach of using quantified information on
individual characteristics to develop tailored products and
services aimed at guiding the underlying processes of health
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[1-5]. The breadth of precision interventions includes the
measurement of individuals’ characteristics, genetics, immunity,
metabolism, physiology, medical history, and more [6-8].
Personalizing the content and delivery of approaches also require
alignment with individuals’ behaviors, preferences, goals, and
barriers to modification as an integral aspect of achieving lasting
behavior change [2,9,10].
Precision health is made possible by modern tools, technologies,
and platforms that provide increasingly diverse, mechanistic,
and accurate assessments of the human body [11,12]. Health
measurement research encompasses the breadth of phenotypic
differences between individuals that contribute to health status.
Advancements in the -omics sciences highlight how many
factors individually and interactively affect health, including
genetics, lifestyle, life stage, diet, and microbial diversity. Many
health metrics are assessed statically, but others must be
captured dynamically using specific challenges, such as with
insulin sensitivity and acquired immunity. These scientific
breakthroughs are guiding the development of measurement
technologies that interrogate individuals beyond disease
diagnostics, including mobile and wearable body sensors that
enable more spatially and temporally specific measures of a
broader range of phenotypic factors [4,13-15].
The most important change in the science of diet and health is
as much philosophical as mechanistic. The focus of nutrition
research is shifting from the study of individual foods and
ingredients and their effects on entire populations to the study
of individual humans in response to entire diets.

Precision Nutrition: Challenges and Breakthroughs
Bringing accurate health monitoring technologies to the market
provides a public service that reduces people’s uncertainty about
how day-to-day choices affect their individual health [15,16].
More precise and predictive dietary guidance follows the
understanding in nutritional sciences that identifying the single
best diet for human health is no longer scientifically defensible.
It is now understood that different people respond differently
to foods and nutrients, warranting personalized approaches to
nutrition interventions and services [3,17-21]. National dietary
guidelines are intended to prevent deficiency and maintain health
for the majority of the population. Using evidence-based science
to create diets for individuals requires an understanding of what
humans share with regard to dietary needs as well as how, when,
and why needs differ. On a fundamental level, all people require
a diet sufficient in calories to support normal body weight and
all essential nutrients to support life. However, nutrient
requirements to prevent deficiency and sustain life are just the
first step in understanding the role of diet in human health [22].
A fundamental challenge in nutrition research is the accurate
quantification of food intake and its interpretation as precise
diet quality. Currently, the gold standard of dietary assessment
is the 24-hour in-patient study, yet major limitations include
cost, reduced physical activity, boredom, depression, and weight
loss because of reduced dietary freedom and food options
deviating from one’s personal routine. In epidemiologic and
clinical nutrition, dietary assessment typically relies on
researcher-facilitated or autonomous participant recall using
methods such as 24-hour recall, food frequency questionnaires,
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and food diary inventories. These memory-based assessment
methods have demonstrated poor validity because of human
under- or overestimation of intake and intentional or
unintentional alteration of intake patterns [23]. Each traditional
assessment method is a reflection of the individual’s perceived
intake rather than an accurate measure of true intake.
Furthermore, such assessment methods are nonfalsifiable, as
what the participant reports must be accepted as truth, despite
knowledge of likely incongruence. Moreover, other assessment
methods rely on photograph analysis of foods consumed,
conducted either by trained personnel or software analysis [24].
Although more closely reflective of nutrient intake in a
free-living situation, the remote food photography method is
still limited by the inability to record in true real time, difficulty
in estimating portion sizes, the necessity for simultaneous use
of a backup analysis method, difficulty analyzing culturally
unique foods, and analyzing mixed dishes via photographs alone.
The United States Department of Agriculture (USDA) Food
Composition Database is the gold standard for nutrient analysis;
albeit comprehensive in scope, this tool cannot possibly account
for inherent variability in climate, soil quality, geographic
location, item ripeness, and cooking method, all of which may
significantly alter the nutrient composition of food. Even nutrient
and energy quantification by way of nutrition facts label analysis
is error prone, as the Food and Drug Administration allows for
certain margins of error in nutrient reporting on packaged food
labels. Nutrition fact labels, therefore, provide an educated
estimation of packaged food nutrient content. Consumer-focused
dietary tracking methods use databases that are often
crowdsourced. These errors, compounded with the
aforementioned human misreporting of dietary intake,
demonstrate that more precise methods of dietary assessment
and analysis are needed.
Standard approaches for recording dietary intake do not account
for inherent nutrient losses in absorption and metabolism, the
transformative processes by which food becomes usable energy
for the body. Realistic and precise quantitative assessment
remains challenging because of energy losses involved at every
step of transforming a food matrix into bioavailable energy:
absorption, distribution, metabolism, and excretion. The rate of
breakdown and net usable energy vary depending on
macronutrient composition (ie, a mixed meal high in fiber,
protein, and fat will digest much more slowly than a meal high
in simple carbohydrates) [25]. Furthermore, interindividual
differences in metabolic rate, gastrointestinal health, and
previous meals consumed all contribute to discrepancies between
measured intake and bioavailable energy.
Emerging commercial and medical technologies designed to
detect a person’s physiological fluctuations claim to capture
more dynamic aspects of cardiometabolic health [14]. For
example, continuous glucose monitors are designed to provide
more precise tracking of glucose levels for diabetic patients
compared with standard blood sampling methods, the goal being
to more precisely guide disease management [26,27]. No
technologies are available that can effectively assess dietary
intake directly, although some methods are claiming the ability
to estimate dietary intake by assessing the physiological
response of the body to food intake and bioavailable energy. In
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all cases, rigorous testing is necessary to determine the accuracy,
precision, utility, and validity of candidate devices. We sought
to answer the question, “can wearable technologies measure
aspects of metabolic performance and cardiometabolic health
of a normal range of adult human phenotypes?” The objectives
of this paper were to describe (1) the development and
implementation of a reference method to estimate the nutritional
intake of free-living study participants and (2) the accuracy and
utility of a wristband technology for tracking nutritional intake
(kcal/day).

Methods
Overview
A study was designed to assess the ability of wearable
technology to estimate the nutritional intake of individuals. The
wristband (GoBe2; Healbe Corp) intends to provide users with
automatic tracking of daily energy intake (calories) and
macronutrient intake (grams of protein, fat, and carbohydrates).
The technology uses computational algorithms to convert
bioimpedance signals into measured patterns of extracellular
and intracellular fluids associated with the influx of glucose
and essential nutrients into the body. From changes in fluid
concentration, the technology estimates calories congruent with
glucose absorption into the bloodstream. Time series data such
as these, which capture postprandial processes, have the
potential to inform phenotypic discernment of digestion,
absorption, metabolism of foods, and their influence on health.
A sample of free-living adult participants (N=25) was sought
to validate the technology over 2 data collection periods of 14
days each (28 days total). A reference method was designed to
measure dietary intake; all meals were prepared, calibrated, and
served at a campus dining facility and consumed under the direct
observation of a trained research team. Approval for the research
study and protocol was obtained from the University of
California, Davis (UC Davis), institutional review board.

Participants
Participants aged 18 to 50 years were recruited from the UC
Davis campus using emails and flyers. Those interested were
screened by phone for inclusionary and exclusionary criteria.
The exclusion criteria included historical or current diagnosis
of chronic disease (including diabetes or prediabetes, cancer,
asthma, hypertension, cardiovascular disease, stroke, kidney,
thyroid, or autoimmune disease), known food allergies, current
dieting or restricted dietary habits (ie, vegetarian, ketogenic,
reduced calorie), pregnancy or lactation, smoking, drug or
alcohol addiction, excessive exercise or athletic training, and
taking medications impacting digestion or metabolism. In-person
screenings were conducted at the Ragle Human Nutrition Center
on the UC Davis campus. Participants who qualified after the
phone screening were invited for in-person screening to
complete a fasting blood draw, blood pressure, and
anthropometric measurements. Copies of approved, signed
consent forms were obtained from all participants at screening.
All female participants completed urine pregnancy tests. Blood
pressure measurements were obtained using a Nellcor pulse
oximeter with OxiMax technology from Welch Allyn. For
anthropometry, a digital scale by Scale-Tronix was used to
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weigh participants to the nearest 0.1 kg, and a wall stadiometer
was used to measure height to the nearest 0.1 cm.
Anthropometric measurements were used to calculate baseline
BMI (weight [kg]/[height (m)]2). As the wristband was intended
to measure nutrient intake in a weight-stable population over
the study duration, individuals with fluctuating weight (>5 lbs
over the previous month) were excluded. All anthropometric
measurements were conducted by the principal investigator (PI)
using methods defined in the anthropometric standardization
reference manual [28]. Participants were assigned a study ID
on enrollment, and all data collected were maintained private
and deidentified. Monetary compensation was offered to each
participant who completed the screening (US $10), phase 1 (US
$125), and phase 2 (US $150).
For metabolic screening, blood was drawn into
ethylenediaminetetraacetic acid and plasma separation lithium
heparin blood collection tubes and immediately placed on ice.
Within 2 hours of collection, blood samples were centrifuged
at 1800×g for 15 min at 4°C to separate blood from plasma and
frozen at −20°C until laboratory analyses were performed in
batches. Blood samples were analyzed, and individuals who
tested abnormally for metabolic health indicators including
complete blood count, fasting blood glucose, hemoglobin A1c,
erythrocyte sedimentation rate, serum protein, creatine, alkaline
phosphatase, potassium, and carbon dioxide were excluded.
Tests were performed according to the manufacturer’s
instructions and quality controls by UC Davis Health System
Medical Diagnostics.
Between August 2018 and September 2018, 76 adults were
screened, and 35 met the inclusion criteria for enrollment in
phase 1 of the study that would take place from September 25
to October 9, 2018. The initial sample included 20 women and
15 men, with an ethnic distribution of 38% white, 41% Asian,
and 21% Hispanic, an average age of 25.3 (SD 6.4) years, and
a mean BMI of 24.2 (SD 5.1) kg/m2. Three participants dropped
out during the first week of phase 1 because of time constraints
that prohibited multiple visits to the campus dining facility each
day. Phase 1 was completed by 32 participants, of which 24
enrolled in phase 2 (October 30 to November 13, 2018). During
phase 2, 2 participants completed 10 of 14 days because of
scheduling conflicts and were included in the analyses.

Data Collection
Participants were assigned a GoBe2 (Figure 1) and instructed
to use the latest version of the accompanying app synchronized
to the wrist unit. The technology translates sensor signals into
energy intake and expenditure outputs over a 24-hour period,
in accordance with the rate of nutrient absorption. Participants
received an explanation on how the wristband estimates personal
calorie intake and expenditure throughout the day and over the
week as well as its other functions, including heart rate, sleep,
hydration, and stress measurement. Participants were instructed
to synchronize the wrist unit with the app twice daily, in the
morning and at night, and to collect screenshots from within
the app that captured the previous day’s final energy (kcal)
estimations. The screenshots were collected by research staff
as records of daily caloric outputs, including daily intake,
expenditure, and total balance.
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Figure 1. Healbe GoBe2 smartband.

Quantification of Dietary Intake
A reference method was developed to quantify the daily food,
calorie, and macronutrient intake of participants during the 2
study periods. The project team collaborated with UC Davis
Dining Commons (DC), a series of dining facilities where
campus residents primarily eat but are also open to the campus
community and public. A strategy was developed to carry out
the nutrition study within the university dining facility. In this
approach, a specific project menu was created in coordination
with the facility’s existing cycle menu serving all dining patrons.
In this way, the dining facility’s normal operations were
minimally perturbed, and the study team used the facility’s
existing food prepared in accordance with standardized recipes
from which nutritional information was readily derived. Meal
cards were purchased for study participants and swiped on their
arrival at each meal to deduct the meal price from the card.
Student research assistants were trained to carry out food
measurement at each meal, nutrient analysis, and data entry.

Menu Planning
A registered dietitian (RD) on the research team collaborated
with the dining facility’s primary chef to design the project
menu. Menu items were selected to serve to study participants
at breakfast, lunch, and dinner, using the following criteria:
balanced macronutrients at each meal per USDA MyPlate
guidelines and minimal multi-ingredient mixed dishes (ie, no
casseroles, lasagna, pizza, etc). Mixed dishes were avoided to
reduce error in calculating calories and macronutrients that were
served at each meal. When necessary, menu modifications were
requested to fit the study menu criteria (ie, sauces served on the
side and sandwich ingredients served separately). Separating
ingredients allowed the staff to weigh foods more precisely and
calculate energy and macronutrient profiles accordingly.

Energy and Macronutrient Analysis for Onsite and
Offsite Food Consumption
Overall, 2 research staff were trained and designated to analyze
each project menu item for energy (kcal) and macronutrient
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content. Items were analyzed using a combination of the USDA
Food Composition Database and the dining facility’s nutritional
database. In the latter, menu items were previously analyzed
and recorded by the DC’s RD using either product nutritional
labels (when available) or the USDA Food Composition
Database. Each menu item was analyzed for serving size,
calories, grams of protein, fat, and carbohydrate content per
serving and scaled to 100 g.
The RD determined a standard serving size for each menu item
(eg, 1 cup cooked oats, 1 cup vegetables, half cup beans, 4 oz
lean protein, or three-fourth cup grain). Participants were not
restricted to the standard serving sizes and were free to request
more or less food portions to meet their individual dietary needs.
All deviations from standard portions were recorded by the
research staff for each participant.
The primary chef coordinated study meals according to the
study menu preference. Each meal was prepared in a commercial
kitchen on the UC Davis campus by trained food service
personnel following a stringent hazard analysis critical control
points (HACCP) protocol. All food was delivered to the
designated research study area of the facility and received by a
team of research staff for onsite portioning and serving to study
participants. The study leads inspected each delivered menu
item for accuracy, noting any deviations as needed.
Study participants arrived at the dining facility during scheduled
breakfast, lunch, and dinner mealtimes. On arrival, they were
greeted by research staff, and the meal was paid for at the door
using preloaded meal cards. Each morning at breakfast, research
staff collected daily information from participants, including
paper records of offsite foods consumed in the previous 24 hours
and details of wristband use (charging, removals, and reported
problems). A brief daily in-person interview was conducted
each morning to collect details on exercise, any perceived stress,
water intake, defecation, and continuous glucose monitoring
(CGM) skin contact in the previous 24 hours. At each meal,
participants could request either the standard meal offering or
certain menu items in more or fewer portions according to
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16405 | p.140
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preference. The participants’ meal choices were recorded on
paper meal slips that were delivered to research staff responsible
for food portioning, plating, and weighing.
All project staff were trained by the RD in appropriate food
handling and safety, food weighing, and meal recording duties.
Before each meal, a team of research staff was briefed on how
to portion and serve each menu item. Individual menu items
were weighed and recorded (0.0 g) using calibrated food scales,
portioned using standardized tools, and served at each onsite
meal. Each dish with multiple food components was
deconstructed into individual items and was weighed and
recorded individually (ie, burgers were deconstructed to
individually weigh patty, bun, cheese, ketchup, mustard, and
tomato). Staff assumed various roles to ensure optimal meal-time
efficiency (ie, menu collector, food weigher, and data recorder).
After recording the weight of each food item and time of meal
(00:00), the plate was served to the appropriate participant.
Participants were encouraged to consume all food served at
each meal, but this was not mandatory. The plate waste from
each participant was deconstructed by ingredient and
individually weighed at the end of each meal period.
After each participant finished eating, the research staff weighed
and recorded each individual item left on the plate. The gram
weight of each food item consumed was quantified and entered
into an electronic database. Energy and macronutrient profiles
of each menu item were obtained from the dining facility’s
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recipe, the food label, or the USDA Food Composition Database
and calculated according to the gram weight consumed.
Consuming foods outside of the study facility was discouraged
but not prohibited to minimize the changes made to the
participants’ usual habits and metabolism. If food was consumed
outside of the dining facility, participants were instructed to
follow a specified procedure of self-reporting, including only
consuming packaged foods, weighing and recording the weight
of each individual food item, and providing the food label from
the package. To minimize the miscalculation of nutrient intake
of offsite foods, participants were provided with various
packaged foods of known nutritional content (protein bars, jerky
sticks, ramen noodles, fruit leather, and chocolate bars). They
were asked to consume these foods; if this was not possible,
they were required to photograph the food and record the food
item, brand, time of consumption, and food weight (g) using a
calibrated food scale and recording in a food diary. Offsite food
diaries were collected daily from participants.
Participants unable to report to the dining facility for a scheduled
meal time received alternative options and selected a
prepackaged meal from a convenience market managed by the
dining facility. Nutritional information from the item was
extracted from the nutrition label and recorded. A team of staff
recorded and analyzed the nutritional values of all offsite foods
consumed by the participants. Information from the food intake
data of 1 participant, as measured by the study reference method,
is presented in Table 1.
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Table 1. Daily food intake record of 1 study participant.

a

Time of meal (00:00)

Menu item

Amount consumed (g)

Energy intake (kcal)

Source of nutrition information

9:34 AM

Scrambled eggs

53

69

Product labela

9:34 AM

Cooked oatmeal

189

105

Product labela

9:34 AM

Blueberries

69

39

USDAb Food Composition
Database

9:34 AM

Bacon

15

56

USDA Food Composition
Database

9:34 AM

Milk 1%

0

0

Product label

9:34 AM

Coffee, fresh brewed

246

0

N/Ac

9:34 AM

Granulated sugar

10

23

USDA Food Composition
Database

2:11 PM

Bun

90

218

Product labela

2:11 PM

Beef, ground, cooked

125

156

Product labela

2:11 PM

Sauce

40

53

Product labela

2:11PM

Mixed greens

57

16

USDA Food Composition
Database

2:11 PM

Artichoke hearts, canned

21

6

USDA Food Composition
Database

2:11 PM

Cherry tomatoes

44

12

USDA Food Composition
Database

2:11 PM

Cucumbers, sliced

51

5

USDA Food Composition
Database

2:11 PM

Carrots, shredded

25

10

Product label

2:11 PM

Olive oil

12

96

Product label

2:11 PM

Balsamic vinegar

19

17

Product label

6:46 PM

Chicken tamales

304

669

Product labela

6:46 PM

Vegetables, roasted

250

143

Product labela

6:46 PM

Rice, cooked

61

105

Product labela

6:46 PM

Milk 1%

0

0

Product label

11 AM

Energy bar

52

210

Product label

1 PM

Energy bar

48

190

Product label

8 PM

Dehydrated soup

64

290

Product label

10 PM

Energy bar

68

290

Product label

N/A

N/A

1913d

2753d

N/A

Nutritional information of food items prepared by the University of California, Davis, Dining Commons.

b

USDA: United States Department of Agriculture.

c

N/A: not applicable.

d

Final row contains column totals where applicable.

Quality Assurance
Before this study, the PI conducted a series of small pilot trials
over 1 year to inform this study design and data collection
procedures using the wristband technology. During these pilot
trials, it was observed that the form factor of the technology
was the main barrier to collecting consistent, uninterrupted data
during the postprandial digestion period that lasts several hours
https://mhealth.jmir.org/2020/7/e16405
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beyond each meal. Practically, any signal interruption during
the meal or in the hours following it would result in loss of data
and underestimation of calorie intake by the technology.
Unfortunately, signal interruption occurred often and for a
variety of reasons in this study; for example, periodic loss of
contact with the skin was likely depending on the user’s wrist
size and shape. In addition, the wristband required an hour each
day to obtain a full charge; any loss of charge would disable
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16405 | p.142
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data collection accordingly. Several strategies were used to
mitigate these challenges with the form factor. Participants were
instructed to charge the wristband fully before any meal to avoid
missing food intake and its subsequent digestion (ie, charging
band in the morning before consuming food for the day). It was
acceptable to charge the wristband at any point during the day
as long as no food had been consumed for 3 hours prior. On
arriving at the first meal of the day, the research staff visually
confirmed that the wristband was positioned on each participant,
such that the sensor was in complete and constant contact.
Research staff used a third-party site (Dietitian’s Cabinet) to
access participants’ deidentified data up to the minute from
which the frequency of contact interruptions could be assessed.
Those who had significant interruptions were targeted for
individual solutions to improve sensor contact with the wrist,
for example, tightening the wristband to achieve optimal sensor
positioning.
Continuous blood glucose was monitored as a strategy to
measure and account for nonadherence to the study’s dietary
intake reporting protocols. The FreeStyle Libre (FSL) Pro
System (Abbott Diabetes Care Inc) CGM system includes a
unit with a water-resistant sensor that attaches to the back of
the user’s upper arm. Within the unit is an Enlite sensor that
consists of a wire containing glucose oxidase at the tip that is
inserted subcutaneously with a dedicated inserting device.
Glucose oxidase catalyzes a biochemical reaction in the presence
of glucose and oxygen, which transfers electrons to a receiving
molecule and creates a current that can be measured and
converted into a glucose concentration [27]. The FSL Pro
System collects up to 14 days of glucose readings, with
recordings every 15 min. A single reader can be used to activate
glucose data recording and download reports from multiple
devices simultaneously. One study showed that the FSL’s mean
absolute relative difference compared with measured capillary
blood glucose levels was 13.2% (95% CI 12.0% to 14.4%) [29].
CGM sensors were secured to the tricep or rotator cuff region
of participants’ arms on day 1 of the study, in the morning before
consuming food or beverages. During the 14-day test period,
units would occasionally become detached. The research staff
downloaded data files from the participants’ sensors every 2
days to minimize any data loss. Text file reports were exported
through the LibreView software program (Abbott Diabetes Care
Inc, 2018) and a secure cloud-based system. CGM data were
analyzed to assess the adherence of individual participants to
reference dietary intake reporting protocols. Significant glucose
increases (>20 mg/dL per 30 min) occurring outside of specified
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study mealtimes or not reported in food intake diaries were
flagged for further examination.

Statistical Analysis
The Bland-Altman analysis was conducted to compare daily
energy intake (kcal/day) estimated by both the reference method
and the wristband technology. Regression analyses were used
to examine trends in the data and sample characteristics.
Statistics were conducted in Microsoft 2008 (version 12.3.1)
and Prism 8 2019 (version 8.3.1).

Results
This study developed a dietary intake reference method to
evaluate a wearable sensor with the potential to generate
objective and precise data on the dietary intake of adult
individuals. The data accuracy and practical application of the
current GoBe2 model was interrogated over two 14-day test
periods in an intended sample of 25 participants. Of the 35
participants who were originally enrolled in phase 1 of the study,
304 measurements (kcal/day) collected from 24 participants
were retained from phase 2 after data cleaning to remove
missing or aberrant values.
Of the total cases, 10.9% (33/304) were excluded because they
lacked an accompanying set of complete CGM data for the
24-hour period. Of the remaining cases, 22.1% (60/271) had at
least one event per day of rapid blood glucose increase that was
inconsistent with the recorded meal time. Of those, 68.3%
(41/60) were attributed to reported bouts of exercise or other
physical activity. Although CGM was used to measure
nonadherence to dietary intake reporting protocols, these data
were not incorporated in the present dataset.
As depicted in Figure 2, a Bland-Altman analysis showed a
mean bias of −105 (SD 660) kcal/day, with 95% limits of
agreement (LoA) between −1400 and 1189. Pearson correlation
coefficient between the 2 methods was r=−0.496 (95% CI
−0.576 to −0.406; P<.001). Linear regression analysis on the
Bland-Altman plot revealed a regression equation of
Y=−0.3401X+1963 that was significant (P<.001). A multiple
regression analysis was conducted with the participants’ age,
sex, and BMI classification as independent confounding
variables, but no significant effects were seen on the bias.
Analysis of variance tests were conducted to assess the effects
of the participants’ age, sex, and BMI classification on bias,
and the effects were not significant (P=.15, .18, and .12,
respectively).
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Figure 2. Bland-Altman (mean difference) plot of estimated nutrient intakes (kilo/day) by the test and reference method (N=304). Solid lines represent
upper-lower limits of agreement, and the dashed line represents bias.

Discussion
Negative bias in the Bland-Altman analysis indicated a general
underestimation of daily calorie intake by the wristband
compared with the reference method. Despite a relatively small
bias, the LoAs were wide, making the results of the comparison
ambiguous. Regression analyses indicated a tendency for the
wristband to systematically overestimate for lower calorie intake
and underestimate for higher intake.
Our preliminary validation results indicate that although the
ability of GoBe2 to make phenotypic discernments responsive
to diet by noninvasive means has wide-reaching utility in
research and practice, notable feasibility challenges were
observed for free-living study participants to reliably use the
technology to achieve accurate and precise measurements. These
challenges were largely attributed to limitations in the
technology’s form factor. In observation, when positioned
correctly on the arm and fully charged, the wristband’s calorie
intake estimates generally appeared accurate and provided
interesting visuals pertaining to the body’s rate of nutrient
absorption. However, to achieve precise detection and accurate
estimation of dietary intake, the unit’s sensor required adequate
skin contact be maintained at all times. Achieving this proved
to be a considerable challenge for several reasons, including (1)
battery life, as the unit required an hour of charging each day,
which required removal of the device, preventing the detection
of calories ingested within several hours before removal; (2)
the wristband’s bulky size, dimensions, and/or appearance were
challenges for some users to maintain comfort and position on
the arm; and (3) the user’s own wrist size and shape; for
example, small or tapered wrists were likely to result in
inconsistent sensor contact. As described previously, several
strategies were included in the study design to prevent data loss,
such as targeting problematic cases early, checking in with
participants, and monitoring sensor position daily. However,
https://mhealth.jmir.org/2020/7/e16405
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data loss from poor sensor contact was a significant barrier to
the technology’s ability to reliably detect calorie intake. Separate
analyses, not reported in this study, further examine the
technology’s efficacy using data collected only during periods
of protocol adherence concerning food reporting and technology
use.
Establishing reliable adherence or compliance protocols is a
widespread goal in measuring the dietary intake of human
subjects [23]. Continuous glucose monitors were used to
measure the participants’ adherence to food intake recording
protocols. Although CGM data do not provide a direct measure
of dietary intake, its measurement of the body’s relative
physiological response to food intake can serve as a proxy to
identify inconsistencies in reported intake data and blood
glucose activity. Examination of CGM data confirmed that
although a few participants (n=2) were likely nonadherent with
dietary intake reporting protocols, aberrant increases in blood
glucose levels could be attributed to multiple factors including
exercise or other bouts of physical activity. The authors
concluded that complex outcomes on CGM measurement and
the participants’ adherence would be appropriately detailed in
the context of measuring or impacting compliance in nutrition
research. Some challenges to using the CGM devices to collect
data over continuous 14 days were also related to form factor
limitations. The sensor included an adhesive material attached
to the skin, but some devices became dislodged during the
14-day study period (13/72, 18% CGMs attached), causing
complete or partial data loss. Of the 24 participants, 2 (8%) had
repeated CGM sensor displacement, which was more likely to
occur during physical activity (biking, gym workout, and weight
lifting) and/or excessive sweating. In these cases, a skin adhesive
(Skin-Tac) was useful in reinforcing the CGM attachment. As
the FSL Pro System did not include individual readers with
each unit, participants were blinded to their personal glucose
data. At the end of the study period, data reports summarizing
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16405 | p.144
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glucose patterns were generated and distributed to participants.
Readouts included daily blood glucose averages (g/ dL) across
each 24-hour period, average glucose trend lines across each
24-hour period, and likelihoods of hypoglycemia or
hyperglycemia during specified windows. A total of 7 days’
worth of daily blood glucose trend lines were color coded and
superimposed onto summary graphs. Participants were provided
with general guidance from the RD to interpret numerical data
into a relevant and actionable context for health and diet.
By collaborating with the university facility, this study used
existing food production operations, resources, and personnel
to carry out an extensive dietary observation study. Despite
numerous strengths in the study design and utilization of a novel
research environment, limitations were revealed during project
implementation. For example, in the food facility where dishes
were prepared for high throughput mass consumption, the exact
quantity of nutrients in each portion could not be consistently
and routinely ensured using these methods alone. In addition,
considering that the project targeted students on a university
campus, protocol adherence was less than anticipated,
particularly with regard to meal attendance. Of the 42 total study
meals offered to each of the 24 participants during the second
14-day testing period (1008 total meals), 56% of the scheduled
meals were attended (565 meals). To improve adherence in the
future, stricter enforcement of meal attendance is recommended.
Studies excluding offsite food consumption may help improve
the accuracy of nutrient intake reporting, with strategies in place
to account for protocol adherence. Given that numerous factors
were involved with intermittent data loss from the wristband
technology, 2 weeks was defined as the minimum period
required to gather continuous data from 25 free-living
participants for validation purposes. Longer study periods could
affect adherence issues without stricter guidelines around
participant meal attendance.
This study validated participants’ calorie intake as recorded by
the wearable device, in comparison with a reference diet. The
deviations in and between methods could be explained by any
combination of the following factors: form factor limitations
(skin contact/battery); the participants’ nonadherence to dietary
protocol (ie, consuming and failing to report ingested food or
drink); interindividual differences in measured intake versus
actual nutrient absorption and metabolism; human error in
calculating food intake using the USDA Database; potential
deviations from the standardized recipe during the meal
preparation process; inability of the USDA Database account
for nutrient variation depending on food ripeness, geographic
location, and soil quality; inherent data loss because of required
1-hour daily device charging periods; and inaccuracies
pertaining to technology algorithm development. Future studies
should incorporate these suggestions for improvement to further
interrogate the potential of wearable devices to accurately

Dimitratos et al
capture caloric and macronutrient intake. Ongoing engineering
adjustments are recommended to accurately estimate the energy
and nutrient intakes of individuals consuming various diets.
Tools are urgently needed to obtain accurate and precise
measurements of diet and nutrition. Enhancing knowledge about
individual phenotypes allows for more precise and predictive
dietary guidance and intervention, and this has the potential to
transform how people make informed diet and lifestyle choices.
In today’s personalized marketplace, we routinely use
sophisticated technology to acquire personalized step-by-step
guidance that assures arrival at nearly any physical destination
(eg, satellite navigation). In accordance with the natural diversity
of humans as unique phenotypes, this concept could also be
applicable to the realm of food and diet. In other words, there
is a need for sensitive and specific devices to deliver
step-by-step directions to any desired health destination. This
requires the tools able to quantify health status and progress
over important time scales and adjust trajectories according to
biofeedback. Smartphones are the cornerstone of the
customization and precision of modern life, incorporating
precise personal information with global databases accessible
through cloud storage and applying straightforward
computational algorithms to guide decisions. This basic principle
and its applications offer a sophisticated and diverse range of
possibilities for enhancing our individual experience, whether
through personalized navigation, physical activity tracking,
tailoring fitness routines, and identifying a song or even a face.
However, to date, the app market does not offer reliable
solutions for automating the quantification of dietary intake that
would significantly impact individualized quality of life
decisions. Measurement and tracking devices provide practical
utility for discerning phenotypic traits and defining progressive
roadmaps to personalized health destinations. Automated
nutrient tracking devices could precisely inform diet and lifestyle
choices appropriate to health status and guide individuals toward
desired goals, including everything from diet planning to
cardiometabolic performance. Validation and effectiveness
testing of candidate devices are essential steps to be taken for
the use of precision technologies to inform personalized diet
and lifestyle guidance.

Conclusions
This study documented high variability in both the utility and
accuracy of a wristband sensor to track nutritional intake
(kcal/day). The researchers acknowledge that because dietary
intake measurement of individuals has inherent challenges
related to accuracy and variability, achieving precision of
reference methods is a notable challenge. This study highlights
the need for innovative measurement tools that are precise,
reliable, and efficacious to facilitate accurate personalized
dietary measurement.
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Abstract
Background: There has been a recent increased interest in monitoring health using wearable sensor technologies; however,
few have focused on breathing. The ability to monitor breathing metrics may have indications both for general health as well as
respiratory conditions such as asthma, where long-term monitoring of lung function has shown promising utility.
Objective: In this paper, we explore a long short-term memory (LSTM) architecture and predict measures of interbreath intervals,
respiratory rate, and the inspiration-expiration ratio from a photoplethysmogram signal. This serves as a proof-of-concept study
of the applicability of a machine learning architecture to the derivation of respiratory metrics.
Methods: A pulse oximeter was mounted to the left index finger of 9 healthy subjects who breathed at controlled respiratory
rates. A respiratory band was used to collect a reference signal as a comparison.
Results: Over a 40-second window, the LSTM model predicted a respiratory waveform through which breathing metrics could
be derived with a bias value and 95% CI. Metrics included inspiration time (–0.16 seconds, –1.64 to 1.31 seconds), expiration
time (0.09 seconds, –1.35 to 1.53 seconds), respiratory rate (0.12 breaths per minute, –2.13 to 2.37 breaths per minute), interbreath
intervals (–0.07 seconds, –1.75 to 1.61 seconds), and the inspiration-expiration ratio (0.09, –0.66 to 0.84).
Conclusions: A trained LSTM model shows acceptable accuracy for deriving breathing metrics and could be useful for long-term
breathing monitoring in health. Its utility in respiratory disease (eg, asthma) warrants further investigation.
(JMIR Mhealth Uhealth 2020;8(7):e13737) doi:10.2196/13737
KEYWORDS
photoplethysmogram; respiration; asthma monitoring; LSTM

Introduction
There has been increasing interest in monitoring health using
wearable sensors. However, very few technologies have focused
on the breathing signal. The ability to monitor breathing may
be beneficial for general health and particularly for asthma,
which is a health condition that affects over 300 million people
globally [1]. Monitoring of lung function using specialized
metrics such as peak expiratory flow has been shown to be
useful for predicting risk of an asthma episode [2]; however,
this can be difficult to perform for patients as it involves forced
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maneuvers. It remains to be seen whether continuous monitoring
of simple breathing metrics such as the interbreath interval (IBI)
and the inspiration-expiration (I:E) ratio could provide further
information on asthma control [3] and disease status [4].
The availability of a noninvasive sensor that measures breathing
continuously and in an ambulatory manner would facilitate
studies to establish clinical utility. One sensor of interest is the
pulse oximeter that is commonly used in a clinical setting to
measure both arterial blood oxygen saturation (SPO2) and heart
rate. A tidal breathing method exists that also shows promise
for clinical prediction [5]; however, these methods are unsuitable
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for continuous monitoring (eg, during walking or exercise). It
was recently shown that a pulse oximeter can also be used to
continuously monitor respiratory rate in a clinical setting [6].
This is possible because breathing periodicity [6,7] and effort
[8] modulate photoplethysmogram (PPG) amplitude, frequency,
and baseline wander [9,10]. Filtering and feature-based signal
processing approaches can be applied to the PPG signal to
extract a surrogate respiratory signal. This in turn can be
processed to derive breathing rate (BR) with varying degrees
of accuracy [7].

Respiratory inductance plethysmography is a method to measure
relative tidal volume (RTV) as a function of the chest and
abdominal wall movement [13]. In this study, inductance bands
were placed around the abdomen and ribcage according to the
manufacturer’s guidelines, allowing RTV to be estimated as
the weighted sum of the chest and abdominal wall inductance
signals. The Alice PDx system reported an RTV signal based
on the contribution of both respiratory bands and was captured
at 100 Hz.

Unfortunately, there is poor amplitude correlation between the
surrogate respiratory waveform and a gold standard respiratory
trace. This poor correlation may make the I:E ratio difficult or
impossible to derive using existing methods. In this work, we
sought to address this using machine learning. In a previous
pilot study [11], we demonstrated how a long short-term
memory (LSTM) approach could predict a respiratory waveform
from which BR could be derived. LSTM is a type of a recurrent
neural network that can capture long-term, time-based
dependencies in data [12]. Through the LSTM, we showed that
the Pearson correlation coefficient between the derived
respiratory waveform and a pneumotachograph trace had
similarly high r values (r>0.8) to existing methods. In this paper,
we built on this study by investigating the accuracy to which
IBI, I:E ratio, and BR respiratory metrics can be attained from
a PPG-derived surrogate respiratory waveform using an LSTM.
We show that, in comparison to existing approaches, we can
derive breathing metrics to a higher degree of accuracy from a
pulse oximeter.

The Alice PDx system outputs three independent time series:
PPG, SPO2, and pulse rate. The SPO2, processed PPG, and pulse
rate signals were up-sampled to 25 Hz while the RTV was
down-sampled to 25 Hz before normalizing between ±1. The
sampling rate of 25 Hz was selected to ensure respiratory rate
accuracy [7,14] and so that all time series data had the same
time scale.

Description of Available Features

In addition to the three time series given by the Alice PDx
system, a bandpassed PPG time series was generated by passing
the original PPG signal through a sixth order Butterworth
bandpass filter with a center frequency corresponding to the
respiratory rate of the signal with a bandwidth of 0.002 Hz. This
additional time series was included because our previous
findings suggested that this feature could improve model
prediction [11].
Altogether, the available features used within our model are as
follows:

Methods

•
•
•

Datasets

•

Data Collection

We previously determined experimentally that the inclusion of
SPO2 and pulse rate values helped inform the network when
decoupling between the pulse signal and respiratory signal
occurs [11]. The exact underlying physiological mechanisms
are unclear.

Measurements were recorded from a group of 10 healthy
participants who provided informed consent. The protocol for
this study was approved by Northern Sydney Local Health
District
Human
Research
Ethics
Committee
(LNR/16/HAWKE/99 ethics approval). Participants conducted
5 randomized breathing serials at a rate of 6, 8, 10, 12, or 14
breaths per minute (BPM). Each serial was conducted for 5
minutes. Each participant was coached to breath one full
inhalation and exhalation in time with a visual prompt.
An Alice PDx (Philips Respironics, Murrysville, PA) portable
sleep diagnostic system was used to measure physiological
signals during this study. The supplied pulse oximeter was
attached to the index finger of the nonmaster hand, allowing
the capture of a raw PPG trace, SPO2, and pulse rate data. The
Alice PDx reported calculated values for SPO2 and pulse rate
3 times per second. PPG signals were sampled at 75 Hz.
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Feature 1: PPG
Feature 2: bandpassed PPG
Feature 3: SPO2
Feature 4: pulse rate

Derivation of a Respiratory Waveform Time Series
For comparison purposes, RRest toolbox [15] was used to
extract respiratory waveforms from a PPG using 10
feature-based and filter-based algorithms as shown in Figure 1.
The resulting respiratory waveforms were temporally aligned
to correspond with the reference respiratory waveform in the
test set for comparison purposes. The techniques used to derive
the respiratory waveforms, as well as our LSTM method, are
described in Table 1.
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Figure 1. Using existing filter-based and feature-based methods, 10 relative respiratory waveforms were derived from a photoplethysmogram (PPG)
signal, and another relative respiratory waveform was derived using a long short-term memory (LSTM) that accepts PPG, arterial blood oxygen saturation
(SPO2), band-passed (BP) PPG, and pulse rate inputs. BR: breathing rate; I:E: inspiration-expiration ratio; IBI: interbreath interval.

Table 1. Techniques for the extraction of respiratory signals from a photoplethysmogram (adapted from Charlton et al [15]).
Respiratory signal

Description

Filter-based
XA1

Bandpass filter between plausible respiratory frequencies

XA2

Maximum amplitude of the CWTa within plausible cardiac frequencies
(30-220 beats per minute) [16]

XA3

The frequency corresponding to the maximum amplitude of the CWT
within plausible cardiac frequencies [16]

Feature-based
XB1

Mean amplitude of troughs and proceeding peaks [7]

XB2

Difference between the amplitudes of troughs and proceeding peaks [17]

XB3

Time interval between consecutive troughs [17]

XB4

Mean signal value between consecutive troughs [18]

XB5

Peak amplitude [17]

XB6

Trough amplitude [18]

XB10

PPGb pulse width estimation using a wave boundary detection algorithm
[19]

Machine learning–based
XLSTMc
a

Proposed LSTM method

CWT: continuous wavelet transform.

b

PPG: photoplethysmogram.

c

LSTM: long short-term memory.

LSTM Architecture and Parameters
We propose the use of an LSTM model as an alternative to the
signal processing methods described in Table 1. In this section,
we discuss our training and validation procedures to determine
an appropriate LSTM architecture to predict a respiratory
waveform.
The core component of an LSTM architecture is a memory cell
whose characteristics allow long-term data dependencies to be
captured. A single LSTM cell uses gate mechanisms to forget
http://mhealth.jmir.org/2020/7/e13737/
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irrelevant parts of a previous state, selectively update the current
cell state, and to output the cell state [12]. Each cell contains a
number of hidden units that define the dimensionality of both
the current and output states. Increasing hidden units within a
model may lead to overfitting. Conversely, reducing hidden
units below a certain threshold will not allow a model to be
trained.

Hyperparameter Search
We first conducted a structured, though nonexhaustive,
hyperparameter search to determine suitable values for our final
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e13737 | p.150
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LSTM architecture. We then performed more extensive training
to maximize the performance of our final architecture.

Hyperparameter Exploration
An open-source Python 3.5 library called TensorFlow r1.3 was
used to train the LSTM model on a Dell Optiplex D810 (i7, 32
GB RAM; Dell Inc, Round Rock, TX) and two Titan Xp (Nvidia
Corp, Santa Clara, CA) graphics processing units (GPUs).
The AdamOptimizer class of Tensorflow was used to train the
LSTM using a learning rate of 0.0005 for 100 epochs with a
batch size of 128. We explored the effect of changing the
amount of cells (100, 300, 500), hidden units within a cell (500,
1500, 2500), and layers (1, 2, 3) and compared the results against
a default model containing 100 cells, 500 hidden units, and a
single layer. For this study, cells were layered sequentially two
times to improve model accuracy and robustness [20]. The
dropout layer was placed between each layer with a dropout
rate of 0.5 to reduce overfitting [21]. There was a single dense,
fully connected layer at the end.
To minimize training time for hyperparameter exploration, 4
smaller training datasets were created from the original 45
unique datasets (9 participants, each with 5 breathing serials).
These datasets contained data from 1 participant (7), 3
participants (3, 5, 7), 5 participants (1, 3, 5, 7, 9), or 9 (1, 2, 3,

4, 5, 6, 7, 8, 9) participants. This allowed us to compare model
performance as the number of participants increased for the
various configurations. To further reduce training time, each
dataset was reduced to 1 minute of data, splitting 70%, 15%,
and 15% into training, validation, and test sets, respectively.
To assess the performance of the model, we conducted 5-fold
cross validation. To reduce computational time that typically
results in higher error bias but lower variability, we chose 5
folds over 10 folds [22]. We investigated permutations of the
available features and found that accuracy increased with the
number of features with a minimal cost in terms of execution
time.
Table 2 shows the training time in minutes as a function of
participants and the hyperparameter. The Pearson correlation
coefficients between the derived and reference respiratory
waveforms are plotted as a function of increasing number of
participants for the chosen cell values (Table 2) in Figure 2A,
hidden unit values in Figure 2B, and layer values in Figure 2C.
The highest correlation was achieved with 300 cells and 2 layers
for 9 participants. For hidden units, the correlation was similar
between the quantities, with 2500 hidden units only slightly
better than 500 (0.786 vs 0.788). Due to the minimal difference,
the latter was selected as it required significantly less training
time (211 minutes vs 1213 minutes) for comparable
performance.

Table 2. Training time (minutes) for the hyperparameter search.
Hyperparameters

1 participant

3 participants

5 participants

9 participants

100

24

75

110

208

300

54

200

272

505

500

84

313

542

932

500

24

69

150

211

1500

52

161

264

482

2500

131

402

665

1213

1

24

65

116

220

2

35

125

190

366

3

48

158

271

470

Cells

Hidden units

Layers
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Figure 2. Pearson correlation values between derived and reference respiratory waveforms, given a dataset containing n participants, for a long short-term
memory (LSTM) with (A) cells of size 100, 300, and 500; (B) hidden units of size 500, 1500, and 2500; (C) layers of size 1, 2, and 3.

Final Model Training

We then evaluated the Bland-Altman agreement [13] between
the derived respiratory metrics to reference metrics.

The final model had around 8257 trainable parameters consisting
of 300 cells, 2 layers, and 16 hidden layers. To train our final
model, we used AdamOptimizer with an initial learning rate of
0.02 and batch size of 256. We conducted 5-fold cross validation
with approximately 223,786 training examples per fold with
early stopping.

Additionally, the root mean square error between hypothesized
RTV signal y(t) and the true RTV Y(t) was calculated for each
person and respiratory rate and subsequently averaged across
the 5 folds.

Extraction of Breathing Metrics
We defined a valid window when the Pearson correlation
coefficient was >0.6 between the gold standard respiratory
waveform and derived tidal volume waveform (TVW) in the
window. For test sets that contained valid windows, we extracted
peaks and troughs in MATLAB R2016b (MathWorks Inc,
Natick, MA). To find the maximum points, ‘findpeaks’ was
used, and we used a linear search algorithm to find the global
minimum between 2 consecutive peaks. Using the peak and
trough data, we extracted the following: IBI (the period in
seconds between 2 consecutive peaks within the TVW signal),
inspiration time (period in seconds between a trough and peak
within the TVW signal), expiration period (period in seconds
between a peak and trough within the TVW signal), and I:E
(ratio between consecutive inspiration time and expiration
period).
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Results
Data Collection
Data were acquired from 10 healthy subjects. One subject was
excluded because of incomplete recordings due to an SD card
save error on the Alice PDx. Therefore, data for 9 subjects were
analyzed. The median (lower, upper quartiles) age of the
analyzed subjects was 28 years (24.5 to 33.0 years). Median
BMI was 23.59 kg/m2 (21.28 to 30.04 kg/m2), and 3 subjects
(3/9, 33%) were female. In total, we recorded 3.75 hours of
data, consisting of 5 minutes * 5 breathing rates * 9 participants.

Model Validation
The weights and biases were saved for each epoch during
training. Training was stopped when the validation error
diverged to avoid overfitting. Early stopping occurred when the
validation cost did not improve for 5 epochs.
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Derivation of Breathing Metrics
In total, 225 unique test sets were created from 9 participants,
at 5 respiratory rates, over 5 folds. Each test set was a window
of 1000 samples (40 seconds) in length. We plotted the number
of valid windows as a function of increasing Pearson correlation
coefficients between derived and reference respiratory
waveforms in 0.2 increments in Figure 3. For a Pearson
correlation coefficient ≥0.6, our approach, XLSTM, was valid for
191/225 (85%) windows, while the next highest performing
algorithm, XA1, was valid for 128/225 (57%) windows, followed
by XA2, which was valid for 119/225 (53%) windows. Other
algorithms were excluded from further analysis due to a small
percentage of valid windows: 21/225 (9%) for XA3, 56/225
(25%) for XB1, 38/225 (17%) for XB2, 36/225 (16%) for XB3,
23/225 (10%) for XB4, 65/225 (29%) for XB5, 52/225 (23%) for
XB6, and 11/225 (5%) for XB10.

Prinable et al
Breathing metrics were averaged over each 40-second test set.
The mean (SD) between derived and gold standard metrics and
their associated t test results are shown in Table 3. The
Bland-Altman agreement between derived and gold standard
metrics for all subjects and respiratory rates are reported in
Table 4. In the case of XLSTM, a Savitzky-Golay filter was used
to smooth the derived respiratory waveform prior to extracting
the breathing metrics.
The Bland-Altman plot for the derived breathing metrics of
inspiration time, expiration period, IBI, BR, and I:E across all
participants (1-9) and all respiratory rates (6, 8, 10, 12, 14) using
XLSTM is shown in Figure 4. For comparison purposes, we report
the Bland-Altman plot for derived respiratory rate across all
participants and all respiratory rates using the highest performing
algorithm found by Charlton et al [7] in Figure 5.

Figure 3. Number of valid windows as a function of increasing Pearson correlation coefficients between derived and reference respiratory waveforms
in 0.2 increments. For an explanation of the variables please refer to Table 1.
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Table 3. Breathing metrics for the reference respiratory band, XLSTM, XA1, and XA2 methods, with their associated paired t test results.
Breathing
metrics

a

a
Respiratory band, X
LSTM
mean (SD)
Mean
t180 test
(SD)

XA1

XA2

P

Mean (SD) t126 test

P

Mean (SD)

t118 test

P

Tinspb (seconds)

3.28 (1.29)

3.14
(1.15)

2.92

0.004

3.46 (1.31) 1.65

0.103

3.40 (1.42)

0.02

0.99

Texpc (seconds)

3.13 (1.01)

3.19
(1.05)

–1.68

0.095

3.38 (1.09) –3.24

0.002

3.10 (0.95)

–1.44

0.152

BRd (BPMe)

10.28 (2.72)

10.41
(2.74)

–1.39

0.167

9.69 (2.73) 1.93

0.056

10.35 (2.95)

–0.46

0.649

IBIf (seconds) 6.40 (1.98)

6.33
(1.96)

1.12

0.262

6.84 (2.09) –2.18

0.031

6.50 (2.09)

–1.73

0.086

I:Eg

1.09
(0.43)

–3.09

0.002

1.03 (0.40) –2.68

0.008

1.00 (0.29)

–1.50

0.135

1.01 (0.36)

LSTM: long short-term memory.

b

Tinsp: inspiration time.

c

Texp: expiration period.

d

BR: breathing rate.

e

BPM: breaths per minute.

f

IBI: interbreath interval.

g

I:E: inspiration:expiration ratio.
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Table 4. Derived breathing metrics using the XLSTM, XA1, and XA2 methods and associated statistical analyses.
Method

Bland-Altman r2

P

Absolute

Relative

Bias

95% LoAa

Bias (%)

95% LoA

Tinsp (seconds) b
XLSTMc

0.70

<.001

–0.16

–1.64 to 1.31

–3.70

–38.44 to 31.05

XA1

0.74

<.001

–0.11

–1.51 to 1.30

–2.35

–35.65 to 30.95

XA2

0.74

<.001

-0.01

–1.46 to 1.46

–0.22

–33.34 to 32.90

XLSTM

0.54

<.001

0.09

–1.35 to 1.53

2.35

–31.84 to 36.55

XA1

0.41

<.001

0.25

–1.45 to 1.95

6.41

–32.82 to 45.63

XA2

0.43

<.001

0.10

–1.39 to 1.59

2.70

–36.34 to 41.73

XLSTM

0.83

<.001

0.12

–2.13 to 2.37

1.22

–23.63 to 26.07

XA1

0.92

<.001

–0.13

–1.68 to 1.41

–1.38

–18.42 to 15.65

XA2

0.88

<.001

0.04

–1.94 to 2.02

0.14

–19.35 to 19.62

XLSTM

0.82

<.001

–0.07

–1.75 to 1.61

–0.98

–22.62 to 20.66

XA1

0.88

<.001

0.14

–1.31 to 1.60

2.08

–16.55 to 20.70

XA2

0.91

<.001

0.10

–1.13 to 1.33

1.37

–16.20 to 18.94

XLSTM

0.30

<.001

0.09

–0.66 to 0.84

9.91

–63.89 to 83.70

XA1

0.11

<.001

0.09

–0.68 to 0.87

6.65

–61.43 to 74.73

XA2

0.04

<.001

0.05

–0.62 to 0.71

3.41

63.89 to 70.72

Texp (seconds)d

BRe (BPMf)

IBIg (seconds)

I:Eh

a

LoA: limits of agreement.

b

Tinsp: inspiration time.

c

LSTM: long short-term memory.

d

Texp: expiration period.

e

BR: breathing rate.

f

BPM: breaths per minute.

g

IBI: interbreath interval.

h

I:E: inspiration:expiration ratio.
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Figure 4. Bland-Altman plots for (A) inspiration time (seconds), (B) expiration time (seconds), (C) interbreath interval (seconds), (D) breathing rate
(breaths per minute), and (E) inspiration:expiration ratio using the LSTM method.
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Figure 5. Bland-Altman plot for the highest performing algorithm (XB1,2,3ET4FM1) found by Charlton et al [7].

Our model consistently performed comparably to the other
methods, showing similar agreement (lower bias) and variability
(narrower limits of agreement). The relative bias for our model
was <4% for all breathing metrics examined except for I:E ratio
(at 9.9%), which is within the limits of accuracy of existing
standards on the estimation of breathing metrics using
conventional methods [5], although the limits of variability are
wide.
The differences for inspiration time are bound within the 95%
CIs for average inspiration periods <4 seconds. Distinct
clustering can be seen around an inspiration period of 2 seconds
(Figure 4A). The differences for expiration period are bound
within the 95% CIs for average expiration periods of 2-3 seconds
(Figure 4B). For IBI, 4 distinct clusters occur corresponding to
intervals of 4, 5, 6, and 7 seconds; however, the clustering
weakens above 9 seconds (Figure 4C). For BR, 5 distinct
clusters are formed corresponding to expected BRs of 6, 8, 10,
12, and 14 BPM (Figure 4D). There is noticeable clustering for
I:Es of 0.8-1 (Figure 4E).
To quantify the accuracy of our model and provide a metric for
future comparisons, we report the root mean square error over
all participants and respiratory rates for XLSTM for inspiration
time (0.77 seconds), expiration period (0.74 seconds), IBI
(0.8377 seconds), BR (0.86 BPM), and I:E (1.15).
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Discussion
Principal Findings
In this work, we were interested in determining the feasibility
of finding continuous measures of inspiration time, expiration
period, IBI, BR, and I:E metrics from a PPG. We showed how
an LSTM architecture could be used to predict these metrics
for 191/225 (85%) test sets comprised of 9 participants at a
respiratory rate of 6, 8, 10, 12, or 14 BPM. We conducted
Bland-Altman analyses and found the LSTM was able to predict
the average inspiration time of –0.16 seconds (–1.64 to 1.31
seconds) and expiration period of 0.09 seconds (–1.35 to 1.53
seconds) over a 40-second window. The LSTM was able to
predict an I:E ratio of 0.09 (–0.66 to 0.84), although this was
poorly correlated with reference values. However, this is the
first time this metric is being reported in the literature as
measured from a pulse signal.
The LSTM model was trained to minimize the error between
derived and reference respiratory waveforms and was then able
to generalize the breathing characteristics of 9 subjects and
predict future respiratory waveforms based on PPG data. The
ability to “see and learn” a reference signal presents a distinct
advantage over existing methods. Through this approach, it was
possible to determine the continuous average breathing metrics
of inspiration time, expiration period, IBI, and BR for the
majority of time (85%), exceeding a Pearson correlation
threshold of 0.6. In contrast, these breathing metrics could only
be derived, at best, around half the time (56% in the case of
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e13737 | p.157
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XA1) using existing feature-based and filter-based algorithms
that did not rely on any previous reference data. While we
directly compared the performance of XA1 and XA2 to the LSTM
method, other methods were excluded from this analysis due
to the fact that the correlation between the derived respiratory
waveform and the gold standard was <0.6 more than 80% of
the time. Feature-based techniques (XB1-XB6, XB10) have
performed well in previous respiratory rate algorithm
assessments by Charlton et al [7] and would likely have similar
performance on this dataset. In the cases where breathing metrics
could be extracted for XA1and XA2, we found that the metrics
of inspiration time, expiration period, and I:E were poorly
correlated with the reference metrics, as shown in Table 4.
We conducted Bland-Altman analysis on the highest performing
algorithm XB1,2,3ET4FM1 found by Charlton et al [7] in his
comparison of classical signal processing algorithms for PPG.
The bias in our dataset compared to those in the dataset used
by Charlton et al [7] was higher (–1.12 vs 1). However, the 95%
limits of agreement (BPM) was lower (–2.4 to 2.1 vs –5.1 to
7.2). XLSTM compares favorably to XB1,2,3ET4FM1 with similar
bias (0.12 vs –1.10) and a smaller 95% limits of agreement
(BPM; –2.13 to 2.37 vs –2.63 to 2.44). The bias in our model
compares well against existing standards on breathing metric
estimation using conventional methods, which stipulate an
accuracy of at least 2% for respiratory rate. It is worth noting
that the standards are formulated for infant populations who
breath faster. The wide variability seen in our model could be
improved, although it is lower than that obtained from other
methods examined. The high degree of variability could arise
from differences in accuracy with different respiratory rates.
While there is insufficient data from this study to ascertain this,
it justifies use of longer-term data collection for further
investigation.
The hyperparameters for the LSTM model were chosen in a
structured, although non-exhaustive, manner by comparing a
change in the number of cells, hidden units, or layers to a fixed
model. Figures 2-4 show a decreasing trend in the correlation
between the LSTM-derived respiratory waveform and the
reference waveform as the number of participants increased.
This trend occurred irrespective of the number of cells, hidden
units, or layers. This may be accounted for, in part, by the
complexity for which the LSTM model must account as the
participant population increases. In the specific case of 300
cells, the correlation curve decreased quasi-exponentially.
However, in the case of hidden units and layers, the correlation
curve decreased quasi-linearly. It remains to be seen if the
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minimum correlation is bound between derived and reference
respiratory waveforms for a given population. The findings of
this paper show that our previous network parameter was much
larger than required [11].
In this work, we used the following 4 features: PPG, filtered
PPG, SPO2, and pulse rate. We did not conduct feature selection,
which may have helped to improve the overall model
performance. It would be useful to see the effect of removing
the filtered PPG signal feature to reduce additional preprocessing
time and computational power.
Due to a limited participant population, we did not conduct
leave-one-out participant cross validation. The shape of each
respiratory waveform varied from person to person, and it is
unlikely that the LSTM model derived in this work would be
able to predict respiratory metrics from an unseen participant.
However, with a larger training population, the LSTM model
may be exposed to enough data to enable the accurate prediction
of respiratory metrics in an unseen participant. Previously, we
found that participants would prefer that a wearable sensor
device have a watch form factor [23]. In this paper, we did not
look at the feasibility of implementing an LSTM in this type of
form factor. Currently, LSTM training requires GPU-grade
computational power. With current low-power Bluetooth low
energy devices [11,24,25], it may be possible to acquire PPG
data and stream real-time data to a cloud-based GPU server to
run online training. Once the weights and biases of the LSTM
architecture are found, it may also be possible for an embedded
platform to perform the required processing to obtain real-time
breathing metric predictions. At present, field-programmable
gate arrays can be used for real-time predictions and benefit
from low latency and low power consumption [26].
Additionally, the field-programmable gate array architecture is
reconfigurable. This would allow any potential device to be
individually tailored to a specific model.

Conclusion
This paper presents the feasibility of monitoring simple
breathing metrics such as the IBI, BR, inspiration time,
expiration period, and I:E for a person at rest. We hope this
proof-of-concept paper will inspire future research to collect
further data and develop more powerful machine learning
algorithms. In the future, it may also be possible to derive these
metrics from a wristworn device that contains a pulse oximeter
and accelerometer for a person at rest and support potential
longitudinal studies to determine if these metrics can provide
further information on asthma type [3] and provide any clinical
utility [4].
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Abstract
Background: Smartphone apps for heart rate variability (HRV) measurement have been extensively developed in the last
decade. However, ultra–short-term HRV recordings taken by wearable devices have not been examined.
Objective: The aims of this study were the following: (1) to compare the validity and reliability of ultra–short-term and short-term
HRV time-domain and frequency-domain variables in a novel smartphone app, Pulse Express Pro (PEP), and (2) to determine
the agreement of HRV assessments between an electrocardiogram (ECG) and PEP.
Methods: In total, 60 healthy adults were recruited to participate in this study (mean age 22.3 years [SD 3.0 years], mean height
168.4 cm [SD 8.0 cm], mean body weight 64.2 kg [SD 11.5 kg]). A 5-minute resting HRV measurement was recorded via ECG
and PEP in a sitting position. Standard deviation of normal R-R interval (SDNN), root mean square of successive R-R interval
(RMSSD), proportion of NN50 divided by the total number of RR intervals (pNN50), normalized very-low–frequency power
(nVLF), normalized low-frequency power (nLF), and normalized high-frequency power (nHF) were analyzed within 9 time
segments of HRV recordings: 0-1 minute, 1-2 minutes, 2-3 minutes, 3-4 minutes, 4-5 minutes, 0-2 minutes, 0-3 minutes, 0-4
minutes, and 0-5 minutes (standard). Standardized differences (ES), intraclass correlation coefficients (ICC), and the Spearman
product-moment correlation were used to compare the validity and reliability of each time segment to the standard measurement
(0-5 minutes). Limits of agreement were assessed by using Bland-Altman plot analysis.
Results: Compared to standard measures in both ECG and PEP, pNN50, SDNN, and RMSSD variables showed trivial ES (<0.2)
and very large to nearly perfect ICC and Spearman correlation coefficient values in all time segments (>0.8). The nVLF, nLF,
and nHF demonstrated a variation of ES (from trivial to small effects, 0.01-0.40), ICC (from moderate to nearly perfect, 0.39-0.96),
and Spearman correlation coefficient values (from moderate to nearly perfect, 0.40-0.96). Furthermore, the Bland-Altman plots
showed relatively narrow values of mean difference between the ECG and PEP after consecutive 1-minute recordings for SDNN,
RMSSD, and pNN50. Acceptable limits of agreement were found after consecutive 3-minute recordings for nLF and nHF.
Conclusions: Using the PEP app to facilitate a 1-minute ultra–short-term recording is suggested for time-domain HRV indices
(SDNN, RMSSD, and pNN50) to interpret autonomic functions during stabilization. When using frequency-domain HRV indices
(nLF and nHF) via the PEP app, a recording of at least 3 minutes is needed for accurate measurement.
(JMIR Mhealth Uhealth 2020;8(7):e18761) doi:10.2196/18761
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Introduction
Background
Smartphone apps are recognized as convenient tools for our
daily life activities in modern society. For health and fitness
issues, there is an increasing number of smartphone users that
utilize multiple free mobile phone apps to assess biosignals
[1,2], psychological functions [3,4], and social behaviors in
daily routines. Specific to healthy lifestyle promotion for
cardiovascular functions, using a smartphone or smartwatch to
monitor autonomic nervous system activities through heart rate
(HR) and HR variability (HRV) is accessible and economical
[5,6].
HRV is a physiological marker of cardiac autonomic responses
that can be detected by recording heartbeat intervals over time.
Assessment of daily HRV can provide useful information for
understanding cardiac health with regards to labor force
workload [7], mental conditions [8,9], and fitness status [10,11].
In general, the conventional methodology involves recording a
5-minute short-term HRV measurement, followed by a 5-minute
stabilization [12].

Ultra–Short-Term HRV Studies
Recently, ultra–short-term recordings for HRV assessment have
received notable attention in cardiovascular medicine [13-15],
metabolic disease [16], cognitive function [8,9], exercise testing
[17-19], and sports training [11,20] studies due to the time
efficiency it offers to both patients and practitioners.
Ultra–short-term recording only requires R-R intervals of less
than 60 seconds. Excellent limits of agreement and
reproducibility of 1-minute ultra-short recordings of root mean
square of successive R-R intervals (RMSSD) measurements
were observed during a 5-minute stabilization period in an
athletic population [11,21]. However, the methodological
considerations of ultra–short-term HRV assessment have not
been extensively explored in the literature. For example, a
shorter time segment of less than 1 minute tended to increase
measurement errors when RMSSD was log-transformed
(lnRMSSD) [18].

Study Objectives
Today, several HRV smartphone apps have been developed to
evaluate autonomic health by using photoplethysmography
[19,22,23].
However,
the
compatibility
of
photoplethysmographic detection is limited by physical contacts
between recording locations and mobile sensors. Thus, our
research group recently developed a free mobile app, Pulse
Express Pro (PEP), which is compatible with wearable HR
sensors and has Bluetooth functionality. The wireless app might
provide an option to clients and practitioners using mobile
phone–based HRV assessment. Therefore, the first aim of this
study was to compare the degree of validity and reliability of
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ultra–short-term and short-term HRV recordings of the
time-domain (standard deviation of normal R-R intervals
[SDNN], RMSSD, and the proportion of NN50 divided by the
total number of RR intervals [pNN50]) and frequency-domain
(normalized very-low–frequency power [nVLF], normalized
low-frequency power [nLF], and normalized high-frequency
power [nHF]) variables with standard 5-minute assessment
using a novel smartphone app, PEP. The second aim of this
study was to determine the agreement of ultra–short-term and
short-term HRV assessments by electrocardiogram (ECG) and
PEP. We hypothesized that ultra–short-term HRV indices would
show less valid and reliable measurements than that of
short-term HRV indices for frequency-domain variables but not
for time-domain variables.

Methods
Recruitment
In total, 60 healthy adults were recruited for this study (aged
22.3 [3.0] years; 168.4 [SD 8.0] cm tall; body weight: 64.2
[11.5] kg). Inclusion criteria were healthy adults aged between
20 and 30 years. Exclusion criteria included current
neurological, cardiovascular, and metabolic diseases. All
participants signed an informed consent form and were
familiarized with experimental procedures. The participants
were requested to avoid vigorous exercise 24 hours before visits
and to avoid caffeine-containing substances and smoking 2
hours before the experiments. This study was approved by the
Human Ethics Committee of University of Taipei
(IRB-2019-005) and was conducted according to the Declaration
of Helsinki and its later amendments.
Sample size was determined based on convenience and post
hoc power analysis using dependent t tests carried out in
G*Power [24]. A sample size of 60 participants demonstrated
a 97% chance of obtaining a significant outcome measure at
P<.05 with a moderate effect size (d=0.50).

Experimental Procedure
The height and weight of each participant were measured during
the first visit using a portable stadiometer (Seca 213, SECA)
and electrical weight scale (Xyfwt382, Teco). At the second
visit, 5-minute resting HRV data were collected in a sitting
position. The ECG signals with conventional lead II arrangement
were set for reference, while a portable Polar HR monitor (H7,
Polar Electro) was placed on the participant’s chest for HR
detection (Figure 1). A smartphone (PRA LX2, Huawei) with
the PEP app [25] was used to record HRV signals via Bluetooth.
The participants were instructed to breathe spontaneously during
the HRV recording. The measurements were taken in a quiet
and spacious room between 8 AM and 12 PM. Room
temperature and humidity were controlled at around 25 °C and
70%-80%, respectively.
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Figure 1. Illustration of the experimental setting and testing position.

Statistical Analysis

HRV Recording

nVLF[nu] = VLF (ms2) / total power (ms2) × 100 (1)

Statistical analyses were conducted using SPSS Statistics
(Version 25.0; IBM Corp) and Microsoft Excel 2013 (Microsoft
Corp). Descriptive data of the measured variables are presented
as median and interquartile range (25%-75%). Magnitude of
difference and agreement of HRV indices in all time segments
(with the 5-minute criterion as a reference) were analyzed by
using the standardized differences of variables (effect size: ES),
Cohen d. The ES was interpreted as trivial (0.0-0.2), small
(0.2-0.6), moderate (0.6-1.2), large (1.2-2.0), and very large
(>2.0) [31]. In terms of validity and reliability between the ECG
and PEP assessments, intraclass correlation coefficients (ICC)
with a two-way random model and single measure were used
to determine the relative values of reliability. The ICC values
were expressed as small (0.0-0.3), moderate (0.31-0.49), large
(0.50-0.69), very large (0.70-0.89), and nearly perfect (0.9-1.0)
[31]. The correlation coefficient between the ECG and PEP was
assessed by using the Spearman rank correlation (r). The level
of the correlation coefficients was determined as trivial (r<0.1),
small (0.1<r<0.3), moderate (0.3<r<0.5), high (0.5<r<0.7), very
high (0.7<r<0.9), nearly perfect (r>0.9), and perfect (r=1) [31].
Lastly, a Bland-Altman plot was used to evaluate the upper and
lower limits of agreement among time segments of the HRV
indices as determined by the ECG and PEP [32].

nLF[nu] = LF (ms2) / total power (ms2) × 100 (2)

Results

All participants were requested to maintain a sitting position
during ECG recording. A multichannel biosignal recorder
(MP160, Biopac Systems) with conventional lead II arrangement
(MEC110C, Biopac Systems) was set for ECG recordings, while
a telemetric HR monitoring device was used to record the resting
HRV (H7, Polar Electro) via a customized smartphone app,
PEP. The sampling rate of the ECG recording was set at 1000
Hz. The HRV data was exported to Google Drive and extracted
to a personal laptop for data analysis. Kubios HRV Premium
analysis software (Version 3.2; Kubios) was used to calculate
SDNN, RMSSD, pNN50, nVLF, nLF, and nHF parameters.
The SDNN, RMSSD, and pNN50 were calculated by using the
standard formulas for time-domain analysis [12]. In addition,
the power spectra of RR intervals were calculated by means of
Fast Fourier Transformation (FFT) for frequency-domain
analysis. The bands of VLF, LF, and HF ranges were set as
0-0.04 Hz, 0.04-0.15 Hz, and 0.15-0.4 Hz, respectively [12].
The normalized powers of VLF, LF, and HF were used as the
autonomic indices of the participants. The formulas to calculate
the normalized powers of VLF, LF, and HF bands were as
follows [26-28], with nu standing for normalized unit:

2

2

nHF[nu] = HF (ms ) / total power (ms ) × 100 (3)

Standardized Differences and Limits of Agreement

Strong artefact correction and smoothing priors set at 500Λ
were used for HRV analysis to minimize the interference from
Bluetooth transmission and the artefact resulting from physical
contact between the chest strap and the skin [29,30]. The time
segments of HRV recordings were divided into 0-1 minute, 1-2
minutes, 2-3 minutes, 3-4 minutes, and 4-5 minutes for
ultra–short-term HRV recordings and 0-2 minutes, 0-3 minutes,
0-4 minutes, and 0-5 minutes (standard) for short-term HRV
recordings.

The descriptive information and standardized differences of
HRV indices for all time segments of the ECG and PEP
measurements are presented in Tables 1 and 2. The results
showed trivial ES in all time segments of the SDNN, RMSSD,
and pNN50, compared to the 0-5–minute standard measurement.
In contrast, a variation of ES from trivial to small effect was
found in the nVLF, nLF, and nHF variables.
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Table 1. Median and interquartile range (25%-75%) of time-domain and frequency-domain heart rate variability parameters in different time segments
of the electrocardiogram and Pulse Express PRO measurementsa.
Device and time segment (minutes)

SDNN, ms

RMSSD, ms

pNN50, %

nVLF, nu

nLF, nu

nHF, nu

Median (IQR)

Median (IQR)

Median (IQR)

Median (IQR)

Median (IQR)

Median (IQR)

0-5 (standard)

41.63 (30.2453.93)

39.38 (27.7350.56)

20.56 (6.89-35.12) 3.82 (1.80-6.85)

54.61 (41.8265.32)

41.02 (26.1751.47)

0-1

37.83 (28.7555.43)

37.76 (30.4058.16)

19.86 (6.88-40.09) 2.92 (1.30-7.62)

47.57 (33.5662.89)

46.02 (31.5261.12)

1-2

42.36 (30.2760.03)

40.89 (26.9255.40)

20.71 (6.47-37.20) 3.23 (1.80-7.10)

50.13 (37.3671.45)

42.82 (23.3059.14)

2-3

40.08 (29.2455.39)

38.20 (27.8551.59)

20.32 (4.84-36.24) 5.09 (1.99-8.19)

47.92 (33.3463.49)

45.22 (28.4661.41)

3-4

39.59 (30.7354.09)

37.84 (26.3050.93)

19.64 (4.09-32.36) 3.39 (1.20-6.57)

45.97 (31.6265.00)

49.34 (30.1264.34)

4-5

39.13 (28.8048.01)

35.27 (26.7047.15)

15.53 (5.12-33.94) 3.77 (1.74-7.87)

49.73 (27.9966.25)

44.25 (24.8563.73)

0-2

41.79 (29.8158.74)

40.70 (29.0556.91)

23.49 (6.37-35.78) 3.42 (1.61-6.89)

43.04 (31.6161.63)

51.65 (26.6462.59)

0-3

40.87 (30.7456.58)

40.06 (28.2352.88)

21.84 (5.82-34.26) 3.64 (1.36-6.67)

51.41 (38.2167.54)

42.00 (27.8457.41)

0-4

41.59 (30.6357.47)

40.23 (27.6652.04)

21.59 (7.11-35.49) 3.51 (1.91-6.62)

53.12 (43.2666.91)

39.57 (27.7351.41)

0-5 (standard)

41.51 (30.3353.85)

39.09 (27.7950.63)

20.20 (7.08-35.16) 3.90 (1.80-6.98)

54.65 (42.6365.55)

41.92 (26.9551.81)

0-1

39.52 (28.6555.03)

38.72 (31.2557.80)

20.24 (7.91-38.26) 2.80 (1.20-7.78)

48.20 (32.9362.48)

45.34 (32.6660.23)

1-2

41.80 (30.2060.71)

40.98 (27.0055.54)

22.84 (5.10-36.78) 3.35 (1.55-6.54)

50.16 (35.6971.22)

42.74 (24.4559.85)

2-3

40.44 (30.5155.29)

38.26 (27.5451.65)

21.19 (4.82-36.46) 4.76 (1.91-8.75)

48.07 (33.4562.41)

42.67 (27.5562.10)

3-4

39.31 (30.5354.32)

38.73 (26.7051.73)

20.59 (4.95-32.33) 3.43 (1.13-6.25)

46.18 (34.1864.19)

48.33 (28.2062.80)

4-5

39.01 (28.7647.35)

36.30 (26.6447.35)

17.29 (5.11-33.81) 4.38 (1.63-7.85)

48.97 (26.8364.78)

44.56 (24.5964.24)

0-2

42.90 (29.7859.09)

40.90 (29.2557.07)

24.67 (6.62-37.26) 3.46 (1.71-7.22)

42.11 (31.5059.15)

52.88 (26.8264.49)

0-3

41.62 (31.1456.75)

39.99 (28.0953.32)

22.13 (5.89-35.72) 3.84 (1.33-6.55)

51.19 (38.0067.06)

41.64 (28.8557.86)

0-4

41.43 (30.7457.72)

40.18 (27.7952.08)

21.78 (6.92-35.22) 3.46 (1.92-6.70)

53.55 (42.6567.67)

39.36 (29.0851.90)

ECG

PEP

a

ECG: electrocardiogram; ms: milliseconds; nHF: normalized high-frequency power; nLF: normalized low-frequency power; nu: normalized unit;
nVLF: normalized very-low–frequency power; PEP: Pulse Express PRO; pNN50: proportion of NN50 divided by the total number of RR intervals;
RMSSD: root mean square of successive R-R intervals; SDNN: standard deviation of normal R-R intervals.
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Table 2. Standardized differences (95% CI) of time-domain and frequency-domain heart rate variability parameters in different time segments of the
electrocardiogram and Pulse Express PRO measurements compared with the 0-5–minute standarda.
Device and time
segment (minutes)

SDNN (95% CI)

RMSSD (95% CI)

pNN50 (95% CI)

nVLF (95% CI)

nLF (95% CI)

0-1

0.01 (–0.35 to 0.36)

–0.07 (–0.43 to 0.29) –0.10 (–0.46 to
0.26)

1-2

nHF (95% CI)

–0.03 (–0.39 to
0.33)

0.40 (0.04 to 0.76) –0.38 (–0.74 to
–0.02)

–0.12 (–0.48 to 0.24) –0.04 (–0.39 to 0.32) –0.09 (–0.44 to
0.27)

0.05 (–0.31 to
0.41)

0.08 (–0.28 to
0.44)

–0.09 (–0.45 to
0.27)

2-3

0.05 (–0.31 to 0.41)

0.05 (–0.31 to 0.41)

0.01 (–0.34 to
0.37)

–0.01 (–0.61 to
0.11)

0.34 (–0.02 to
0.71)

–0.26 (–0.62 to
0.10)

3-4

0.05 (–0.31 to 0.40)

0.05 (–0.31 to 0.41)

0.04 (–0.32 to
0.40)

–0.04 (–0.40 to
0.32)

0.29 (–0.07 to
0.65)

–0.27 (–0.63 to
0.08)

4-5

0.12 (–0.23 to 0.48)

0.08 (–0.28 to 0.44)

0.11 (–0.24 to
0.47)

–0.20 (–0.56 to
0.16)

0.25 (–0.11 to
0.61)

–0.20 (–0.56 to
0.16)

0-2

–0.07 (–0.43 to 0.29) 0.06 (–0.41 to 0.30)

–0.09 (–0.45 to
0.26)

–0.02 (–0.37 to
0.34)

0.35 (0.00 to 0.72) –0.34 (–0.70 to
0.02)

0-3

0.04 (–0.40 to 0.32)

–0.03 (–0.38 to 0.33) –0.06 (–0.41 to
0.30)

0.14 (–0.22 to
0.49)

0.08 (–0.28 to
0.44)

–0.11 (–0.46 to
0.25)

0-4

0.03 (–0.38 to 0.33)

–0.01 (–0.37 to 0.34) –0.03 (–0.39 to
0.33)

0.06 (–0.30 to
0.42)

0.01 (–0.35 to
0.37)

–0.02 (–0.38 to
0.34)

0-1

0.01 (–0.35 to 0.37)

–0.07 (–0.43 to 0.29) –0.10 (–0.46 to
0.26)

0.01 (–0.35 to
0.36)

0.38 (0.02 to 0.74) –0.37 (–0.73 to
–0.01)

1-2

–0.12 (–0.48 to 0.24) –0.03 (–0.39 to 0.32) –0.08 (–0.44 to
0.27)

0.05 (–0.31 to
0.41)

0.09 (–0.26 to
0.45)

–0.10 (–0.46 to
0.26)

2-3

0.05 (–0.31 to 0.41)

0.06 (–0.30 to 0.42)

0.03 (–0.33 to
0.39)

–0.25 (–0.61 to
0.10)

0.33 (–0.03 to
0.69)

–0.24 (–0.60 to
0.11)

3-4

0.04 (–0.31 to 0.40)

0.04 (–0.31 to 0.40)

0.04 (–0.32 to
0.40)

–0.07 (–0.43 to
0.29)

0.25 (–0.11 to
0.61)

–0.23 (–0.59 to
0.13)

4-5

0.12 (–0.24 to 0.48)

0.08 (–0.28 to 0.44)

0.10 (–0.26 to
0.46)

–0.23 (–0.59 to
0.13)

0.30 (–0.06 to
0.66)

–0.23 (–0.59 to
0.13)

0-2

–0.06 (–0.42 to 0.29) –0.06 (–0.41 to 0.30) –0.09 (–0.45 to
0.27)

–0.03 (–0.39 to
0.33)

0.38 (0.03 to 0.75) –0.36 (–0.73 to
0.00)

0-3

–0.03 (–0.39 to 0.33) –0.02 (–0.38 to 0.33) –0.05 (–0.41 to
0.31)

0.13 (–0.23 to
0.49)

0.10 (–0.26 to
0.45)

–0.12 (–0.48 to
0.24)

0-4

–0.02 (–0.38 to 0.34) –0.01 (–0.37 to 0.34) –0.03 (–0.38 to
0.33)

0.06 (–0.30 to
0.42)

0.02 (–0.34 to
0.37)

–0.03 (–0.39 to
0.33)

ECG

PEP

a

ECG: electrocardiogram; nHF: normalized high-frequency power; nLF: normalized low-frequency power; nVLF: normalized very-low–frequency
power; PEP: Pulse Express PRO; pNN50: proportion of NN50 divided by the total number of RR intervals; RMSSD: root mean square of successive
R-R intervals; SDNN: standard deviation of normal R-R intervals.

In Table 3, the Bland-Altman analysis demonstrated relatively
small bias in all comparisons of the SDNN, RMSSD, pNN50,
and nVLF. In contrast, a relatively small bias in the nLF and
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nHF variables occurred during short-term recordings of 0-3
minutes and 0-4 minutes.
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Table 3. Limits of agreement (± 1.96*SD) of time-domain and frequency-domain heart rate variability parameters in different time segments of the
electrocardiogram and Pulse Express PRO measurements compared with the 0-5–minute standarda.
Device and time
segment (minutes)

SDNN (± 1.96*SD)

RMSSD (±
1.96*SD)

pNN50 (±
1.96*SD)

nVLF (± 1.96*SD) nLF (± 1.96*SD)

nHF (± 1.96*SD)

0-1

0.01 (–14.23 to
14.43)

–1.40 (–13.48 to
10.69)

–1.93 (–17.10 to
13.24)

–0.15 (–9.88 to
9.58)

7.75 (–25.66 to
41.16)

–7.63 (–40.54 to
25.29)

1-2

–2.31 (–18.53 to
13.96)

–0.72 (–11.84 to
10.40)

–1.61 (–15.16 to
11.94)

0.21 (–8.49 to
8.92)

1.59 (–30.41 to
33.59)

–1.80 (–32.81 to
29.21)

2-3

0.83 (–12.63 to
14.30)

0.93 (–8.46 to
10.32)

0.26 (–9.93 to
10.44)

–1.30 (–8.59 to
6.00)

6.63 (–21.17 to
34.44)

–5.32 (–33.83 to
23.19)

3-4

0.83 (–14.72 to
16.37)

0.92 (–11.86 to
13.71)

0.70 (–11.20 to
12.60)

–0.20 (–10.39 to
10.00)

5.73 (–25.74 to
37.20)

–5.54 (–37.56 to
26.49)

4-5

2.18 (–13.70 to
18.05)

1.64 (–13.16 to
16.44)

2.04 (–11.47 to
15.56)

–1.00 (–11.78 to
9.82)

5.08 (–34.82 to
44.98)

–4.12 (–42.78 to
34.54)

0-2

–1.24 (–13.01 to
10.53)

–1.14 (–10.90 to
8.62)

–1.73 (–13.96 to
10.51)

–0.06 (–12.11 to
12.00)

7.07 (–26.77 to
40.92)

–7.03 (–40.37 to
26.32)

0-3

0.66 (–7.35 to 8.66)

0.52 (–6.28 to
7.32)

–1.01 (–6.62 to
8.64)

–0.52 (–6.85 to
5.82)

–1.50 (–24.85 to
21.85)

2.03 (–20.03 to
24.09)

0-4

–0.44 (–4.14 to 3.26) –0.28 (–3.85 to
3.30)

–0.54 (–3.91 to
2.84)

0.24 (–2.78 to
3.26)

–0.15 (–10.98 to
11.28)

–0.38 (–11.00 to
10.23)

0-1

0.20 (–13.41 to
13.81)

–1.35 (–13.06 to
10.36)

–1.86 (–16.16 to
12.43)

0.03 (–9.77 to
9.82)

7.32 (–26.30 to
40.94)

–7.37 (–40.44 to
25.70)

1-2

–2.24 (–22.67 to
18.91)

–0.70 (–21.94 to
20.54)

–1.60 (–24.24 to
21.04)

0.20 (–8.56 to
8.96)

1.84 (–32.13 to
35.80)

–2.04 (–36.20 to
32.12)

2-3

0.89 (–21.01 to
22.79)

1.18 (–18.49 to
20.84)

0.53 (–17.35 to
18.41)

–1.40 (–9.61 to
6.82)

6.35 (–22.36 to
35.06)

–4.94 (–34.00 to
24.11)

3-4

0.80 (–19.94 to
21.55)

0.88 (–18.35 to
20.10)

0.71 (–15.93 to
17.35)

–0.31 (–10.53 to
9.92)

4.93 (–26.76 to
36.62)

–4.61 (–37.63 to
28.42)

4-5

2.06 (–16.98 to
21.09)

1.58 (–20.36 to
23.52)

1.75 (–18.13 to
21.63)

–0.63 (–10.11 to
8.84)

5.87 (–31.94 to
43.69)

–4.74 (–41.70 to
32.23)

0-2

–1.16 (–12.68 to
11.81)

–1.12 (–10.86 to
8.62)

–1.69 (–13.91 to
10.52)

–0.99 (–10.56 to
8.57)

7.62 (–25.58 to
40.83)

–7.51 (–40.22 to
25.19)

0-3

–0.57 (–8.65 to 7.52) –0.46 (–7.25 to
6.33)

–0.91 (–8.66 to
6.85)

–0.22 (–6.23 to
5.79)

1.78 (–21.56 to
25.12)

–2.29 (–24.52 to
19.94)

0-4

–0.38 (–4.28 to 3.52) –0.25 (–3.74 to
3.24)

–0.45 (–3.87 to
2.97)

–0.08 (–2.41 to
2.24)

0.28 (–10.83 to
11.38)

0.51 (–11.16 to
10.14)

ECG

PEP

a

ECG: electrocardiogram; nHF: normalized high-frequency power; nLF: normalized low-frequency power; nVLF: normalized very-low–frequency
power; PEP: Pulse Express PRO; pNN50: proportion of NN50 divided by the total number of RR intervals; RMSSD: root mean square of successive
R-R intervals; SDNN: standard deviation of normal R-R intervals.

Intraclass Correlation Coefficients
The results demonstrated similar outcomes for ICC values for
the ECG and PEP measurements. The SDNN, RMSSD, and
pNN50 ICC values were nearly perfect in all ultra–short-term
and short-term records compared to the 0-5–minute standard
ECG measurement (from very large to nearly perfect, 0.89-1.0).
Furthermore, the time-domain variables of PEP were very large
to nearly perfect for ultra–short-term recordings, except the
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0-1–minute time segment (0.81-0.94). In terms of
frequency-domain analysis, nearly perfect ICC values were
found in the 0-4–minute time segment of the nVLF, nLF, and
nHF (0.92-0.96). Very large ICC values were found in the
0-3–minute time segments for nLF and nHF (0.80-0.82). A
broad range of ICC values was identified among the other
comparisons (from moderate to very large, 0.37-0.71; Figure
2).
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Figure 2. Intraclass correlation coefficients between the ECG and Pulse Express PRO measurements in ultra–short-term and short-term heart rate
variability in time-domain and frequency-domain analyses. The grey area indicates low reliability. The black circle indicates the ECG recordings, while
the black triangle indicates the Pulse Express PRO recordings. ECG: electrocardiogram.

Correlation Coefficient
Compared to the 0-5–minute standard measurement, the
Spearman correlation coefficients were nearly perfect for the
SDNN, RMSSD, and pNN50 variables in all time segments for
the ECG measurements (0.90-1.0). Furthermore, the correlation
coefficients were very large for the time-domain variables for
ultra–short-term recordings using PEP (0.80-1.0), except for
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nearly perfect values for the 0-1–minute time segment. For
frequency-domain analysis, a nearly perfect correlation
coefficient was only found for 0-4–minute recordings
(0.91-0.96). Furthermore, a very large correlation coefficient
was found in the nLF and nHF 0-3–minute recordings
(0.77-0.81). In contrast, a wide range of values was identified
among the other comparisons (from moderate to very large,
0.40-0.77; Figure 3).
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Figure 3. Spearmen correlation coefficients between the ECG and Pulse Express PRO measurements in ultra–short-term and short-term heart rate
variability in time-domain and frequency-domain analyses. The grey area indicates trivial correlation coefficient values. The black circle indicates the
ECG recordings, while the black triangle indicates the Pulse Express PRO recordings. ECG: electrocardiogram.

Bland-Altman Plots Comparing ECG and PEP
Measurements
The Bland-Altman plots comparing the ECG and PEP
measurements showed relatively narrow values of mean
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difference in all time segments (Figures 4-9). In addition, the
Bland-Altman analysis found a narrow standard deviation for
consecutive 2-minute recordings for SDNN, RMSSD, pNN50,
and nVLF. In addition, acceptable limits of agreement were
found after consecutive 3-minute recordings for nLF and nHF.
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Figure 4. Bland-Altman analysis comparing the ECG and Pulse Express PRO measurements in ultra–short-term and short-term recordings of standard
deviation of normal R-R intervals (SDNN). The solid line represents the mean difference and the upper and lower dashed lines represent the upper and
lower limits of agreement (± 1.96*SD). ECG: electrocardiogram; PEP: Pulse Express PRO.

Figure 5. Bland-Altman analysis comparing the ECG and Pulse Express PRO measurements in ultra–short-term and short-term recordings of root
mean square of successive R-R interval (RMSSD). The solid line represents the mean difference and the upper and lower dashed lines represent the
upper and lower limits of agreement (± 1.96*SD). ECG: electrocardiogram; PEP: Pulse Express PRO.
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Figure 6. Bland-Altman analysis comparing the ECG and Pulse Express PRO measurements in ultra–short-term and short-term recordings of proportion
of NN50 divided by the total number of RR intervals (pNN50). The solid line represents the mean difference and the upper and lower dashed lines
represent the upper and lower limits of agreement (± 1.96*SD). ECG: electrocardiogram; PEP: Pulse Express PRO.

Figure 7. Bland-Altman analysis comparing the ECG and Pulse Express PRO measurements in ultra–short-term and short-term recordings of normalized
very low frequency power (nVLF). The solid line represents the mean difference and the upper and lower dashed lines represent the upper and lower
limits of agreement (± 1.96*SD). ECG: electrocardiogram; PEP: Pulse Express PRO.
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Figure 8. Bland-Altman analysis comparing the ECG and Pulse Express PRO measurements in ultra–short-term and short-term recordings of normalized
low frequency power (nLF). The solid line represents the mean difference and the upper and lower dashed lines represent the upper and lower limits of
agreement (± 1.96*SD). ECG: electrocardiogram; PEP: Pulse Express PRO.

Figure 9. Bland-Altman analysis comparing the ECG and Pulse Express PRO measurements in ultra–short-term and short-term recordings of normalized
high frequency power (nHF). The solid line represents the mean difference and the upper and lower dashed lines represent the upper and lower limits
of agreement (± 1.96*SD). ECG: electrocardiogram; PEP: Pulse Express PRO.

Discussion
Principal Results
This study is the first to report the validity and reliability of
ultra–short-term and short-term HRV via a novel smartphone
app, and to compare the app with the standard ECG assessment.
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The limits of agreement of HRV assessments between the ECG
and PEP were compared to evaluate the accuracy of
measurements. The primary finding in the present study was
that SDNN, RMSSD, and pNN50 parameters had very large to
nearly perfect ICC and Spearman correlation coefficients in all
time segments. Additionally, a large variation in ICC and
Spearman correlation coefficients was found in time segments
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under 2 minutes for the nVLF, nLF, and nHF parameters. The
3-minute and 4-minute nLF and nHF HRV recordings showed
excellent validity and reliability and could be considered a
surrogate of the standard 5-minute recording. Furthermore, with
the ECG signal as a reference, the accuracy of PEP HRV
recordings can be found with consecutive 1-minute recordings
in the time-domain analysis (SDNN, RMSSD, and pNN50).
Lastly, for the frequency-domain analysis (nLF and nHF), a
recording of at least 3 minutes is required for accurate and valid
PEP HRV assessment.

Time-Domain Analysis
Based on our observations, a 1-minute ultra–short-term HRV
recording for the time-domain analysis revealed valid and
reliable HRV features (with the 5-minute criterion as reference),
despite an initial 5-minute stabilization. This indicates that the
PEP app is a convenient surrogate for taking HRV
measurements. It is suggested that the RMSSD is independent
of respiratory sinus arrhythmia and is associated with
high-frequency changes of HR modulation in response to
respiratory patterns due to its strength of mathematical
calculation [33]. The RMSSD has been widely accepted to
evaluate
cardiac-related
parasympathetic
activation
[8,11,13,18,19,34]. Additionally, the RMSSD is recognized as
a sensitive parameter to detect autonomic adaptations in
response to mental stress [8,35,36] and psychophysiological
strain after exercise as well as recovery status during the training
period [10,37]. Long-term monitoring of resting HRV can
provide valuable information to identify the chronological
development of vagal-related changes related to psychometric
status during sports training [38]. As demonstrated by our
findings, PEP could be considered an alternative tool for
short-term HRV measurements.

Chen et al
without appropriate respiratory training). Thus, we did not apply
this instruction due to limited popularity of use.
Our findings suggest using consecutive HRV recordings of at
least 3 minutes when the PEP app is used to monitor
frequency-domain variables. In contrast, the minimum time
requirement for HF and LF recordings has been suggested as 1
and 2 minutes, respectively [13,40]. Castaldo et al [8] showed
accurate frequency-domain measurements in 1 minute for HF
and 2 minutes for LF recordings after university examinations.
The inconsistent findings of this study might be related to the
different spectral analysis computational methods (spectrum
resolution: FFT versus autoregressive) and the stabilization
period prior to the HRV measurement.

Bland-Altman Analysis Comparing ECG and PEP
Measurements

It is arguable that the PEP presented valid and reliable
measurements in SDNN accompanied by RMSSD and pNN50
for any HRV epoch. It seems that SDNN and pNN50 are good
options to integrate time-domain HRV indices. However, as the
accuracy of ultra–short-term measurements of SDNN may be
influenced by psychological conditions (ie, being under mental
stress) [8,13], using the PEP app to facilitate 1-minute
ultra–short-term HRV recordings in a quiet and relaxed manner
is documented in this study.

In an attempt to identify the agreement of biosignal
measurements between the ECG and PEP, a Bland-Altman
analysis was performed to compare the limit of agreement of
ultra–short-term and short-term HRV recordings of the SDNN,
RMSSD, pNN50, nVLF, nLF, and nHF. It is interesting to note
that the PEP HRV recordings showed similar outcomes for the
SDNN, RMSSD, pNN50, nVLF, nLF, and nHF measurements
for all time segments, as compared to conventional lead II ECG
recordings. This study revealed the accuracy and acceptance of
PEP HRV recordings after consecutive 1-minute recordings in
the time-domain analysis. In contrast, the degree of agreement
between the ECG and PEP was relatively low for the first
3-minute assessment when frequency-domain analysis was
computed. One possible explanation for less accurate
measurements of frequency-domain HRV variables with shorter
duration recordings may be the lack of a detrending method for
processing spectral signals in the PEP app [41]. Another factor
that influences measurement accuracy is related to obtaining an
adequate amount of data throughout the entire measurement
[42]. Lastly, acute adaptation to postural changes from standing
to sitting (orthostatic stress) might be a potential mechanism to
attenuate valid and reliable measurements of nLF and nHF
during the 3-minute stabilization period [43,44]. Nevertheless,
the PEP app is an acceptable option for HRV data collection
due to its convenience and reproducibility compared to the ECG
assessment.

Frequency-Domain Analysis

Limitations

It is important to note that nVLF, nLF, and nHF showed trivial
or small differences in association with a large variation in ICC
values, correlation coefficients, and bias across all time segments
compared to the standard 0-5–minute criterion. The poor validity
and reliability of nVLF, nLF, and nHF in shortened epochs
could be related to interindividual variations in breathing rates
during measurements. Interindividual variations in breathing
patterns could increase the risk of increasing HR oscillations
in different time segments. Respiratory rhythm is thought of as
an essential way to record frequency-domain variables such as
LF and HF due to oscillations in HR responses [39]. However,
breath control during resting HRV measurement does not
increase accuracy and reliability during short-term recordings
of frequency-domain analysis [9]. Control of respiratory
frequency is not common in the general population (ie, people

The first limitation of this study is that a telemetric HR sensor
and a chest strap were required to detect HR responses during
the PEP measurement, and that these accessories may not be
commonly owned by the general population. In addition, the
recording position and the HR chest strap might not be
comfortable for specific populations (ie, senior adults) and
clinical settings. Despite the abovementioned limitations, this
is a novel study that reports the validity and accuracy of the
PEP app for short-term HRV recordings.
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Functional Implication
Time management is critical for professionals, including clinical
practitioners and strength and conditioning coaches of elite
sports teams. The PEP app is compatible with the Android
operating system and can be used on low-cost smartphones. As
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growing numbers of studies focus on the methodological issues
related to utilizing ultra–short-term HRV recordings, the number
of nonprofessionals using this free mobile app can easily be
increased. We suggest that future studies should examine the
use of PEP HRV assessments in the context of multidisciplinary
approaches (eg, longitudinal applications in monitoring training
loads, daily evaluations during competitions, and clinical
evaluation).
The accuracy and reliability of the LF and HF measurements
are critical to interpreting the shift of sympathovagal activities
[33,45]. Excellent validity and reliability of the SDNN and
RMSSD during ultra–short-term recordings indicated that the
SDNN:RMSSD ratio might be appropriate to use in the first
minute of PEP recording. The SDNN:RMSSD ratio is a sensitive
HRV parameter that indicates autonomic adaptation in response
to pathological conditions [45] and acute exercise [46]. Taking
into consideration time efficiency and cross-battery assessment,

Chen et al
our findings support the use of the SDNN:RMSSD ratio as a
surrogate for the LF:HF ratio to estimate sympathovagal balance
via a smartphone app.

Conclusions
In conclusion, the PEP smartphone app provides reliable and
valid HRV data. It is appropriate to use the PEP app to facilitate
1-minute ultra–short-term HRV recordings during stabilization
to save time when the time-domain analysis is used. Caution
should be taken when the frequency-domain analysis is
implemented for the interpretation of cardiac autonomic
modulation. Consecutive recordings of at least 3 minutes during
stabilization are suggested for accurate measurement of
frequency-domain nLF and nHF indices. The use of the PEP
smartphone app for ultra–short-term and short-term HRV
recordings is recommended as an easy and user-friendly tool to
monitor cardiac autonomic health in people with various
lifestyles.
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Abstract
Background: Despite a large number of clinical trials aiming at evaluating the digital self-management of chronic diseases,
there is little discussion about users’ experiences with digital approaches. However, a good user experience is a critical factor for
technology adoption. Understanding users’ experiences can inform the design of approaches toward increased motivation for
digital self-management.
Objective: This study aimed to evaluate the self-management of cystic fibrosis (CF) with a focus on gastrointestinal concerns
and the care of young patients. Following a user-centered design approach, we developed a self-management app for patients
and parents and a web tool for health care professionals (HCPs). To evaluate the proposed solutions, a 6-month clinical trial was
conducted in 6 European CF competence centers. This paper analyzes the user acceptance of the technology and the benefits and
disadvantages perceived by the trial participants.
Methods: A mixed methods approach was applied. Data were collected through 41 semistructured qualitative interviews of
patients, parents, and HCPs involved in the clinical trial. In addition, data were collected through questionnaires embedded in
the self-management app.
Results: Support for enzyme dose calculation and nutrition management was found to be particularly useful. Patients and parents
rapidly strengthened their knowledge about the treatment and increased their self-efficacy. Reported benefits include reduced
occurrence of symptoms and enhanced quality of life. Patients and parents had different skills, requiring follow-up by HCPs in
an introductory phase. HCPs valued obtaining precise information about the patients, allowing for more personalized advice.
However, the tight follow-up of several patients led to an increased workload. Over time, as patient self-efficacy increased, patient
motivation for using the app decreased and the quality of the reported data was reduced.
Conclusions: Self-management enfolds a collaboration between patients and HCPs. To be successful, a self-management
approach should be accepted by both parties. Through understanding behaviors and experiences, this study defines recommendations
for a complex case—the demanding treatment of CF. We identify target patient groups and situations for which the app is most
beneficial and suggest focusing on these rather than motivating for regular app usage over a long time. We also advise the
personalized supervision of patients during the introduction of the approach. Finally, we propose to develop guidance for HCPs
to facilitate changes in practice. As personalization and technology literacy are factors found to influence the acceptance of digital
self-management of other chronic diseases, it is relevant to consider the proposed recommendations beyond the case of CF.
(JMIR Mhealth Uhealth 2020;8(7):e15896) doi:10.2196/15896
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Introduction
Background
Chronic disease self-management enfolds the idea that patients
in collaboration with health care professionals (HCPs) gain
knowledge about the disease and carry out part of the treatment
themselves [1]. Several reviews have observed a positive effect
of digital self-management approaches [2-4]. Despite several
clinical trials evaluating the digital self-management of chronic
diseases, there is little discussion about users’ experiences with
digital approaches. A good user experience, for example, making
the technology useful, easy to use, and efficient, is a critical
factor for technology adoption [5]. Understanding this
experience can inform the design of approaches toward
motivation for digital self-management. Both the viewpoints
of patients and HCPs are essential for a successful collaboration.
The scope of our research is the self-management of cystic
fibrosis (CF), a congenital, chronic disorder affecting the
digestive and respiratory systems, resulting in malnutrition and
respiratory infections [6]. Daily treatment is demanding,
including physiotherapy, physical exercise, an adapted rich diet,
and dosage of pancreatic enzyme supplements. Many tend not
to adhere to the whole therapy [7]. Therefore, digital support
that facilitates understanding of the treatment and motivates
adherence is relevant but challenging.
All countries involved in this study have specialized CF centers
[8]. The patients meet for consultation at least every 3 months.
Between consultations, patients can contact their centers if
needed. A thorough control is performed yearly, requiring a
written collection of food records. Although the CF centers
function well and patients express satisfaction in the services,
our earlier research indicates the readiness for digital
self-management in the CF care [9].

MyCyFAPP Vision
Our research is part of the European Union–funded research
project MyCyFAPP [10], aiming to increase patients’ knowledge
regarding their treatment, facilitating adherence, and supporting
teenagers’ implications. Most CF patients have to follow a
pancreatic enzyme replacement therapy, where enzymes are
taken with each meal to help digest food. Wrong doses can
cause malnutrition and gastrointestinal (GI) problems [11].
Before MyCyFAPP, there were no knowledge or tools to adjust
the dose of enzymes. Rather, patients were recommended a
fixed dose for each meal. A key novel component developed in
MyCyFAPP is an algorithm for enzyme dose calculation [12].

The app is available in the languages of the participating
countries (ie, Dutch, Spanish, Italian, and Portuguese) and
English. Its main features are as follows:
1.
2.
3.
4.
5.
6.

Calculation of a personalized enzyme dose depending on
meal composition
Follow-up of food intake
Food recording as a basis for both enzyme dose calculation
and nutrition management
Access to recommended country-specific dishes to correct
specific nutritional imbalances [13]
Health diary for recording mood and GI symptoms
Educational handbook about the disease and the treatment
with focus on nutrition.

The PWT provides an overview of the patients’ progress, mainly
based on the recorded data using the self-management app. In
addition, information is gathered during consultations, for
example, weight and height. The monitored parameters are those
included in the CF nutritional guidelines: nutrient intake, enzyme
dose, and nutritional status [14]. HCPs can register health
information, set nutritional goals, and send messages to patients.

Research on User Experience in Mobile Health
A recent review of qualitative studies about patients’ perceptions
and experiences of mobile health (mHealth) apps identified 38
scientific articles (2013-2018) related to app evaluation [15].
Most apps deal with chronic diseases and provide either access
to information, communication with HCPs, peer support, or
self-monitoring. No study has addressed the experiences of CF
self-management. Unfortunately, the review did not assess
whether evaluations were performed in controlled settings,
whether HCPs were users of the technology, or the experiences
of HCPs. Overall, the review finds that mHealth has great
potential to engage and empower patients. Personalization,
technology literacy, intrusiveness, information validity, security,
and privacy appear to influence the acceptance of solutions,
overlapping with identified issues in our initial research [9].
The design of MyCyFAPP digital solutions considers all these
issues, as further discussed.
A motivation for that review was that mHealth apps seem to be
underused after download, and app adherence is a major concern
in consumer apps for health monitoring [16]. The review
suggests a constant stimulation of patients to accommodate
changing patients’ requirements. We argue that the purpose of
mHealth should be treatment adherence rather than app
adherence, as apps are no longer needed when goals are
achieved.

Digital Self-Management in MyCyFAPP

Purpose of the Study

The digital support developed in MyCyFAPP includes a
self-management app targeting parents of young children with
CF and teenagers with CF and a professional web tool (PWT)
targeting HCPs (Multimedia Appendix 1).

This study is the last step in the information and communication
technology (ICT) research conducted in MyCyFAPP. Clinical
research applies the digital approach and evaluates its impact
on quality of life [17]. Complementarily, the ICT perspective
aims at developing an approach that best suits the needs of
patients and HCPs and, from the evaluation of the approach, at
deriving recommendations for CF care digital self-management,
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also filling the gap of knowledge about experiences from the
digital self-management of chronic diseases.

Methods

Adopting a design and creation research strategy [18,19] and
applying a user-centered design approach [20], our research
followed an incremental process enabling to gradually
understand problems and to improve solutions. Subsequent to
the extraction of requirements [9], paper prototypes and
mockups were cocreated with potential users [21]. Then, an
initial software prototype was developed and tested in a midterm
evaluation. Finally, an improved and comprehensive prototype
was developed and evaluated in a 6-month clinical trial. This
final evaluation addresses 2 research questions, the first related
to user acceptance and the second to impact:

Overall Approach

1.

2.

How do the software features and the context of use affect
the user experience of the proposed digital self-management
approach?
What are the perceived benefits and disadvantages of using
this digital self-management approach?

We consider user experience broadly and investigate technical
and nontechnical aspects that enhance or degrade the user
experience. Understanding user acceptance and the impact of
the approach is cornerstone for designing appropriate digital
approaches. This represents the objective of this study.

Our study applied a mixed methods approach: an embedded
design [22]. A flowchart depicting the design and
implementation of the study is shown in Figure 1. As it had to
be included in the clinical trial protocol, the study design was
fixed [22]; methods were predetermined at the start of the
research process, including constraints to avoid bias to the
clinical study. The ICT research orientation was mainly
qualitative, aiming at an in-depth understanding of system usage
and experience. As usage over 6 months could not be observed,
an interview approach was selected. Recruitment to interviews
is often challenging and may affect results in unforeseen ways
[23]. On the basis of earlier experiences with recruitment [9],
convenience sampling was applied [24]. To reduce sampling
limitations, 2 measures augment the findings: interviews of app
users were complemented with interviews of HCPs about user
feedback, and quantitative surveys were embedded in the
self-management app to increase the credibility of qualitative
findings [25]. Data collection was spread over time due to
different start times in participating centers and spread patient
enrollment. The collections of qualitative and quantitative data
were independent. Qualitative analysis was performed before
the quantitative analysis. The results were combined during the
final step of the research process.

Figure 1. Flowchart of the research process.

MyCyFAPP Clinical Trial
A total of 171 patients from 6 CF centers in 5 countries (ie,
Belgium, Italy, Netherlands, Portugal, and Spain) were recruited
in the clinical trial, with most of them in a stable clinical status
and with little or mild GI symptoms. A total of 154 patients
completed the trial. Dropout causes were the addition of another
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task in the treatment or unexpected high enzyme dosage
recommendations.
Patients and parents of young patients were asked to register
symptoms and food intake, calculate the dose of enzyme, and
consult the educational handbook. Each center appointed a
dietitian for follow-up. Using PWT, dietitians monitored
recorded data to check symptoms and diet quality and to
compare enzyme intake with the dose recommended by the app.
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They sent messages to the patients’ app, including personalized
advice and references to the educational handbook.

3.

The clinical trial protocol established a minimum utilization of
the app and the PWT. At months 1 and 6, food records had to
be provided during 3 consecutive days, and symptoms were
registered at least once a week. Otherwise, trial participants had
to report at least three days per week and whenever needed (eg,
new recipe). Using PWT, dietitians had to check patients and
send feedback at least once a week. Depending on the dietitians’
criteria and patients’ needs, variations in the follow-up were
allowed, such as the number of messages about educational
content or the setting of nutritional goals.

Due to the geographical distribution, interviews were conducted
on the web (video call). Interviews lasted 45 to 60 min. Native
language was spoken with Spanish and Portuguese trial
participants; otherwise, English was spoken with the constraint
that participants were fluent in English. Interviews were
recorded, transcribed, and coded using the Dedoose tool
provided by SocioCultural Research Consultants, LLC
(Manhattan Beach, California). Data analysis was performed
in an inductive manner following Klein and Myers’s framework
[27]. The researchers performed a first independent round of
thematic analysis, resulting in a number of initial topics [28].
Then, a refined set of topics was iteratively created through
researchers’ collaboration.

Qualitative Data Collection and Analysis
Due to the explorative nature of the research, individual
semistructured interviews with open-ended questions were
conducted, allowing interviewees to express their viewpoints
freely [26]. We conducted 3 types of interviews (Multimedia
Appendix 2):
1.

2.

With HCPs about PWT, covering usage and experienced
impact on the workflow.

Table 1 shows the target groups and informants across the CF
centers. There were 41 interviews conducted involving 19
patients and parents and 12 HCPs; 10 HCPs participated in 2
interviews about the app and the PWT. The goal of including
equal numbers per target group in all countries, thus equally
covering countries that differ in the organization of CF health
services and cultural backgrounds, could not be achieved.

With teens with CF and parents of children or teens with
CF, covering motivation, usage, experienced impact, and
future expectations
With HCPs about the self-management app, covering
personal opinions and feedback from app users

Table 1. Overview of the target groups and informants across cystic fibrosis centers and countries.
Cystic fibrosis center

a

Self-management app: target group

Professional web tool: profes- Total informants
sion

Teens

Parents of young
children

Parents of teens
using the app

Dietician

Doctor

Dietician

Doctor

Rotterdam

0

1

1

1

1

(1)a

(1)a

4 (6)a

Leuven

2

1+(1)b

(1)b

1

1

1+(1)a

0

7 (8)a

Valencia

2

1

1

1

1

(1)a

(1)a

6 (8)a

Madrid

2

1

1

1

1

(1)a

(1)a

6 (8)a

Milan

0

1

0

1

0

(1)a

0

2 (3)a

Lisbon

2

1

1

1

1

(1)a

(1)a

6 (8)a

Total

8

6+(1)b

5

6

5

1+(6)a

(4)a

31 (41)a

Some health care professionals participated in 2 interviews, about the app and about the professional web tool. The second is registered in parenthesis.

b

Parents of 2 children with cystic fibrosis, 1 young child and 1 teen using the app; only 1 interview was conducted.

Quantitative Data Collection and Analysis
Questionnaires, developed in collaboration with clinical partners,
were embedded in the self-management app. Standard methods,
such as the system usability scale [29] or the technical
acceptance model [30], were found to be too complex. Other
concerns were a potential influence on participants and an
additional burden. Thus, questionnaires were specifically
developed for the study (Multimedia Appendix 2). They are
kept short and inspired by standards. A psychologist from a CF
center checked the wording.
Questionnaires were presented to users at 1 week, 1 month, and
5 months after starting using the app. The first questionnaire
focused on usability and expectations and the others on user
https://mhealth.jmir.org/2020/7/e15896
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acceptance. To reduce intrusiveness and allow users to answer
at any time, questionnaires were presented in a dedicated
notification area rather than in pop-ups. Answering the
questionnaires was not mandatory. The answers were
anonymized.
Table 2 shows the response rates for each survey. As answers
do not disclose the respondents’ center, we group centers by
app language. Table 2 depicts high response rates for survey 1
(142/171, 83.0%) and survey 2 (120/171, 70.2% to 120/154,
77.9%) and decreasing response rates for survey 3 (84/154,
54.5%). Some factors identified through qualitative analysis
may influence participation: knowledge acquisition made the
app less relevant after a while, the trial duration undermined
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motivation, and the clinical status of participants was stable. In
line with the possible ceiling effect of app usage, there were no
significant differences in survey 2 answers between respondents
to all questionnaires and respondents to only 2 questionnaires
(all analyses ranged from t118=0.043 to t118=1.827 and with p

values ranging from P=.06 to P=.98). Therefore, we do not use
survey 3 in inferential statistics.
In the Results section, we present items on an ordinal Likert
scale (% answered on given categories). However, inferential
statistics assume the applicability of an interval scale.

Table 2. Response rates for the surveys.
Cystic fibrosis Clinical trial participants
center

a

Survey 1

Survey 2

Survey 3

Number of recruited participants

Number of
dropouts

Number of participants who completed
the survey, n (%)

Number of
answers

Users,
%

Number of
answers

Estimated

Number of
answers

Users, %

usersa, %

Rotterdam

17

2

15 (88.2)

53b

93.0b

46b

80.7-90.2b

37b

72.5b

Leuven

40

4

36 (90.0)

—b

—b

—b

—b

—b

—b

Valencia

25

0

25 (100.0)

46c

80.7c

36c

63.2-65.5c

20c

36.4c

Madrid

32

2

30 (93.8)

—c

—c

—c

—c

—c

—c

Milan

26

6

20 (76.9)

19

73.1

17

65.4-85.0

12

60.0

Lisbon

31

3

28 (90.3)

24

77.4

21

67.7-75.0

15

53.6

Total

171

17

154 (90)

142

83.0

120

70.2-77.9

84

54.5

Some dropouts answered survey 2. The rate pertains to recruited users and users who completed the survey.

b

Data from Rotterdam and Leuven are merged (language: Dutch).

c

Data from Valencia and Madrid are merged (language: Spanish).

Results
User Experience With the Self-Management App
Outline for the Presentation of Results
This section presents the results of the qualitative analysis of
interviews about the app and the quantitative analysis of surveys.
Results from both analyses were found to be consistent. To
avoid repetition, we aggregate the results and structure them
according to the app features rather than to the research
questions. First, we present descriptive statistics showing trends.
Then, for each feature, based on the qualitative analysis, we

address user acceptance (ie, how features were used and what
could improve the user experience) and impact (ie, perceived
benefits and disadvantages). Some inferential statistics for
testing hypotheses derived from the qualitative analysis are
described.
We use the terms participants for patients and parents involved
in the clinical trial, informants for those involved in the
interviews, and respondents for those answering the surveys.
Illustrative quotes provided in Tables 3-7 are referred by Id in
the text. As CF is a rare disease, we randomly number the CF
centers to not expose the identity of informants.

Table 3. Illustrative quotes related to using the self-management app: varying motivation to use the app.
Id

Concern

Interviewee

Quote

M1

Motivation: health improvement

Mother of 6-year-old
and 10-year-old children, C4

“Getting a little bit of weight. A lot less poo. You can see the nutrition. And you can see
it helps. That is a big motivation. And you know that the enzymes are important. And
you have to take the right dose. So that is a big motivation.”

M2

Motivation: self-efficacy

Parents of a 6-yearold child, C2

Father: “It gives us an answer. Those doses of Creon are rather useful. And surprising.”
Mother: “It feels that we can now do something ourselves. It is not something we do because the hospital asked us. It is something we do because we want to help our daughter
to improve her condition.”

M3

Lack of motivation: no pa- Mother of an 11-year- “My daughter started looking at the app and said she had no patience for that and would
tience, enough knowledge old child, C3
not use it at school. [...] She does not want to bother with it as she already knows the enzyme dosage and do it herself alone, which is great.”

M4

Decreasing motivation:
long trial

Dietician, C2

“In the beginning, most of them use the app a lot. Every month it became less, and less
and less. For some, 6 months was really a long time.”

M5

Lack of motivation: limited time, break of routine

Dietician, C4

“We see that when they are going to school, they have like a structure and everything is
going better, but when the summer starts, they are not that motivated anymore. Especially
when they are going on holidays, when they are travelling, then they really don’t like
using the app. Because it is time consuming and they don’t want to think of it.”
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Table 4. Illustrative quotes related to using the self-management app: enzyme dose calculation.

a

Id

Concern

Interviewee

Quote

E1

Increased knowledge

Mother of a 5-yearold child, C4

“Before we just looked at the calories. Every 100 calories, we gave 1 “10 000” pills. But
we learnt that, for the Creon, it is not as straightforward. For mayonnaise, we gave too
little and now we know. After using the app, he gained much more weight.”

E2

Feeling confident

Mother of a 5-yearold child, C5

“At the beginning, I was really afraid because the doses were very high and I was scared
to give this to my son, but then we decided to try. We were checking what we had entered
to the app in the case it was very fatty. I felt comfortable because everything in the app
is well measured. [...] Yes, I felt comfortable and there were no side effects.”

E3

Developing best practices

Mother of a 7-yearold teen, C1

“Sometimes I gave her X pills for a specific meal. But later on, she doesn’t want to finish
up the dish. So, I wonder, what can I do? I learnt that I can give her some walnuts. It is
a highly caloric food that she likes. Eating three walnuts is very easy for her, and it increases a lot the amount of Creon. I have learnt this thanks to the app. Or with the olives,
it is the same.”

E4

Perceived benefits: gaining Dietician, C3
weight, better digestion

“Some increased weight. There was one patient that told us that finally he knows what
normal faeces are. He said he had thought his faeces were normal, and finally they
weren't.”

E5

Perceived benefit: child
accountability

“She is a teenager. Sometimes, she forgot to take her enzyme, but now she always takes
it. We do not have to tell her...”

E6

Disadvantage: extra work- Parents of a 6-yearload, but fewer symptoms old child, C2

Father: “Yes, the app comes with extra workload. You have to do extra steps to calculate.
But in the end, it makes it worthwhile to do it.” Mother: “Yes, we see when she goes to
the toilets, it is much better. That’s worthy.”

E7

Behaviors in response to
the recommended dose

Doctor, C2

“It was different. There were people who did not follow the advice and did just use their
own usual dosage. And there were parents who did use the advice of the app. But, in
general, if there was a big difference, they used to take their own dose.”

E8

Need for HCPa support:
wrong food recording

Dietician, C2

“Because sometimes they told “We got such a weird advice. I did everything right in the
app, but we have to take 8 Creon for one piece of fish.” And then it turned out that they
did something wrong, and if I filled it out again, it was only like 2 Creon.”

Mother of a 10-yearold teen, C4

HCP: health care professional.

Table 5. Illustrative quotes related to using the self-management app: nutrition management.

a

Id

Concern

Interviewee

Quote

N1

Adjusting diet

10-year-old teen, C4

“I looked at the calories often because then I could see how many calories I needed, and
how many calories I was below the goal. [...] I drink more milk now for the breakfast.”

N2

Getting more disciplined

Mother of a 5-yearold child, C5

“The app helps you to be more disciplined with the food, and controlling nutrients makes
you follow a more balanced diet. It has helped us to make his meals more balanced.”

N3

Nutritional goals as a
game: educating young
teens

Parents of an 11-year- “He eats less than necessary, and we put a lot of effort in pressing him to eat what is
old child, C6
recommended by the dietician. So, the app helps our son to understand why we put a big
pressure on him to eat. Sometimes it is very difficult to make him understand how important the amount of calories is. I would say it is like a game, you add your meals at the
end of the day, you see the amount of calories and the distance to the goal. It was very
useful in letting him understand he needs to eat more.”

N4

Need for HCPa support:
not reaching goals

Father of a 3-year-old “We saw that it was quite difficult sometimes to get this right amount of energy, fat or
child, C2
things like that. [...] We checked with the nutritionist. She told us that it was OK with the
things that we are giving him right now.”

N5

Disadvantages: obsession
with goals, need for individual tailoring

Dietician, C6

“Yes, they liked it, but, in some cases, they were obsessed about the goals. Patients who
have a good nutritionals status, like this information. They are concerned about the nutritional status. If the patients have problems with nutrition and see every day that they can’t
reach the nutritional goals, it is bad. It is important to adjust the goals to every patient.”

HCP: health care professional.
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Table 6. Illustrative quotes related to using the self-management app: food recording.
Id

Concern

Interviewee

F1

Search: difficult in the be- Dietician, C4
ginning

“What I heard was that sometimes food products were difficult to find. The search function
was not optimal. Especially in the beginning, it is quite hard and time consuming to know
how to fill in everything and how to find the food. Once they were used to it and set their
standards it was quite easy to register.”

F2

Technology literacy level

“It could be more user-friendly because I know if I would give that app to my parents...
They are over 60. They would not know what to do... For us, it is OK because we find
our way... But for older people, it would be too technical and too hard.”

F3

Food preparation, estimat- Mother of a 15-yearing quantities
old teen, C1

F4

Best practices: creating
own dishes

Mother of a 5-yearold child, C4

Quote

“The tedious part was the food recording. For example, there was an issue with the oil.
When you created a dish and you indicated a certain amount of oil, then you could get a
very high dose of enzymes, but if you changed the amount of oil the recommended dose
could be reduced a lot. Also, it is difficult to estimate the amount of oil in fried products.
Depending on the amount you indicated you could get too high doses.”

Father of a 3-year-old “You can create the meal in your app, so you select it the next time. We use that. Quite
child, C2
often. When the same meal comes back after 2 or 3 weeks, that was very pleasant to use.”

Table 7. Illustrative quotes related to using the self-management app: other features (health diary, educational handbook, and messages from health
care professionals).
Id

Concern

Interviewee

O1

Health diary: more efficient consultation

Mother of an 11-year- “I actually found it useful. We try to register if our daughter goes to the bathroom or not,
old child, C3
every day. Or if she has belly pain. [...] I think I used this most so that the doctor would
know what happens with my daughter and so that I would not forget anything. Also the
consultation was faster.”

O2

Health diary: a tool for re- Mother of an 11-year- “This part where you are asked if you feel well, happy, ... I ask my daughter in the evening
flection, increased wellold child, C3
if we can sit together and reflect about the day. It is just a click, and she finds it fun. It is
being
the fastest part of all, the part she liked the most. Also, this makes us talk about school,
the part I liked most [...] In these 5 minutes at the end of the day, we sat together and she
told if she was happy, if she had had pain.”

O3

Educational handbook:
better than the internet

15-year-old teen, C3

“And also the handbook. It helped because nowadays there is not much information which
is specific in the Internet. Such as to explain the enzymes, how to improve things, which
sports to practice. This you can’t find in the web easily.”

O4

Educational handbook:
rather use the internet

Parents of a 6-yearold child, C2

“If we want to look up something, we will look for it on the Internet or call the hospital.
There are so many other means to find information.”

O5

Educational handbook:
useful to explain cystic fibrosis

Mother of 6-year-old
and 10-year-old children, C4

“We read it. We like it a lot. [about 10yo child] She read it to and understood. She used
the text from the app, but she made her own text and presented it to the class. And everybody understood.”

O6

Messages: personalized
motivational messages

Mother of 6-year-old
and 10-year-old children, C4

“The dietician sent us messages. “Very good. You do a good job.” My daughter was sick
for a few weeks, and she [the dietician] sent some solutions: “Get a bit of pudding and
milk and yogurt.” “You have to drink that and eat that. You are doing fine.””

O7

Messages: encouraging
messages, but generic

Father of a 3-year-old ““Good job, thanks for filling in, you are doing good.” Yes, it was very positive. It was
child, C2
good to receive, but we thought it was some kind of computer. (laugh) To be honest.
Sometimes it was the same messages.”

O8

Messages: lack support for Dietician, C1
messaging to HCPsa

a

Quote

“Some patients lacked the possibility to send messages to us through the app and PWT,
which is something I would probably not include. It would be fine if the patients used it
with moderation. Otherwise, something good can become something terrible.”

HCP: health care professional.

Trends in Usability, Expectations, and Experiences
Table 8 depicts the usability results and expectations (survey
1) and the perceived user experience (surveys 2 and 3).
After 1 week, most respondents had positive experiences using
the app. In total, 83.0% agreed or strongly agreed that the app
is easy to learn and 70.4% agreed or strongly agreed that the
app is easy to use. Respondents indicated very high expectations
for the enzyme dose calculation (88.0%) and over half of them
https://mhealth.jmir.org/2020/7/e15896
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for nutrition management and understanding of the treatment.
After 1 and 5 months, the perceived value slightly decreased
compared with initial expectations and remained high for
enzyme dose calculation (72.5% and 72.6%). The results are
similar for months 1 and 5, except for motivation that further
decreases. This decrease might be explained by similar factors
as the decrease in participation rate (Methods section), that is,
the rapid acquisition of knowledge, the trial duration, and the
stable clinical status of participants. Throughout the trial, results
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related to enjoying using the app are stable (63.8%, 65.8%, and
63.1%).
The surveys included a multiple-selection question to identify
features that were difficult to use (survey 1) and suggestions
for enhancement (surveys 2 and 3). In survey 1, Respondents
reported features related to food recording are most particularly

difficult to use: MyCyFAPP dishes (reported by 21.9%), food
diary (13.5%), and enzyme dose calculation (11.3%).
Furthermore, around nine of ten of the suggestions (free text in
the surveys) relate to food registration and almost half of those
to additional food items. Suggestions are otherwise diverse and
include support for medicine registration and app access from
different phones allowing both parents to use their own phones.

Table 8. Percentage of respondents who agree or strongly agree with the claim and those who disagree or strongly disagree.
Claim

Week 1
Respondents who
agree or strongly
agree, %

Month 1

Month 5

Respondents who Respondents who Respondents who Respondents who Respondents who
disagree or strong- agree or strongly disagree or strong- agree or strongly disagree or strongly disagree, %
agree, %
ly disagree, %
agree, %
ly disagree, %

I find the app easy to use. 70.4

11.3

Not asked

Not asked

Not asked

Not asked

I find learning to use the
app easy.

83.0

5.0

Not asked

Not asked

Not asked

Not asked

I enjoy using the app.

63.8

10.6

65.8

6.7

63.1

8.3

The app will help (helps) 88.0
me to find the right enzyme dose.

3.5

72.5

10.0

72.6

4.8

The app will help (helps) Not asked
me to follow good eating
habits.

Not asked

54.2

9.2

53.6

10.7

The app will help (helps) 66.2
me to understand the
treatment.

7.7

55.0

10.0

53.6

9.5

The app will motivate
63.8
(motivates) me to follow
my treatment.

13.5

59.2

12.5

48.8

8.3

Variation Between App Users and Varying Motivations
Confirming our earlier research [9], a high degree of
individuality in the manifestation of the disease and in patients
is observed that affects needs, motivation, and perceived
experience. The main influencing factors are health condition,
knowledge about the disease and familiarity with the treatment,
user behavior and personality (eg, compliance, structure,
precision, curiosity, and reflection), and patient age.
Informants show various motivations for using the app,
including expected health benefits, adjustment of enzyme
dosage, tight follow-up by HCPs, and contribution to research
(M1 and M2). Conversely, good health, experience and
knowledge, personality, and age may reduce motivation (M3).
Although HCPs expected patients with few GI symptoms to get
less value from the app, most informants reported increased
knowledge. On the basis of surveys 1 and 2, we tested whether
positive anticipation after 1 week was connected to actual
satisfaction after 1 month. Tests of correlation (Spearman R)
show a moderately significant positive relationship between
positive expectation and reported satisfaction (ρ=0.22-0.472;
P<.001), meaning that respondents with positive expectations
were more likely to report satisfaction. Although correlations
are significant, they are moderate in size, meaning that a large
amount of variation in satisfaction is related to factors other
than positive anticipation.
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HCPs described decreasing motivation along the trial and
explained that increased knowledge and ability to self-manage
and trial duration undermine motivation (M4). During vacation
time, less structured than school time, patients were also less
motivated (M5). Low motivation has a negative impact on the
quality of records and, thus, their value for HCPs.

Enzyme Dose Calculation: The Most Appealing Feature
Enzyme dose calculation is the most innovative feature in
MyCyFAPP as it supports the transition from learning about
enzyme dosage through trial-and-error to an evidence-based
method. Calculation support was indeed the feature most used
and perceived as most useful. All informants from different
target groups with more or less experience benefited from the
feature. An analysis of variance test with Bonferroni post hoc
tests showed significant differences between the reported
satisfaction of the app features (F3.476=3.151; P=.03), with
enzyme dosage being the highest (significantly higher than that
for eating habits).
Beyond an accurate estimation of the dose, some informants
learned about the dependency between enzyme and fat and some
about the relationship between enzyme and symptoms (E1, E2,
and E3). Reported benefits include improved health (in terms
of gaining weight/height and reduced symptoms), increased
confidence and self-efficacy, and child compliance to the
treatment (E4, E5, and E6). The calculation is an additional task
to the demanding treatment, but for most informants, benefits
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counterbalance this drawback. The informants acquired rapid
knowledge about dosage and, due to stable diets, found
calculation less useful after a few weeks. However, new types
of food and diet changes during growth make calculation still
relevant.
Despite an overall good experience, the calculation raised
confusion when the recommended dose differed significantly
from the usual dose. HCPs’ support was sometimes needed.
Informants from Northern Europe reported changes in enzyme
distribution throughout the day but similar total amounts for
the whole day. In Spain and Portugal, some informants were
recommended much higher doses than usual, and thus expected.
Dosage differences between Northern Europe and Southern
Europe were earlier found in a previous study conducted in
MyCyFAPP [31]. HCPs recommended patients to adjust high
doses to one-half or one-third, but informants handled
recommendations differently, either giving it a try, adjusting to
an intermediate dose, or ignoring it (E7). Although HCPs could
set an individual correction factor for enzyme dose calculation,

few made use of it due to lack of experience with the approach.
Another related concern is the incorrect use of the app. Enzyme
dose calculation requires food recording, and this was sometimes
not done correctly (E8).
Interviews of HCPs in Italy indicate that the recommended
doses were lower than usual, leading to a lack of motivation for
using the app. In contrast to Spain and Portugal, no
recommendation was given to adjust the dosage. On the basis
of survey 2, we tested for differences between respondents in
Italy and other countries (Table 9). Survey responses indicate
that most respondents in Italy reported less benefit than others
from using enzyme dose calculation (t118=2.216; P=.04) after
1 month. In addition, Italian respondents scored lower on
motivation (t118=2.392; P=.02) and understanding of the
treatment (t118=2.211; P=.03), but not on enjoying using the
app or following good eating habits. The findings should be
interpreted cautiously because of a low number of respondents
in Italy.

Table 9. Comparison of responses after 1 month between Italy and other countries.
Item and country

n

Value, mean (SD)

The app will help (helps) me to find the right enzyme dose
Others

103

4 (0.89

Italy

17

3.29 (1.26)

The app will help (helps) me to follow good eating habits
Others

103

3.61 (0.92)

Italy

17

3.35 (0.86)

The app will motivate (motivates) me to follow my treatment
Others

103

3.73 (0.96)

Italy

17

3.12 (1.05)

I enjoy using the app
Others

103

3.78 (0.97)

Italy

17

3.94 (0.66)

The app will help (helps) me to understand the treatment

a

Others

103

3.70 (0.89)

Italy

17

3.18 (0.95)

P value

t test (df=118)

.04

2.216a

.28

1.082

.02

2.392

.38

−0.884a

.03

2.211

Indicates a significant Levene test for equality of variance.

Nutritional Management Toward a Balanced Diet
The follow-up of food intake was also perceived as a useful
feature. Informants reported increased knowledge about nutrition
and increased awareness about food intake, often leading to diet
changes (N1 and N2). Few informants explicitly reported
benefits from using the feature, except parents of small children
who feel they were understanding and doing well, leading to
less pressure on children (N3). However, interviews indicate
that good nutrition has a high status. Several teenagers proudly
reported that they adapted their diet. Acknowledgment of diet
changes is sometimes needed from HCPs (N4).

https://mhealth.jmir.org/2020/7/e15896

XSL• FO
RenderX

On the downside, some participants found nutritional goals
difficult to reach and experienced them as negative (N5). HCPs
could set individual goals, but this was not done by all (preset
goals depending on age were then used). In some centers, HCPs
chose not to set goals for young patients, but parents felt that
this decision was not well communicated.

Food Recording Needs to Be Simplified
Enzyme dose calculation and nutrition management require
food intake recording. Many participants experienced recording
difficult the first time they used the app, and, later on, they
become a little efficient (F1 and F2). A combination of complex
naming of food products and limited search functionality made
the retrieval of products difficult. Beyond technical issues, other
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challenges included estimation of ingredients’ weights,
specification of cooking method, and lack of knowledge about
dish composition (F3). Most suggestions for app enhancements
relate to food recording, for example, product barcode scanning
and voice-based recording. Poor usability has led to incorrect
recording and incorrect enzyme dose calculation. A dietitian
explained that she was worried that some of the patients would
not use the app properly, leading to incorrect enzyme intake.
Indeed, it occurred in some cases (E8).
Functions facilitating recording were used by few respondents
(F4). Training materials developed for HCPs to introduce the
app use breakfast to illustrate the creation of own dishes. Most
respondents created their breakfast, but no other dishes. In
addition, some lacked usual dishes, despite the recommended
country-specific dishes. These dishes were used by few, and
informants reported that they failed to retrieve the dish
composition in the app or lacked support for adapting dishes to
personal habits.

Other Features Were Used to a Lesser Extent
Most informants only used the health diary at the start of the
trial when asked to record bowel movement. Some reported
that the diary was useful during the consultations for a more
precise description of symptoms and that it helped them to
reflect on their health status (O1 and O2). The need for a health
diary decreased along the study as GI symptoms were reduced.
Informants were willing to share data from health and food
diaries, expecting these data will provide better insight to HCPs.
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Opinions about the educational handbook vary. Some informants
perceived the information to be better explained and more
trustable than the information available on the internet, whereas
others did not find it novel (O3 and O4). For many, the
handbook was not a central feature. However, teens who need
to learn more about CF or wish to explain the disease to peers
may benefit from the information (O5).
The digital approach has an impact on the interaction between
patients and HCPs. Informants appreciated receiving
motivational messages, although some of them sometimes found
messages a bit annoying (O6 and O7). Some lacked support for
sending messages to HCPs, and, conversely, some HCPs had
wished feedback on their messages (O8). Instead, contact with
HCPs was taken by phone, email, or WhatsApp.

Health Care Professionals’ Experience With the
Professional Web Tool
The following results are based on interviews with HCPs.
Dietitians appointed for follow-up during the trial worked
intensely with the PWT. Most doctors used PWT less but still
experienced it in actual settings and used it themselves. This
section focuses on the reported benefits and disadvantages of
PWT. Single features are not discussed specifically. In general,
HCPs, most of them involved in the design, found PWT easy
to use and useful. Preferences regarding features differed, but
food records were highlighted as very useful by most of them,
especially by dietitians. Illustrative quotes are provided in Tables
10-12.
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Table 10. Illustrative quotes related to using the professional web tool: perceived benefits.

a

Id

Concern

Interviewee

Quote

B1

Patient information quality

Dietician, C4

“That the patient can record in the app and we can see like what they have eaten so that
we have a very close follow-up of what the patient eats and also when he/she reports the
Creon dosage we can see if it corresponds to the theoretical Creon dosage and also that
we can see symptoms. If the patient report symptoms, like nausea or diarrhoea, we have
close follow-up. We can see it and we can contact patients if we see abnormalities.”

B2

Identifying habits

Dietician, C1

“[Now, we] Really know what they eat. With the [paper food] records we used [before
the app], it was harder to interpret. And, now it is more accessible. It is useful too, to see
if they change eating habits depending on whether it's weekend, midweek, holidays; because this with the [paper] records is a bit difficult to see.”

B3

Patient information quality

Dietician, C6

“In some case that I have some doubts about what the patient tells me, I control and know
the two information. It was helpful to control what they have told you yes, in some case
it is important to have feedback from the PWT [...] No, I don’t think we have more information, maybe we have more correct information.”

B4

Personalized advice

Dietician, C1

Do you think you are giving a better service?a Much better of course, especially personalized, which I think is what they most have noticed. Make it something for them, in real
time and according to what they eat.

B5

Saving time: when contacting pa- Dietician, C2
tients

“Sometimes it takes a lot of time because you call them in the morning, you get their
voicemail, you leave a message in the voicemail, [...]. And in the afternoon, they have
not called you back, so you call again. And every time before you call them you do check
their dossier for how they are doing. So, you are actually reading on a patient again every
time before you call them. And then they don’t pick up, I waisted another 5 minutes. It
would be easy to communicate with the web tool for patients that really need that closer
follow-up [...] And now I could see before the consultation already what they were eating,
so it took me less time during the consultation to ask about that. Because I already knew
a bit what their eating habits are.”

B6

Saving time: from paper records
to digital records

So during the trial you did not use the diet paper questionnaires you were used to?a “At
the beginning yes, for comparing. But after, we did not use it, because we had the applications. It is much faster. Better data and faster.”

B7

Saving time: reduced workload
Dietician, C1
before and during consultation, no
longer need for manual calculation

Do you think that the web tool helps you do your daily job?a “Yes, it makes it easier,
more enjoyable, I save time. [...] The app does our function a bit. For example, it took
half an hour to explain the dietary record from the last 3 months ago. Now the app tells
it, but in real time. The content of the app is very useful because if the food record shows
that the patient has not an adequate nutritional intake, he is redirected to the corresponding
chapter in the educational content. And he does not search other sources, that is also important. Time is saved before consultation because the graphics show what is happening
and it is easy to identify why. And then during the consultation, because you have already
explained [the patient] with the app what he is doing wrong or good. [...] So above all,
the nutritional control [is helpful], and for me the most important, the calculation of the
nutritional intake, because up to now it was done using a manual spreadsheet. So I save
time.”

B8

Saving time in yearly control

Doctor, C2

Would it be useful for the yearly control?a “I think that would be very practical, yes. We
now use food records on paper. If we had them electronically and could calculate automatically, that would be a good application.”

B9

Closer relationship, dialogue

Doctor, C2

“But if you really see the hard data, that is something you can really share with them,
like “look what is happening”, you can start a conversation about it, it is not that you
want to blame them but more “let’s see what is happening” and can we think together
about the solution on how you can improve your compliance [...], but as a tool for a
clinician it is great and it can really improve your practice and can give more information
to have like a real useful conversation and to find more in partnership with parents and
patients.”

B10

Tighter follow-up, closer relation- Dietician, C2
ship

Doctor, C3

Do you know the patient better?b“Not really, it’s just that you follow them more and are
in more contact... Maybe that’s because they are participating in the study, that you are
helping them with things, you reach out to them to ask about the app, how it is going.
That’s the kind of stuff that makes the connection closer. I don’t really think that the
connection is closer just because they use the app. Some of the patients I did not speak
with a lot, the app was fine, they did not have questions.”

Text in italics are questions to health care professionals.
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Table 11. Illustrative quotes related to using the professional web tool: perceived disadvantages.
Id

Concern

Interviewee

Quote

D1

Useful with patients’ information

Doctor, C4

“[...] so, if they [patients] don’t fill it in, the clinician won’t look at it [...]; Do you see an
impact if the app was used in real practice?a I think that it is only the case if patients often
fill information. If not frequently used, then it is also difficult to say what the impact is
on their daily life and whether it will reflect on compliance or whether you could use it
for symptom control or looking for causes of abdominal pain.”

a

D2

Patients will not use app regularly Doctor, C2

What do you mean with “it has already a lot of impact in the daily life”?a“Like the normal
CF therapy, taking pills, doing nebulisation, doing physiotherapy, they have to do sports,
think about Creon, so they have to think about collecting their medication in time at the
pharmacy, if it is warm, they have to take salt supplements, ... Well it goes on and on and
on. It is quite an organisation already. And, if you have more children or more children
with CF, that is even harder to handle. If you then ask the parents “well, you just have to
fill in the app once or twice a day”, it adds to all the other things that you need to do and
look at yourself. You really have to think about how it impacts on the daily life of family,
sometimes it is a real fulltime job. There are parents who stop working because of taking
care of the children.”

D3

A close follow-up is time consum- Dietician, C2
ing

Do you feel that the tool requires a lot of effort if you have to follow-up tightly?a “Yes.
It does take a lot of time and now it is just 17 patients. But if all of our patients were using
it which is like 150 patients. I could not send 150 patients a message twice a week.”

D4

A close follow-up is time consum- Doctor, C2
ing, extra effort for clinicians

If you had these shared data, would you look at them between consultations or just during
the consultation?a“Maybe, if it was very easy to access, it would be quite useful, I think.
Also, between consultations? [...] I think I would not look at the data when the patients
are not coming for consultation. We don’t have time to do that; [...] it takes effort for
clinicians to log in into the system and to look up all the data. [...] We have the luxury to
have 20 min per patient, but still this is quite short, and we have to administrate everything
and also talk to the parents, find a plan and execute your plan as well.”

Text in italics are questions to health care professionals.

Table 12. Illustrative quotes related to using the professional web tool: interest in future use.
Id

Concern

Interviewee

Quote

I1

Future frequency of use—daily

Dietician, C4

Would you like to use in the future?a “Yes, off course, I really like it [...] I would like to
use the PWT on a daily basis.”

I2

Future frequency of use—monthly Dietician, C2

“But I would not use it twice a week to send messages. You would not follow either if
they are registering things?a Not as much as I did during the trial now. Maybe once a
month or before they come to the hospital.”

I3

a

Gaining weight, newly diagnosed Dietician II,
C4

“I would check it like on a weekly basis and also when I know when some patients have
trouble gaining weight that I will follow them closer, or when there are new diagnosis
that I also can follow them closer like when they are home, I would use it more for the
kids who have problems or if parents ask me to check.”

Text in italics are questions to health care professionals.

Positive Impact on Health Care Services and Workload
The main benefit HCPs reported is that PWT allows them to
obtain more information about patients, for example, regular
information about symptoms, eating habits, and enzyme intake.
This information facilitates a closer follow-up because the more
information HCPs have access to, the easier it is to compare it
with other insights about patients and to interpret it. Correlations
between eating habits, medicine intake, and symptoms can be
detected, and HCPs can react quickly when noticing adverse
symptom development (B1). Furthermore, HCPs highlighted
that continuous monitoring provides a better overview of
patients’ behaviors. Within regular visits every 3 months, HCPs
only get a small glimpse or a very general overview of patients’
eating habits and health status. PWT allows a fuller picture of
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the course of the disease and the patients’ management of it
(B2).
HCPs also reported that information communicated by patients
is more reliable and accurate. Normally, patients do not record
data systematically. They forget details or get information mixed
up. Empowering patients to record events at the time they occur,
HCPs felt that the data they receive are more precise and better
reflect the reality of patients’ status (B3). Having more and
more precise information during the trial, some HCPs reported
that they were able to give better and more personalized advice
(B4).
Not only do HCPs think that they can deliver a better service
using PWT but they also see a positive effect on their workload.
Using PWT, the time needed for consultations with patients can
be reduced. One HCP reported that she was able to get in contact
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with patients more efficiently (B5); others reported that
information can be analyzed quicker than when using paper
food records (B6). In particular, dietitians looked at the
registered information beforehand and spent less time on asking
for symptoms or eating behaviors (B7). PWT can also help to
make work easier. For instance, dietitians collect and assess
food records on a regular basis. This process becomes easier
with the digital approach (B8).
Furthermore, some HCPs experienced that PWT facilitated new
positive interactions with patients. On the basis of the registered
information, an HCP reported that it was possible to start a more
objective dialogue with patients and to involve patients more
intensely in their treatment (B9). Several HCPs reported that
relationships with patients became closer. However, they were
unsure if this was only due to the frequent interactions required
by the clinical trial protocol or due to the messaging support in
PWT (B10). Nonetheless, HCPs perceived this closer
relationship to be positive. Not all HCPs noticed a change in
the interaction with patients. Some HCPs reported very good
relationships with patients, with or without the approach.

Drawbacks Related to Available Information and
Workload
The HCPs also reported about challenges and disadvantages
they experienced using PWT. One notable challenge is that the
usefulness of tools depends strongly on the data entered by
patients. If patients do not record data or record incomplete or
incorrect data, PWT is of little or no use (D1). HCPs were
worried that it can be a burden for patients and parents to record
data and did not expect all patients to fill in information, at least
over a longer period (D2).
Some HCPs also reported an additional effort with a close
follow-up using PWT. In the clinical trial, with resources
specifically allocated for this task, HCPs were able to invest
extra effort, but they did not expect to be able to continue such
a close follow-up in their regular practice for a higher number
of patients (D3 and D4). This may seem contradictory to the
earlier described reduced workload. If we take into account that
HCPs were asked to communicate with patients much more
often than they were used to during the trial, PWT itself does
not necessarily mean more work for HCPs, but the tool offers
new means of interaction that, depending on the
self-management approach, can imply more effort for HCPs
than current procedures.

Potential Future Use of Professional Web Tool
Most HCPs were interested in using PWT in the future, though
they have very different ideas regarding the frequency of use.
Some think of using the tool daily, and others are only interested
in using the tool on a weekly or monthly basis (I1 and I2). As
a close follow-up of all patients would be time consuming, some
HCPs suggested using PWT for specific patient groups or using
specific functionalities. This would reduce their own and their
patients’ efforts. Specific patient groups would be those who
generally need a closer follow-up or those who need tight
support for a limited period, for example, newly diagnosed
children and their parents and patients currently not feeling well
(I3).
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Discussion
Principal Findings
Our results show a positive experience of the proposed
self-management approach. They indicate that challenges relate
more to human factors, context of use, and lack of experience
with digital self-management than to technology. Confirming
previous findings, technology literacy level [32-34], positive
reinforcement [35], and contextual factors [36] influence the
user experience. Patients get less eager to use the app when they
have reached their goals [16,36].
Adopting a user-centered design approach, we expected the app
and PWT to be easy to use and useful. They mostly are, with
the exception of food recording. Feature acceptance varies,
reflecting the diversity of needs that we and others previously
discussed [9,15]. Enzyme dose calculation was the most useful.
In addition, users benefited from nutrition management. Patients
and parents increased their awareness about nutrition, and HCPs
collected more reliable patient data. Patients and parents were
able to rapidly increase self-efficacy. They adapted enzyme
intake and nutritional habits when needed, and some reported
enhanced quality of life. For HCPs, rich and reliable data
enabled personalized follow-up. Although tight patient follow-up
may require additional workload, messaging and digital food
recording save time.
Similar to other studies, our study shows the importance of trust
in information (eg, educational handbook) [37,38]. In contrast
to other studies, privacy was not a concern in our study [39,40].
Patients who already used to tell HCPs about their behaviors
were willing to share data and expected them to be useful for
follow-up.

Recommendations
On the basis of these findings, we propose recommendations
for the successful adoption of digital self-management. As there
is an overlap between our findings and those from previous
research, it is relevant to also consider these recommendations
for self-management of other chronic diseases in addition to
CF.

Identifying Relevant Use Cases
Motivating patients to use health apps over a long period is a
recurrent topic in mHealth. The purpose of self-management
is, however, to support the acquisition of self-efficacy skills
[41], not to motivate for using an app. Despite the relatively
good clinical status of trial participants, many benefited rapidly
from using the app. Over time, as participants acquired new
skills, motivation tended to decrease, leading to poorer registered
data. Rather than seeking motivational approaches to keep using
the app, we propose to identify relevant use cases, that is, patient
groups and situations where patients are most likely to benefit
from using the app. From a professional viewpoint, use cases
would reduce the workload.
Obviously, the worsening of symptoms and the occurrence of
new symptoms are a relevant use case, as symptom descriptions
and food intake provide HCPs a basis for diagnosis and
recommendations. HCPs suggested focusing on learning cases,
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such as parents of young patients and adolescents. The latter
case gave positive results for juvenile arthritis [42]. As we
observed that patients with few symptoms can benefit from
using the app, using the app a few days before the regular
consultations or in connection with the annual check [8] is also
a relevant use case.

Personalizing and Supervising
The need for personalization is often discussed in connection
to technology [43-46]. Our study also identifies the need to
personalize the introduction of technology. Technology literacy
level and capacity to learn, seek new insights, and reflect have
an impact on the adoption of solutions. Supervision by HCPs
is, therefore, essential when introducing digital self-management
and should be tailored to patients’ skills. Our study also indicates
the importance of a regular follow-up by HCPs for motivation.
Advice should be provided to patients during consultations or
between consultations using messaging. For example, advice
may relate to dealing with unusual enzyme doses to explain
details that are easy to overlook for correct calculation, for
example, fat registration and food amount. Some patients need
support to use the app efficiently and effectively, for example,
creating dishes. Some need guidance for exploring features and
understanding their rationale, for example, relating symptoms
to food and enzyme intake or retrieving hints about nutritional
goals in the educational handbook.
Patients should be gradually introduced to the app features. In
our study, all features were presented to patients and parents at
the start of the trial. The app is comprehensive, and we observed
that some users were not aware of all features. A gradual
introduction can be addressed technically. The ultimate goal is
to reduce the need for follow-up by HCPs to support patients
in countries where health care services are limited. The features
could be activated gradually, and patients provided hints. For
example, the app could detect an unexpectedly high number of
calories in food recording and notify the user.

Developing Health Care Professionals’ Skills
As digital self-management is a new practice, HCPs need to
develop new skills. Although HCPs were trained to teach
patients to interact with the app, our results indicate that tutorials
should cover guidelines about the process, for example, gradual
introduction to features and advice for app exploration. Best
practices developed by parents should be included in tutorials,
for example, dealing with a child who eats less than expected
or speeding up food recording.
Beyond technical aspects, HCPs need advice for collaborating
with patients. Most importantly, HCPs should agree with
patients about the frequency and type of follow-up. They should
also clarify what parts of self-management are relevant. Similar
to the prescription of a medication, app usage should be adapted
to patients. For example, nutritional goals may be stressful for
some individuals and may be irrelevant for young patients.
Dietitians were found to be more or less skilled in writing
motivational messages. Practices can be collected and shared
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between HCPs. The availability of predefined messages in PWT
should be reconsidered. Automatic generic health messages
may appear as depersonalized and weakened relationships with
HCPs [47].

User-Centered Design in the Development of Content
Trial participants reported the complexity of product names in
the app. Although software development adopted a user-centered
design approach, food databases were developed by dietitians
without involving users. In addition, food databases in native
languages were not ready for testing at midterm evaluation. As
digital solutions are increasingly being developed in clinical
settings, user-centered design is a software engineering practice
that HCPs should become familiar with.

Future Research
Digital food recording is generally complex, with a trade-off
between usability and accuracy. Technology for food image
recognition was not yet accurate enough when we developed
the app [48]. Recent solutions still seem too inaccurate for the
purpose of enzyme calculation.
The approach to enzyme dose calculation necessitates refinement
for optimal support. Guidelines for setting the individual
correction factor as well as for specifying the cooking method
are needed. As the enzyme dose mainly depends on the amount
and type of fat, simplification of food recording should be
investigated. Simplification may, however, act to the detriment
of an increased knowledge about nutrition.

Strengths and Limitations
For practical and economic reasons, interviews were conducted
on the web. Video calls were set up to reduce the distance
between the interviewee and interviewer. In some countries,
English was used rather than the native language. Using English
was preferred over involving an interpreter because of the
explorative approach of interviews. No language barrier was
experienced during the interviews.
The clinical trial context does not truly represent the regular
clinical context. The tight follow-up by HCPs and the
commitment of trial participants to contribute to research may
have influenced the app and PWT usage. Still, the research
allowed us to identify usability shortcomings and factors
relevant in clinical contexts. Deployment in a real context is
needed to strengthen the insights about organizational issues.
Although the clinical protocol specified requirements on app
usage, it left trial participants some freedom, leading to
differences in the way the app was used. HCPs also had different
expectations for the approach and were more or less acquainted
with mobile technology. HCPs used PWT more or less often,
and messaging was performed in different ways. This influences
the support provided to patients. Such differences would,
however, also apply in a regular clinical context. Most
importantly, extracting practices that lead to positive outcomes
and building guidelines upon them are needed.
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Abstract
Background: Mobile health (mHealth) has potential to play a significant role in realizing a reversal of the current paradigm in
health care toward a more patient-centric and more collaborative system to improve the outcomes obtained along with the quality
and sustainability of health care systems.
Objective: The aim of this study was to explore and understand individual mHealth acceptance drivers between two groups of
users: those with chronic health conditions and those without.
Methods: The extended unified theory of acceptance and usage of technology (UTAUT2) was enhanced with a new health-related
framework: behavior intention to recommend and new mediation effects. We applied partial least squares (PLS) causal modeling
to test the research model.
Results: We obtained 322 valid responses through an online questionnaire. The drivers of behavior intention with statistical
significance were performance expectancy (β=.29, P<.001), habit (β=.39, P<.001), and personal empowerment (β=.18, P=.01).
The precursors of use behavior were habit (β= .47, P<.001) and personal empowerment (β=.17, P=.01). Behavior intention to
recommend was significantly influenced by behavior intention (β=.58, P<.001) and personal empowerment (β=.26, P<.001).
The model explained 66% of the total variance in behavior intention, 54% of the variance in use behavior, and 70% of the variance
in behavior intention to recommend.
Conclusions: Our study demonstrates a significant role of personal empowerment, as a second-order construct, in the mHealth
acceptance context. The presence of a chronic health condition predicates an impact on acceptance of this technology.
(JMIR Mhealth Uhealth 2020;8(7):e17588) doi:10.2196/17588
KEYWORDS
digital health; mHealth; UTAUT2; health management; patient empowerment

Introduction
Context
The focus of health policymakers worldwide is to change health
care models from disease treatment to disease prevention,
necessitating a shift to more patient-centric and more
collaborative actions, and information technology is one of the
paths highlighted to best achieve this goal [1-5]. In this study,
we focused on the use of mobile health (mHealth), specifically
on smartphones, as a health management platform. In Portugal,
https://mhealth.jmir.org/2020/7/e17588
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smartphone penetration was reported to reach up to 74.9% of
the population in December 2017 [6]. The field of mHealth is
in a state of rapid expansion, from a global rate of 36% use in
2016 to 46% in 2018, and nearly half (48%) of all health care
consumers were using mobile/tablet apps compared to only
16% reported in 2014 [7].
The main limitations of previously published research on
mHealth include underpowered pilot data [8] in specific groups
of patients or with a particular app [1], or a focus on only health
care professionals [9,10]. In this study, we developed a new
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research model to explore and better understand individual
mHealth acceptance drivers, mainly to determine how unique
drivers related to health care such as patient empowerment can
influence the adoption of mHealth among health care consumers
with and without a chronic condition.

the present work, we follow the World Health Organization
definition of mHealth as the use of mobile devices such as
mobile phones, patient monitoring devices, personal digital
assistants, and wireless devices for medical and public health
practice [12].

Theoretical Background

In the last two decades, mainly after the emergence of mobile
phones followed by smartphones, several researchers have been
studying electronic and mobile technologies as possible solutions
to address health care challenges. Relevant studies performed
in the most recent years are summarized in Table 1.

mHealth is a subset of the larger field of electronic health
(eHealth), which was originally defined under the term “unwired
e-med” [11]. Many definitions have arisen since then, and in
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Table 1. Electronic health (eHealth) adoption models.
Theory

Dependent variable

TAMa, HBMb and

Health consumers’ behavior -PTe, PUf, and PEOUg significantly affected health consumers’ attitude and beintention of using HITd
havior intention.

c

TPB

Findings

Reference
[13]

-Health consumers’ health status, health belief and concerns, subjective norm,
HIT characteristics, and HIT self-efficacy had a substantial indirect impact on
attitude and behavioral intention through the mediators of PT, PU, and PEOU.
TAM and TPB

Internet use for health purposes

- Positive influence of perceived health risk and health consciousness on healthrelated internet use

[14]

- Perceived health risk positively affects health-related internet use
- Health consciousness has a significant positive effect on health-related internet
use
- Health consciousness contributes to health behavior adoption
TAM2, Dual-factor Patient’s acceptance of
- PU of the app was positively influenced by the perceived health threat, relation- [1]
model, HBM
smartphone health technolo- ship with doctor, and PEOU, but negatively affected by resistance to change
gy for chronic disease man- - Usage experience and self-efficacy positively influenced patients’ PEOU
agement
- Behavior intention was influenced by enablers of PU and perceived health threat,
an inhibitor of resistance to change
- Intention of use had a significant weak relationship with actual use
UTAUT2h

EHRi portals

- Understanding of the adoption of EHR portals is improved through the use of
consumer adoption-specific constructs

Uses and gratifica- eHealth usage by sociodemo- - Female gender is a consistent predictor of eHealth usage
tion theory
graphic factors
- Age is primarily influential for health-information seeking

[15]
[16]

TAM, UTAUT2

Consumer acceptance of
wearable self-tracking devices

- Positive influence of trust, perceived esthetics, personal innovativeness, perceived [17]
support of health, perceived support of fitness, and perceived support of well-being
on consumer acceptance of wearables

DMISSMj

Evaluation of trust, security
beliefs, and privacy of HIT
as determinants of health
care outcomes

- Increased privacy concerns reduce the frequency of patient access to health
[18]
records use, positive attitudes toward HIT, and perceptions of patient care quality
- Belief in the effectiveness of information security increases the frequency of
patient access to health records and a positive attitude toward HIT
- Trust in health information had a positive association with attitudes toward HIT
and perceived patient care quality

a

Personal empower- Internet use behavior as a
ment
source of information

- Health information seeking is analyzed under three perspectives: professional
logic, consumer logic, and community logic

DITk

Health care providers need to consider and address patient characteristics, their [20]
social system, and preferences on communication channels, as well as the attributes
of the innovation to guarantee its success.

Factors impacting patient
acceptance and use of consumer eHealth innovations

[19]

TAM: technology acceptance model.

b

HBM: health belief model.

c

TPB: theory of planned behavior.

d

HIT: health information technology.

e

PT: perceived threat.

f

PU: perceived usefulness.

g

PEOU: perceived ease of use.

h

UTAUT2: extended unified theory of acceptance and usage of technology.

i

EHR: electronic health record.

j

DMISSM: DeLone and McLean information systems success model.

k

DIT: diffusion of innovation theory.

The technology acceptance model (TAM) is the most widely
used research model in this field, which is commonly combined
with other models or with extensions to help explain behavior
intention or use behavior. An example of this approach is a
study that combined the health belief model (HBM) and TAM
to explore the influence of perceived health risk and health
consciousness on health-related internet use [14]. In addition,
https://mhealth.jmir.org/2020/7/e17588
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Kim and Park [13] combined the TAM, HBM, and theory of
planned behavior to describe health consumers’ behavior
intention of using health information technologies. Dou et al
[1] used a combination of TAM2, the dual-factor model, and
HBM to study patients’ acceptance of smartphone health
technology for chronic disease management, among others.
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Extended Unified Theory of Acceptance and Usage of
Technology
The extended version of the unified theory of acceptance and
usage of technology (UTAUT), UTAUT2, is a tailor-made
model of acceptance and use of technology. UTAUT2 was
adapted from the UTAUT to a more consumer-centered context,
with the main differences including the introduction of three
new constructs, hedonic motivation, price value, and habit, with
moderators of age, gender, and experience. Hedonic motivation
and price value explain behavior intention, and habit explains
both behavior intention and use behavior. Compared to UTAUT,
the extensions proposed in UTAUT2 resulted in a substantial
improvement in the variance explained in behavior intention
(56% to 74%) and technology use (40% to 52%) [21].

Research Model and Hypotheses
UTAUT2 has already shown good results when applied to the
health care context, with the addition of specific health-related
constructs [22-24]. Concerning specific health care adoption

Salgado et al
models, the aim is to achieve an R2 value of at least 50% [21,25],
except when the model deals with constructs related to sensitive
topics such as confidentiality or patient behavior in which an
R2 of 20% for the critical dependent variables can be regarded
as acceptable [25,26]. If the model uses an existing adoption
theory, extended by new constructs or relationships related to
health care, these should be able to produce statistically
significant results [21,25].
The need for change in health care models related to the
scarceness of human resources and to improve health outcomes
emphasizes the need to empower patients to manage their own
health [27], and mHealth is considered as one of the privileged
means to achieve this goal [28]. Accordingly, and due to the
lack of studies using a personal/patient empowerment construct
(ie, a construct associated with other drivers of information
technology adoption), we here propose a model that combines
UTAUT2 and personal empowerment as a second-order
construct following the work of Lemire [19], which is outlined
in Figure 1.

Figure 1. Research model. Original relationships from unified theory of acceptance and usage of technology (UTAUT2) are in black; new relationships
from the extended model are in grey.

The hypotheses of this study were developed using the rationale
of Venkatesh et al [21] with some adjustments. First, we dropped
experience, as our model will be applied at a single time point.
Age, gender, and education were used as control variables. In
addition, the presence of chronic health conditions was added
considering our intention to analyze the results between groups
with and without these conditions We established the following
research hypotheses based on the following constructs.

Performance Expectancy
Performance expectancy is defined as the consumers’ projections
of benefits provided by the use of technology and is a good

https://mhealth.jmir.org/2020/7/e17588
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predictor of behavior intention, including in the eHealth context
[22].
H1(a): Performance expectancy will positively
influence behavior intention.
H1(b): Performance expectancy will positively
influence behavior intention in the chronic condition
group, and there will be a significantly greater effect
when compared to that of the healthy group.

Effort Expectancy
Effort expectancy is associated with how easy and simple it
seems to be to use a particular technology. Earlier research on
the usability of eHealth showed conflicting results, which was
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17588 | p.198
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likely related to differences in study populations; nevertheless,
in the present work, we have followed the UTAUT2 rationale.
Assuming that consumers who perceive mHealth to be more
useful and easier to use would have a higher intention to use it
[13], we also add a new mediation effect hypothesis:
H2(a): Effort expectancy will positively influence
behavior intention.
H2(b): Effort expectancy will mediate the influence
of performance expectancy on behavior intention.

Salgado et al

Habit
Habit refers to the automatic nature of a behavior response
resulting from learning. As a result of prior experiences, habit
has been demonstrated as a good predictor of the adoption of
different technologies [21]. Therefore, we have tested this aspect
for mHealth adoption.
H7(a): Habit will positively influence behavior
intention.
H7(b): Habit will positively influence use behavior.

Hedonic Motivation

Behavior Intention

Hedonic motivation is defined by the fun or pleasure derived
from using technology [21]. A previous study using health and
fitness apps demonstrated that hedonic motivation drives
behavior intention [29].

According to previous research on eHealth, the act of using
eHealth tools is preceded by the behavior intention to use them
[24]; therefore, we applied this concept to the mHealth context.

H3: Hedonic motivation will positively influence
behavior intention.

Social Influence
Social influence is the degree of consumers’ perception that
people who are significant to them believe they should use
technology. This effect has also been verified in the case of
eHealth [15].
H4: Social influence will positively influence behavior
intention.

Facilitating Conditions
The construct of facilitating conditions is defined as consumer
awareness of the existing support to use technology. Earlier
studies also suggested that if patients with a chronic condition
have the needed resources and support available, they are more
likely to use eHealth technologies [30].
H5(a): Facilitating conditions will positively influence
behavior intention.
H5(b): Facilitating conditions will positively influence
use behavior.
H5(c): Facilitating conditions will positively influence
behavior intention in the chronic conditions group,
and there will be a significant increase when
compared to the healthy group.
H5(d): Facilitating conditions will positively influence
use behavior in the chronic conditions group, and
there will be a significant increase when compared
to the healthy group.

Price Value
Price value refers to the advantages obtained from a technology
considering the costs of using it [21]. The use of mHealth
technologies not only offers an easy way to reach health services
(eg, scheduling appointments, examination results) but also
provides a privileged way to continually monitor patients’
parameters, allowing for better follow up with less traveling to
health care institutions.
H6: Price value will positively influence behavior
intention.
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H8(a): Behavior intention will positively influence
use behavior.
Considering the previous hypotheses, and according to earlier
research about technology adoption in the health care
information technology context indicating that intention to use
a technology strongly influences its recommendation to others
[22,31], we developed the following hypotheses for testing in
the mHealth context.
H8(b): Behavior intention will positively influence
the intention to recommend mHealth technologies to
others.
H9: Use behavior will positively influence the
intention to recommend mHealth technologies to
others.

Personal Empowerment
Personal empowerment is the process and outcome through
which individuals gain self-confidence and self-efficacy to
actively participate in their own health care and ultimately
exercise power over decision making concerning their treatment
[19]. Therefore, the behavior intention and use of mHealth
technologies will be positively influenced by personal
empowerment, since it allows for a more active role in health
management. We used personal empowerment as a second-order
construct. This construct is based on three different forms of
logic: professional logic, the process of empowerment in which
individuals acquire expert knowledge and put it into practice
so that they can act effectively in their personal health; consumer
logic, the process of personal affirmation to make decisions
based on one’s own judgment and resources; and community
logic, the dynamics of inclusion in action and social change
initiatives developed from a sense of community and
participation. Following the rationale of H9, we also
hypothesized that behavior intention to recommend technology
is influenced by personal empowerment in the same way.
H10(a): Personal empowerment will positively
influence behavior intention.
H10(b): Personal empowerment will positively
influence mHealth use.
H10(c): Personal empowerment will positively
influence behavior intention to use.
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H10(d): Personal empowerment will positively
influence behavior intention in the chronic conditions
group, which will be significantly higher when
compared to that of the healthy group.
H10(e): Personal empowerment will positively
influence mHealth use in the chronic conditions
group, which will be significantly higher when
compared to that of the healthy group.
H10(f): Personal empowerment will positively
influence behavior intention in the chronic conditions
group, which will be significantly higher when
compared to that of the healthy group.

Methods
Measurement
All of the measurement items for each of the constructs
described above were adapted from Venkatesh et al [21],
Tavares and Oliveira [22,24], and Lemire et al [19] with minor
modifications to adapt to the mHealth context. The items are
described in detail in Multimedia Appendix 1. The questionnaire
was developed in English and then translated to Portuguese,
which was validated by two translators fluent in both languages.
To guarantee that the questionnaire did not lose its original
meaning, a back-translation was made to English by a third
translator with no previous knowledge of the original
questionnaire, which was then compared with the original [32].
The scale items were measured on a 7-point Likert scale from
“strongly disagree” (1) to “strongly agree” (7). An exception
was made for the use behavior construct, which was measured
on a different scale ranging from “never” (1) to “whenever I
need” (7) for most of the items following the study of Tavares
and Oliveira [24]. Some sociodemographic questions were also
added to characterize the study sample. Age was measured in
years and gender was coded as a dummy variable (0 or 1), with
women represented by 0. The presence of a chronic health
condition was also coded as a dummy variable (0 or 1), with its
absence represented by 0. Each respondent’s education level
was assessed by 5 different layers (1, middle school or lower;
2, high school; 3, bachelor degree or postgraduate; 4, master
degree; 5, doctorate). The questionnaire started with a brief
introduction explaining the mHealth concept (Multimedia
Appendix 1) to ensure that all respondents had prior knowledge
and contact with mHealth technologies.
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Data Collection
To validate the questions and the scales of the survey, a pilot
survey was conducted, from which we received 40 responses,
assuring that all of the items were reliable and valid. These data
were not included in the main survey. According to previous
literature on health information technologies, the users of
mHealth are mostly younger and have higher education levels
[16]; therefore, one of the targets selected for our sample was
educational institutions. In addition, considering the goal of
analyzing the impact of having chronic health conditions on the
use of mHealth technologies, we requested the collaboration of
a set of national patients’ associations to diffuse our study
among their associates and allow us to reach a sample of
individuals specifically with these characteristics. By the end
of January 2019, an email with a collaboration request and the
survey hyperlink was sent to 6 educational institutions in Lisbon
and 30 national chronic patients’ associations. The request
included the study purpose and a statement that anonymity and
confidentiality of the information collected were assured, and
that by following the hyperlink, they would authorize the use
of the data for academic purposes. After this first approach, we
received 118 responses. Reminders were sent at 3 and 6 weeks
after sending the first email to improve the response rate.
Following the reminders, we obtained a total of 322 respondents,
including 209 from educational institutions and 113 from the
patients’ associations. We verified the common method bias
through Harman’s one-factor test [33] that attests that the total
variance for every single factor is always less than 50%. Using
Lindell and Whitney’s [34] approach, we found a maximum
shared variance of 6.5% with other variables after adding a
theoretically irrelevant marker variable in the research model,
which can be considered low [35]. Therefore, using two
independent approaches, we demonstrated that common method
bias should not be an issue.
In our total sample, approximately 71% (229/322) of the
respondents were women, the average age was 40 years, and
77% were university graduates or higher, which is in line with
the literature [20,36]. The patients with chronic health conditions
were older on average than the healthy group, and there were
also differences in education level between the two groups. The
basic characteristics of our sample are shown in Table 2 in more
detail.
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Table 2. Sample characteristics.
Characteristic

Total (N=322)

Chronic conditions group (n=124)

Healthy group (n=198)

Age (years), mean (SD)

40.03 (13.70)

47.66 (14.30)

35.26 (10.89)

Male

93 (28.9)

34 (27.4)

59 (29.8)

Female

229 (71.1)

90 (72.6)

139 (70.2)

Middle school or lower

11 (3.4)

8 (6.5)

3 (1.5)

High school

61 (18.9)

37 (29.8)

24 (12.1)

Bachelor or postgraduate

163 (50.6)

54 (43.6)

109 (55.1)

Master

72 (22.4)

17 (13.7)

55 (27.8)

Doctorate

15 (4.7)

8 (6.5)

7 (3.5)

Gender, n (%)

Education level, n (%)

Data Analysis
We used a structural equation model (SEM)-partial least square
(PLS) approach to analyze the data obtained. Smart PLS v3.28
software [37] was used to analyze the relationships defined by
the model. PLS is a causal modeling approach and a powerful
multivariate analysis technique that enables analysis of the
complexity of the model and to test the validity of the theory
using empirical models [15,38]. The rationale for choosing this
approach was the high model complexity (many constructs and
many indicators), the incorporation of formative measured
constructs as part of the structural model, and the fact that the
PLS-SEM method is oriented to explain the variance of the
research model and to detect statistically significant constructs
[25,39].

Results
Measurement Model
Since we had both reflective and formative indicators, we
applied different measures to assess the reliability and validity
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of the measurement model. For reflective indicators, we initially
evaluated the internal consistency reliability through Cronbach
alpha and composite reliability. Table 3 shows that both
measures were above .70, demonstrating internal consistency
[25]. Validity was examined by the convergent validity and
discriminant validity metrics. Convergent validity is assured
when each item has outer loadings above 0.70 and when each
construct’s average variance extracted is 0.50 or higher. As
shown in Table 3, both of these criteria were met. Discriminant
validity represents the extent to which a construct is empirically
distinct from other constructs [40], which was evaluated with
three methods: analysis of crossloadings (the outer loading of
an indicator should be higher than all its crossloadings), as
verified in Table 3; the Fornell and Larcker criterion, which
states that the square root of the average variance extracted for
each construct should be greater than its higher correlation with
others constructs, as confirmed in Table 4; and the
Heterotrait-monotrait ratio, which is an estimate of the true
correlation between constructs and should be below 0.90 [25],
as confirmed in Multimedia Appendix 2.
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Table 3. Total sample loadings and crossloadings.
Constructs

PEa

EEb

SIc

HTd

FCe

HMf

PVg

PEMh PEM-PLi

PEM-CLj PEMCCLk

BIl

BIRm CAn

PE
PE1

0.87 q

0.37

0.44

0.52

0.31

0.40

0.23

0.52

0.51

0.50

0.40

0.56

0.55

PE2

0.93

0.51

0.39

0.54

0.47

0.49

0.39

0.54

0.55

0.52

0.39

0.61

0.58

PE3

0.94

0.48

0.38

0.52

0.41

0.42

0.37

0.55

0.59

0.52

0.39

0.63

0.59

EE
EE1

0.43

0.92

0.12

0.37

0.62

0.41

0.37

0.31

0.32

0.32

0.21

0.32

0.30

EE2

0.51

0.93

0.27

0.50

0.66

0.51

0.43

0.39

0.39

0.37

0.30

0.42

0.38

EE3

0.41

0.87

0.22

0.42

0.61

0.48

0.45

0.39

0.39

0.34

0.32

0.34

0.35

EE4

0.44

0.91

0.13

0.41

0.64

0.43

0.41

0.34

0.36

0.33

0.24

0.38

0.30

SI
SI1

0.43

0.21

0.97

0.58

0.29

0.40

0.27

0.55

0.52

0.47

0.48

0.47

0.48

SI2

0.43

0.18

0.97

0.59

0.26

0.44

0.28

0.54

0.54

0.44

0.48

0.51

0.52

SI3

0.40

0.21

0.96

0.59

0.28

0.43

0.31

0.55

0.56

0.45

0.47

0.51

0.52

HT
HT1

0.52

0.46

0.53

0.92

0.45

0.59

0.41

0.53

0.54

0.46

0.43

0.64

0.56

HT2

0.31

0.21

0.49

0.74

0.23

0.51

0.28

0.47

0.42

0.40

0.45

0.44

0.42

HT3

0.61

0.39

0.55

0.83

0.40

0.57

0.44

0.62

0.64

0.53

0.49

0.71

0.68

HT4

0.50

0.51

0.51

0.92

0.51

0.60

0.45

0.57

0.58

0.50

0.47

0.68

0.61

FC
FC1

0.34

0.59

0.22

0.38

0.86

0.40

0.49

0.40

0.41

0.39

0.29

0.38

0.37

FC2

0.40

0.70

0.25

0.44

0.88

0.45

0.50

0.38

0.39

0.37

0.27

0.43

0.36

FC3

0.44

0.64

0.25

0.45

0.91

0.52

0.57

0.43

0.44

0.42

0.32

0.43

0.36

FC4

0.29

0.39

0.26

0.31

0.71

0.41

0.52

0.40

0.43

0.33

0.33

0.33

0.30

HM
HM1

0.47

0.50

0.40

0.62

0.52

0.95

0.47

0.57

0.53

0.48

0.52

0.54

0.52

HM2

0.52

0.53

0.43

0.70

0.54

0.93

0.53

0.60

0.59

0.50

0.53

0.61

0.55

HM3

0.29

0.31

0.36

0.46

0.36

0.87

0.40

0.45

0.40

0.35

0.45

0.42

0.39

PV
PV1

0.31

0.40

0.21

0.36

0.57

0.42

0.92

0.47

0.44

0.45

0.38

0.39

0.37

PV2

0.35

0.43

0.28

0.46

0.58

0.47

0.96

0.50

0.49

0.47

0.40

0.50

0.47

PV3

0.35

0.45

0.33

0.48

0.57

0.54

0.92

0.55

0.53

0.51

0.45

0.49

0.49

PEM-PL
PEM-PL1

0.52

0.39

0.56

0.59

0.45

0.51

0.52

0.82

0.91

0.67

0.63

0.57

0.61

PEM-PL2

0.54

0.37

0.51

0.62

0.45

0.52

0.51

0.82

0.91

0.68

0.63

0.59

0.61

PEM-PL3

0.54

0.33

0.51

0.54

0.40

0.50

0.44

0.85

0.93

0.68

0.67

0.56

0.60

PEM-PL4

0.58

0.40

0.47

0.58

0.46

0.51

0.43

0.81

0.89

0.66

0.63

0.61

0.62

PEM-PL5

0.46

0.27

0.39

0.46

0.38

0.42

0.38

0.67

0.72

0.58

0.52

0.47

0.47

PEM-CL
PEM-CL1

0.56

0.39

0.45

0.54

0.43

0.45

0.43

0.80

0.73

0.85

0.61

0.57

0.59

PEM-CL2

0.47

0.28

0.37

0.43

0.35

0.38

0.45

0.74

0.57

0.89

0.60

0.47

0.49

PEM-CL3

0.50

0.34

0.45

0.49

0.40

0.46

0.49

0.81

0.66

0.92

0.67

0.54

0.58
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CRo AVEp

.90

0.94 0.84

.93

0.95 0.82

.97

0.98 0.94

.87

0.91 0.73

.86

0.91 0.71

.90

0.94 0.84

.92

0.95 0.87

.92

0.94 0.76

.90

0.93 0.77
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PEa

EEb

SIc

HTd

FCe

HMf

PVg

PEMh PEM-PLi

PEM-CLj PEMCCLk

BIl

BIRm CAn

0.43

0.31

0.38

0.49

0.39

0.45

0.44

0.80

0.85

0.51

0.55

0.67

0.69

PEM-CCL
PEMCCL1

0.37

0.24

0.43

0.47

0.29

0.48

0.36

0.78

0.60

0.63

0.87

0.49

0.51

PEMCCL2

0.37

0.24

0.38

0.43

0.27

0.45

0.38

0.78

0.60

0.63

0.90

0.45

0.49

PEMCCL3

0.38

0.31

0.45

0.51

0.38

0.53

0.41

0.81

0.64

0.63

0.91

0.56

0.55

PEMCCL4

0.46

0.30

0.48

0.53

0.34

0.52

0.43

0.85

0.71

0.67

0.90

0.60

0.59

PEMCCL5

0.31

0.19

0.43

0.41

0.28

0.44

0.35

0.75

0.57

0.64

0.83

0.45

0.47

BI
BI1

0.65

0.38

0.44

0.66

0.42

0.51

0.46

0.63

0.62

0.56

0.53

0.95

0.76

BI2

0.58

0.34

0.53

0.71

0.40

0.56

0.43

0.63

0.59

0.54

0.56

0.94

0.77

BI3

0.66

0.44

0.50

0.71

0.50

0.59

0.52

0.66

0.63

0.60

0.56

0.97

0.78

BIR

a

BIR1

0.59

0.33

0.53

0.65

0.36

0.53

0.48

0.67

0.63

0.61

0.58

0.77

0.93

BIR2

0.53

0.36

0.32

0.50

0.37

0.40

0.44

0.54

0.54

0.50

0.41

0.64

0.84

BIR3

0.58

0.33

0.51

0.65

0.38

0.52

0.42

0.65

0.62

0.59

0.57

0.77

0.95

BIR4

0.57

0.32

0.51

0.61

0.38

0.51

0.40

0.66

0.63

0.58

0.58

0.73

0.90

CRo AVEp

.93

0.95 0.78

.95

0.97 0.90

.93

0.95 0.82

PE: performance expectation.

b

EE: effort expectancy.

c

SI: social influence.

d

HT: habit.

e

FC: facilitation conditions.

f

HM: hedonic motivation.

g

PV: price value.

h

PEM: personal empowerment (second order).

i

PEM-PL: personal empowerment-professional logic.

j

PEM-CL: personal empowerment-consumer logic.

k

PEM-CCL: personal empowerment-community logic.

l

BI: behavior intention.

m

BIR: behavior intention to recommend.

n

CA: Cronbach alpha.

o

CR: composite reliability.

p

AVE: average variance extracted.

q

Numbers in italics indicate loadings of the indicators for their own constructs.
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Table 4. Total sample descriptive statistics, correlations, and square root of average variance extracted.

a

Variable

Mean
(SD)

PEa

EEb

SIc

HTd

FCe

HMf

PVg

PEMh PEM- PEM- PEM- BIl
PLi
CLj CCLk

BIRm Age

PE

4.90
(1.63)

0.91o

EE

4.90
(1.63)

0.50

0.91o

SI

5.41
(1.34)

0.44

0.21

0.97o

HT

5.18
(1.55)

0.58

0.47

0.60

0.85o

FC

4.49
(1.58)

0.44

0.70

0.28

0.47

0.84o

HM

3.84
(1.89)

0.48

0.51

0.44

0.67

0.53

0.91o

PV

5.23
(1.36)

0.37

0.46

0.30

0.47

0.62

0.51

0.93o

PEM

4.47
(1.54)

0.59

0.40

0.56

0.64

0.48

0.60

0.54

0.79o

PEMPL

4.21
(1.57)

0.61

0.40

0.56

0.64

0.49

0.56

0.53

0.91

0.87o

PEMCL

4.44
(1.54)

0.56

0.38

0.47

0.56

0.45

0.49

0.51

0.90

0.75

0.88o

PEMCCL

4.75
(1.46)

0.43

0.29

0.49

0.53

0.35

0.55

0.44

0.90

0.71

0.73

0.88o

BI

4.34
(1.40)

0.66

0.41

0.51

0.73

0.47

0.58

0.50

0.67

0.64

0.60

0.58

0.95o

BIR

4.04
(1.63)

0.63

0.37

0.52

0.67

0.41

0.54

0.48

0.70

0.67

0.63

0.60

0.81

Age

40.04
(13.6)

–0.08 –0.29 0.24

0.05

–0.10 0.03

–0.11 0.04

0.09

–0.05 0.04

Education

N/Ap

0.06

0.20

–0.10 –0.03 0.25

0.08

0.11

0.02

0.03

0.06

–0.03 0.05

0.08

–0.12 1.00

Gender

N/A

0.20

0.03

0.15

0.12

0.10

0.13

0.06

0.22

0.22

0.21

0.16

0.17

0.18

0.13

–0.02 1.00

PCHC

N/A

–0.04 –0.11 0.15

0.11

–0.02 0.11

–0.06 0.04

0.11

–0.08 0.04

0.03

0.05

0.44

–0.20 –0.03

Education

Gender

PCHCn

0.90o

–0.01 0.00

1.00

1.00

PE: performance expectation.

b

EE: effort expectancy.

c

SI: social influence.

d

HT: habit.

e

FC: facilitation conditions.

f

HM: hedonic motivation.

g

PV: price value.

h

PEM: personal empowerment (second order).

i

PEM-PL: personal empowerment-professional logic.

j

PEM-CL: personal empowerment-consumer logic.

k

PEM-CCL: personal empowerment-community logic.

l

BI: behavior intention.

m

BIR: behavior intention to recommend.

n

PCHC: presence of chronic health condition.

o

Square root of average variance extracted.

p

N/A: not applicable.
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Use behavior is formed by 10 formative indicators, and its
assessment involves specific quality criteria. No collinearity
issues were detected in the total model with a variance inflation
factor (VIF) below 5 for all indicators. Besides not all the
indicators’ weights complying with the criteria of being

statistically significant, their outer loadings were all higher than
0.5, with some exceptions. Nevertheless, since all of the outer
loadings were statistically significant, we retained all of the
indicators in the model (see Table 5).

Table 5. Formative indicators for quality criteria.
Indicator

a

VIFa

Loading

Weight

Loading P value

Weight P value

UBbf1: What is your actual frequency of use of mHealthc 2.10
to collect biometric data for medical follow-up?

0.74

0.21

<.001

.007

UBf2: What is your actual frequency of use of mHealth
to collect biometric data related to well-being (fitness
apps)?

1.68

0.84

0.45

<.001

<.001

UBf3: What is your actual frequency of use of mHealth 1.94
to access a patient portal (eg, manage appointments, results of clinical analysis, application for online prescription)?

0.77

0.34

<.001

<.001

UBf4: What is your actual frequency of use of mHealth
to monitor therapeutic compliance/adhesion (prescribed
drugs/medicine intake follow up)?

2.01

0.53

–0.06

<.001

.43

UBf5: What is your actual frequency of use of mHealth 1.86
for scientific observational studies (eg, medicine, app, or
innovative treatment trial)?

0.52

0.07

<.001

.45

UBf6: What is your actual frequency of use of mHealth
for health information research?

1.80

0.64

0.11

<.001

.21

UBf7: What is your actual frequency of use of mHealth
for clinical screening and counselling?

2.04

0.64

0.17

<.001

.04

UBf8: What is your actual frequency of use of mHealth 1.90
for making remote medical consultations/appointments?

0.42

0.08

<.001

.34

UBf9: What is your actual frequency of use of mHealth
to request home medical consultation?

1.64

0.31

–0.14

<.001

.05

UBf10: What is your actual frequency of use of mHealth 1.81
to participate in peer support groups or online communities of patients?

0.46

0.07

<.001

.48

VIF: variance inflation factor.

b

UB: use behavior.

c

mHealth: mobile health.

Personal empowerment is designed as a reflective
formative–type higher-order construct [25,41]. We assessed its
multicollinearity according to the VIF, which indicated no

collinearity issues as the VIF varied from 2.44 to 2.76 (ie, <5),
and all of the weights were statistically significant and positive
(Table 6).

Table 6. Measurement model evaluation for the higher-order formative constructs personal empowerment.

a

Constructs

VIFa

Weight

P value

Personal Empowerment - Community Logic

2.44

0.38

<.001

Personal Empowerment - Consumer Logic

2.76

0.32

<.001

Personal Empowerment - Professional Logic

2.61

0.41

<.001

VIF: variance inflation factor.

These same assessments were also applied separately to the two
groups under analysis (with and without a chronic health
condition), as shown in Multimedia Appendix 3. Considering
the results, we concluded that all of the constructs were suitable
to test the conceptual model.
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Structural Model
Before assessing the structural model, we first tested the
multicollinearity of all constructs based on the VIF. All VIF
values were below the threshold of 5, ranging from 1.00 to 2.73,
indicating the absence of multicollinearity among the variables.
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The structural model path significance levels were estimated
using bootstrap resampling with 5000 iterations to achieve the
maximum possible consistency in the results. The R2 value was
used to assess the structural model. The total model explained
66% of the variance in behavior intention, 54% of the variance
in use behavior, and 70% of the variance in behavior intention
to recommend.
We performed a PLS multigroup analysis to analyze the two
groups in our sample. However, the results obtained were not
globally statistically significant. Nevertheless, analysis of the
two groups independently demonstrated some significant
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differences with comparison. Behavior intention explained a
higher percentage of the variance in the model for the patients
with chronic health conditions than for the healthy group (74%
vs 65%), whereas higher variance for use behavior and
behavioral intention to recommend was found for the healthy
group than for the chronic conditions group (63% vs 51% and
75% vs 62%, respectively). Table 7 summarizes the detailed
structural model results (R2, path coefficients significance, and
significance between groups).
Figure 2 and Figure 3 show the structural model results of the
total model and for each group, respectively.
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Table 7. Structural model results.
Dependent/inde- β
pendent variables

t value

Total

CHPa

WCHCb

CHCP –
WCHC

Total

R2 (%)
CHCP

WCHC

CHCP –
WCHC

BIc
PEd

.29**

.46**

.22**

.19

5.13**

5.20**

3.13**

1.68

EEe

–.11

–.15

–.05

.15

1.76

1.43

0.71

1.07

SIf

.02

–.10

.11

.04

0.38

1.79

1.36

0.43

HTg

.39**

.35**

.37**

.12

5.68**

3.23**

4.20**

0.84

FCh

.04

.16

.00

.07

0.56

1.42

0.06

0.46

HMi

.05

–.10

.10

.16

0.87

1.01

1.51

1.25

PVj

.10

.11

.12

.11

1.74

1.26

1.69

1.04

PEMk

.18*

.23*

.11

.02

2.55*

2.47*

1.10

0.14

Age

–.04

–.03

–.03

.00

1.06

0.54

0.70

0.00

Gender

.02

.00

.03

.04

0.64

0.09

0.79

0.55

Education

.04

.02

.02

.00

1.06

0.27

0.36

0.02

UB1
HT

.47**

.26

.54**

.23

6.16**

1.67

6.09**

1.40

FC

.04

–.01

.09

.14

0.68

0.13

1.44

1.17

**

*

**

PEM

.17

.19

.16

.01

2.62

1.44

2.19

0.04

BI

.15

.27

.09

.23

1.83

1.76

0.96

1.38

Age

–.04

–.20*

.07

.26

0.72

2.44*

1.26

2.87**

Gender

.02

.06

.00

.07

0.47

0.81

0.06

0.74

Education

.10*

.10

.05

.05

2.33*

1.12

0.92

0.56

BIRm

a

PEM

.26**

.34**

.23**

.09

4.67**

3.49**

3.56**

0.85

BI

.58**

.42**

.65**

.11

9.17**

4.19**

8.26**

0.82

UB

.08

.09

.06

.15

1.56

0.43

0.99

1.43

Age

–.01

.00

–.03

.03

0.35

0.02

0.83

0.40

Gender

.01

.01

.00

.01

0.37

0.17

0.06

0.10

Education

.04

.10

.03

.07

1.38

1.73

0.78

1.08

Total

CHCP

WCHC

66

74

65

54

51

63

70

62

75

CHCP: patients with chronic health conditions.

b

WCHC: without chronic health conditions.

c

BI: behavior intention.

d

PE: performance expectation.

e

EE: effort expectancy.

f

SI: social influence.

g

HT: habit.

h

FC: facilitation conditions.

i

HM: hedonic motivation.

j

PV: price value.

k

PEM: personal empowerment (second order).

l

UB: use behavior.
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m

BIR: behavior intention to recommend.
** P<.01, *P<.05; df (bootstrap)=4999.
Figure 2. Results of the structural model for the total sample. UTAUT: unified theory of acceptance and usage of technology; mHealth: mobile health.

Figure 3. Structural model results for the chronic health conditions patients (CHCP) group and the without chronic health conditions (WCHC) group
(in parentheses). Statistically significant relationships observed for both groups are presented in green. Significant relationships only in the WCHC
group are presented in red. Results with no significant relationship in either group are presented in black with ns.

Discussion
Principal Findings
The results of our study support development of the UTAUT2
model with constructs that are more specific to the health
https://mhealth.jmir.org/2020/7/e17588
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domain. Most of the constructs of UTAUT2 did not show
statistical significance in the sample analyzed in this study. In
contrast, an important role of personal empowerment was
revealed for the intention to use, use behavior, and behavior
intention to recommend mHealth. Further, the addition of
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behavior intention to recommend mHealth had a substantial
contribution to explaining the mHealth phenomenon with a high
R2 value. The mediation effect of effort expectancy on
performance expectancy influenced behavior intention,
demonstrating a relevant role to effort expectancy in the
understanding of mHealth. However, when focusing on the
group of patients with chronic health conditions, the results
were not as meaningful as expected, disclosing significance of
the independent variables only on behavior intention. These
results lead to an important concern that patients with chronic
conditions, who would more likely receive benefits from the
use of mobile technology to manage their health condition, not
only still do not use it as often as they could (mean use behavior
3.32, SD 0.84, range 1-7) but also their intention to use is not
a predecessor of use.

Theoretical Implications
According to the results summarized in Table 8, performance
expectancy and habit were predictors of behavior intention in
the total model and across the two groups analyzed (with and
without chronic conditions) with a positive statistically
significant impact, supporting H1(a) and 7(a). Previous studies
addressing the eHealth context reported similar results [15].
The impact of performance expectancy on behavioral intention
in the chronic conditions group was highly significant (β=.46,
P<.001), confirming our rationale that the expectancy of the
benefits obtained with the use of mHealth technology to manage
health strongly influences the intention of using it for patients
with chronic conditions. Nevertheless, the hypothesized
difference between groups related to performance expectancy
was not verified, thereby not supporting H1(b).
The predictor effect of effort expectancy has shown
contradictory results in previous studies [42,43]. In our sample,
the influence of effort expectancy on behavioral intention was
not statistically significant, thereby not supporting H2(a).
However, the proposed mediation effect of effort expectancy
for the influence of perceived effort on behavioral intention was
statistically significant, revealing a full mediation effect, since
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only the indirect effect of effort expectancy was significant [25],
which supports H2(b).
The personal empowerment construct that we included in the
model showed its importance to the study with a positive
statistically significant impact on behavior intention in the total
model and in the chronic conditions group. For use behavior,
this construct revealed a statistically significant positive impact
in the full sample and in the healthy group, and also had a
statistically significant positive impact in all three analyses
when related to behavioral intention to recommend, thereby
corroborating H10(a), H10(b), and H10(c). Nevertheless, the
expected difference between the chronic conditions and healthy
groups was not confirmed, thereby not supporting H10(d),
H10(e), and H10(f). This may also explain why hedonic
motivation and social influence were not found to have
significant effects (H3 and H4 not supported). Since personal
empowerment, as a second-order construct, has a
personal/consumer and a community logic, inclusion of these
concepts can better capture a model considering the health
context.
Our results do not support the influence of facilitation conditions
on behavioral intention or use behavior, thereby not supporting
H5(a) and H5(b), and the difference expected between groups
was also not verified, thereby not supporting H5(c) and H5(d).
This element suggests that the individuals in our sample consider
that the resources or knowledge to use mHealth are not an issue,
which is likely related to the current natural increasing access
to a mobile phone and mobile internet. According to the 2017
ANACOM mobile services report [6], the number of mobile
broadband users in Portugal reached 7.2 million, representing
an increase of 9.5% from the prior year.
Price value also did not show a significant effect in our sample,
thereby not supporting H6. The absence of influence could be
related to the Portuguese national health service universal
coverage concept, with health care services tending to be free,
but also with the fact that eHealth/mHealth models such as
teleconsultation are not yet very common in Portugal. Another
reason may be that benefits other than the price of the
technology are not being perceived by end users.
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Table 8. Summary of findings regarding the hypotheses.

a

Hypothesis

Path

β

t value

Result

1 (a)

PEa to BIb

.29

5.13**

Supported

1 (b)

(PECHCPc to BICHCP) - (PEWCHCd to BIWCHC)

.19

1.68

Not supported

2(a)

EEe to BI

–.11

1.76

Not supported

2(b)

EE to PE to BI

.27

4.47**

Supported

3

HMf to BI

.05

0.87

Not supported

4

SIg to BI

.02

0.38

Not supported

5 (a)

FCh to BI

.04

0.56

Not supported

5(b)

FC to UBi

.04

0.68

Not supported

5(c)

(FCCHCP to BICHCP) - (FCWCHC to BIWCHC)

.07

0.46

Not supported

5(d)

(FCCHCP to UBCHCP) - (FCWCHC to UBWCHC)

.14

1.17

Not supported

6

PVj to BI

.10

1.74

Not supported

7(a)

HTk to BI

.39

5.68**

Supported

7(b)

HT to UB

.47

6.16**

Supported

8(a)

BI to UB

.15

1.83

Not supported

8(b)

BI to BIR

l

**

.58

9.17

Supported

9

UB to BIR

.08

1.56

Not supported

10(a)

PEMm to BI

.18

2.55*

Supported

10(b)

PEM to UB

.17

2.62**

Supported

10(c)

PEM to BIR

.26

4.67**

Supported

10(d)

(PEMCHCP to BICHCP) - (PEMWCHC to BIWCHC)

.02

0.14

Not supported

10(e)

(PEMCHCP to UBCHCP) - (PEMWCHC to UBWCHC)

.01

0.04

Not supported

10(f)

(PEMCHCP to BIRCHCP) - (PEMWCHC to BIRWCHC)

.09

0.85

Not supported

PE: performance expectation.

b

BI: behavior intention.

c

CHCP: patients with chronic conditions.

d

WCHC: without chronic conditions.

e

EE: effort expectancy.

f

HM: hedonic motivation.

g

SI: social influence.

h

FC: facilitation conditions.

i

UB: use behavior.

j

PV: price value.

k

HT: habit.

l

BIR: behavior intention to recommend.

m

PEM: personal empowerment.
** P<.01, *P<.05; df (bootstrap)=4999.

In contrast to the UTAUT2 rationale, our results do not attest
to the influence of behavioral intention on use behavior, thereby
not supporting H8(a). The same conclusion was reached in a
study by Lim et al [44] on acceptance of using mobile phones
to seek health information by women in Singapore, which raises
the concern that behavior intentions are not translated in actual
use, but only on the intention to recommend, thereby supporting
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H8(b). This aspect is even more relevant when we consider only
the patients with chronic conditions in which none of the
independent variables showed statistical significance on use
behavior.
Our control variables were globally not statistically significant,
with the exception of a significant impact of age in the chronic
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conditions group. This outcome shows that younger individuals
tend to use mHealth more than older individuals [45]. In
addition, in the total sample, higher education levels were
associated with a higher level of use of this technology, which
is in accordance with expectations and in line with previous
research [16]. Gender was not statistically significant for any
group or dependent variable.
Overall, our results reinforce the importance of performance
expectancy and habit as drivers of technology acceptance, which
is aligned with previous studies, and specifically in mHealth
acceptance. Moreover, we found a significant effect of personal
empowerment, demonstrating the beneficial effect of adding
this aspect to UTAUT2 when analyzing the acceptance of mobile
technology in a health management context.

Health Policy Implications
The results of our study show that personal empowerment is a
key driver of mHealth. This suggests that governments
worldwide should focus more on patient-centric policies, with
more direct communication to the patients to promote their
empowerment as this will drive the adoption of mHealth.
Personal empowerment has been studied in many contexts and
with different levels of significance [46]. Our results show how
consumers truly value this aspect from the eHealth context. The
anticipated scarcity of human health care resources in the near
future emphasizes how critical it is to involve the patient in the
management of their own health, leading to a change of the
health care paradigm to a more predictive, personalized,
preventive, and participatory approach [47], which has been
promoted by emerging technologies. Owing to its proximity,
accessibility, and increasing diffusion, mHealth is one of the
privileged paths to foster this transformation, increasing not
only the interactivity between patients and health care providers
but also the engagement of individuals, underlining their active
and determinant role as key actors in their health management
cycle to help toward democratizing health care [48]. Currently,
mHealth users are diverse, being not only patients but also
general consumers who aim to be more informed and diligent
in every aspect of their life, particularly with respect to
health-related issues. Therefore, this aspect must be considered
as a primary driver to the integration of this technology as part
of health care systems.
Effort expectancy did not show significant predictive power as
a direct influencer of behavioral intention, which is in opposition
to the results of a UTAUT2 study and other previous studies
[43]. Nevertheless, effort expectancy had a strong mediator
effect on performance expectancy, indicating the need to provide
more information to the public about mHealth. Such clarification
refers to its applications and ease of use, and to reinforce its
role as a pivotal tool to ease the interaction and proximity
between patients and health care providers in such a way that
promotes its integration in health care management.
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Our research shows that mHealth technologies still have low
usage in Portugal, as demonstrated by the use behavior
descriptive statistics. Therefore, targeting early adopters and its
continuance of use can be one of the main strategies adopted to
increase the diffusion of mHealth technologies by fostering
word-of-mouth recommendation. This was attested by the
significant role of habit and the good results of behavioral
intention to recommend. This outcome shows that governments
and health care institutions should realize that the current users
of mHealth also play a role in the diffusion of mHealth tools.
Therefore, this aspect should be considered as part of the
promotion strategy that governments and health care institutions
implement to increase the adoption of mHealth tools.
Experts, clinical/managerial staff, and health care providers
should also be aware that behavior intention is only a proxy for
measuring technology acceptance [49]. More specifically, a
positive behavioral intention does not always translate into the
actual use of technology, as demonstrated in the present study.
The ease to operate a technology, health and eHealth literacy
level, belief in the importance of having an active role in one’s
own health management, and even the relationship with health
care providers [50] also have to be considered.
Another important topic to take in account is that the highest
risk group (ie, patients that are older and have chronic health
conditions [51]) demonstrated a lower use of mHealth. The
majority of the features showed higher usage rates in the
younger group (see Table 9) as expected; however, we would
like to highlight that older people (aged ≥55 years) mentioned
that they use mHealth more than the younger group to request
home medical appointments (UBf9) and to obtain information
about scientific studies and new treatments (UBf5). Clearly,
these two aspects show that older people with chronic diseases
are concerned about their health. This is intuitive as a chronic
condition gets worse with age [51], and patients will therefore
seek information about treatments with increasing age, which
also impacts their mobility so that remote appointments are a
good solution [51]. From a standpoint of health policy, by
addressing these topics to the older population in a more
effective manner, such as by promoting and providing support
for the use of remote medical consultations, the problem of lack
of mobility for the older population with chronic conditions can
be solved while also allowing for more effective management
of health care resources in the future that will become
increasingly scarce to manage the growing increase of chronic
diseases related with aging [3]. For example, with the
COVID-19 outbreak, it is even more critical to make sure that
older people with chronic health conditions remain at home in
isolation [52,53]. Nevertheless, this population still needs to be
in contact with health care providers; therefore, communication
and remote home medical appointments are excellent options
to keep these high-risk people safe via mHealth.
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Table 9. Median use behavior (UB) formative indicators in patients with chronic conditions according to age.
UB formative indicators

Younger patients (<55 years; n=44), median

Older patients (≥55 years; n=80), median

UBf1: What is your actual frequency of use of
mHealth to collect biometric data for medical
follow-up?

4.00

3.00

UBf2: What is your actual frequency of use of
4.00
mHealth to collect biometric data related to wellbeing (fitness apps)?

3.00

UBf3: What is your actual frequency of use of
6.00
mHealth to access a patient portal (eg, manage
appointments, results of clinical analysis, application for online prescription)?

5.00

UBf4: What is your actual frequency of use of
4.00
mHealth to monitor therapeutic compliance/adhesion (prescribed drugs/medicine intake follow
up)?

3.00

UBf5: What is your actual frequency of use of
mHealth for scientific observational studies (eg,
medicine, app, or innovative treatment trial)?

2.00

3.00

UBf6: What is your actual frequency of use of
mHealth for health information research?

5.00

5.00

UBf7: What is your actual frequency of use of
mHealth for clinical screening and counselling?

3.50

3.50

UBf8: What is your actual frequency of use of
mHealth for making remote medical consultations/appointments?

1.00

1.00

UBf9: What is your actual frequency of use of
mHealth to request home medical consultation?

1.00

1.50

UBf10: What is your actual frequency of use of
mHealth to participate in peer support groups or
online communities of patients?

2.00

2.00

Limitations and Future Research
One of the limitations of this study was the use of a convenience
sampling approach, which was limited to educational institutions
and patients’ associations, thereby restraining the extrapolation
of the results for the general population. The cross-sectional
design of the study, which did not allow to capture changes over
time, and the geographical circumscription are additional
limitations. Namely, mHealth is still at an early use stage in
Portugal, and the national health system, besides being in a
transition process, is still very “paternalistic,” meaning there is
a highly dependent relationship between health care
professionals and patients, which follows a model of care that
is strongly focused on institutions such as hospitals [54].
Therefore, future studies may benefit from a cross-country
comparison, ideally including countries at different stages of
mHealth adoption so as to explore better paths to increase the
use of mHealth. In this context, it would be very interesting to
develop a longitudinal study and add to the research experience
information, at least in a self-reported manner, and the
continuance of use constructs.
Additionally, regarding the extension of UTAUT2, application
of the moderation effects of the original model, such as
experience considering that habit had a significant impact on
the dependent variables, or even the exploration of new effects,
could improve the explanatory power of the model. Our research
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goal focused on understanding whether having a chronic
condition/disability would influence the acceptance drivers of
mHealth. However, we only collected this information as a
binary coded variable, without details on the type or severity.
Therefore, future researchers could develop this perspective
with more detail. Another important topic in future studies
would be to increase the sample size, particularly in the group
of patients with chronic diseases, because age (as a control
variable) had a significant effect in use for this group. Patients
with chronic diseases have a higher risk at older age [3]. A
relevant sample size (eg, ≥100 individuals per age group) [25]
could allow for conducting a subgroup analysis between older
and younger patients with chronic conditions.

Conclusion
mHealth technologies are suggested as one of the privileged
means to address emerging problems in health care, including
the need to improve access to health services, regardless of time
and place [27]. Governments worldwide are concerned about
the increased prevalence of chronic diseases and age-related
diseases with regard to the potentially insufficient human health
care resources available in the future to deal with this new
situation. Our study showed that promoting the engagement of
patients in their own self-care via mHealth can be a viable
solution for this problem [27]. In addition, mHealth can present
a viable solution for high-risk patients such as older patients
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with chronic diseases that need to be in isolation to protect them
from infectious diseases like COVID-19 [52,53]. These patients
can be reached by health care providers remotely using mHealth.
The primary goal of this study, using a novel theoretical model,
was to explore and understand individual mHealth acceptance
drivers, and to further explore if having a chronic health
condition influences these drivers. The tested model incorporates
an extension of UTAUT2 with personal empowerment and
behavior intention to recommend constructs, and established a
new mediation effect between perceived effort and behavior
intention through effort expectancy.
The study was conducted in Portugal with a sample of 322
individuals recruited from educational institutions and patients’
associations, and the model explained 66% of the variance of
behavior intention, 54% of use behavior, and 70% of behavioral
intention to recommend. Performance expectancy and habit
emerged as predictors of behavior intention in the total model
and across the two groups analyzed (those with and without
chronic health conditions). Effort expectancy had a significant
effect on the influence of perceived effort to behavior intention,
revealing the impact of this construct. In the chronic conditions

Salgado et al
group, the percentage of behavior intention variance explained
by the model was higher than that obtained in the healthy group
(74% vs 65%), whereas the percentages for use behavior and
behavior intention to recommend were higher in the healthy
group than in the chronic conditions group (63% vs 51% and
75% vs 62%, respectively). The personal empowerment
construct had a significant effect on behavior intention in the
total model and for the chronic conditions group. Personal
empowerment had a positive impact on use behavior in the total
sample and the healthy group, and had a significant effect on
behavior intention to recommend for the total sample as well
as in each of the two groups.
Overall, our findings show that by using constructs that are
specifically health-related, namely personal empowerment as
a second-order construct, we achieved a model that could offer
a better explanation of mHealth acceptance drivers. With this
study, we advance the perspective of technology acceptance at
the individual/patient level, thereby reinforcing the existing
knowledge and highlighting the need for further research to
develop more evidence-based theories in this field.
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Abstract
Background: Using a mobile health (mHealth) intervention consisting of a smartphone and compatible medical device has the
potential to enhance chronic obstructive pulmonary disease (COPD) treatment outcomes while mitigating health care costs.
Objective: This study aims to describe the demographics, use, and access to smartphones of patients with COPD. It also aims
to explore and develop an understanding of potential facilitators and barriers that might influence patients using mHealth
interventions for COPD management.
Methods: This was an explanatory, sequential mixed methods study. Patients who attended respirology clinics completed a
questionnaire on technology access and use. We conducted semistructured individual interviews with the patients. Interview
topics included the following: demographics, mHealth use, perceptions toward challenges of mHealth adoption, factors facilitating
mHealth adoption, and preferences regarding features of mHealth interventions for COPD management.
Results: A total of 100 adults completed the survey but 22 participants were excluded because they were not diagnosed with
COPD. Of these, 10 patients with COPD participated in the interview. The quantitative component revealed that many patients
with COPD owned a mobile phone, but only about one-fourth of the participants (18/77, 23%) owned a smartphone. The likelihood
of owning a smartphone was not associated with age, sex, marital status, or geographical location, but patients with high educational
status were more likely to own a smartphone. The qualitative component found that patients with COPD, in general, had a positive
attitude toward mHealth adoption for COPD management, but several facilitators and barriers were identified. The main facilitators
of mHealth adoption are possible health benefits for patients, ease of use, educating patients, and credibility. Alternatively, the
barriers to adoption are technical issues, lack of awareness, potential limited uptake from older adults, privacy and confidentiality
issues, finances, and lack of interest in mHealth
Conclusions: It is important to understand the perceptions of patients with COPD regarding the adoption of innovative mHealth
interventions for COPD management. This study identifies some potential facilitators and barriers that may inform the successful
development and implementation of mHealth interventions for COPD management.
(JMIR Mhealth Uhealth 2020;8(7):e17409) doi:10.2196/17409
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mhealth; COPD; health technology; smartphone; mobile phone

http://mhealth.jmir.org/2020/7/e17409/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17409 | p.217
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Although chronic obstructive pulmonary disease (COPD) is a
preventable and treatable disease, it is currently the third leading
cause of death worldwide [1,2]. According to the Canadian
Institute for Health Information, COPD now accounts for the
highest rate of hospital admission and readmission among major
chronic illnesses in Canada [3]. The Conference Board of
Canada has stated that the combined direct and indirect costs
of COPD will increase from just under Can $4 billion (US $2.93
billion) in 2010 to Can $9.5 billion (US $6.96 billion) by 2030,
an increase of 140% [4]. These costs include direct costs
(including drugs, hospitals, and physicians) and indirect costs
(including long-term disability losses and mortality). Advances
in technology have the potential to enhance both
pharmacological and nonpharmacological interventions for
COPD management.
This surge in computing power and mobile connectivity has led
to the inception of mobile health (mHealth), which can transform
clinical research and health care [5]. mHealth is defined by the
National Institutes of Health as the “use of mobile and wireless
devices to improve health outcomes, healthcare services, and
health research.” An mHealth intervention could also include
the use of a medical device that is compatible with a smartphone.
Previous research suggests that mHealth interventions may
benefit patients with many chronic health conditions, including
COPD [6]. Some of these benefits include improving the
knowledge about COPD, increasing physical activity, and
reducing exacerbations [7-9]. Alwashmi et al [6] noted that the
current literature on the role of smartphones in reducing COPD
exacerbations is limited, but they suggest that smartphone
interventions may reduce COPD exacerbations. To potentially
enhance the adoption and outcome of mHealth interventions,
key users should be involved in the development of these
interventions.
The International Organization for Standardization (ISO)
9241-210 defines human-centered design (HCD) as “an
approach to systems design and development that aims to make
interactive systems more usable by focusing on the use of the
system and applying human factors/ergonomics and usability
knowledge and techniques” [10]. The ISO uses the term HCD
instead of user-centered design to “address impacts on a number
of stakeholders, not just those typically considered as users”
[10]. However, in practice, these terms are often used
synonymously.
Many researchers use mHealth to assist in the management of
chronic diseases; nevertheless, gaps still exist regarding the
development process of these mHealth interventions [11].
Testing mHealth interventions with patients has revealed
preferences and concerns unique to the tested population
[12-14]. Developing a COPD mHealth intervention with insights
from patients will potentially improve the process and outcome
of mHealth interventions.
Patient perspectives toward using mHealth for COPD
management are relatively unexplored [11,15]. A recent
meta-analysis on the remote monitoring of patients with COPD
concluded that some interventions may prove to be promising
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in changing clinical outcomes in the future, but there are still
large gaps in the evidence base [16]. Noah et al [16] suggested
that adding a qualitative component would give researchers
insight into which elements best engage and motivate patients
and health care professionals (HCPs).
To improve the success of mHealth interventions that target
patients with COPD, we included patients in the development
process. The lessons learned will bridge the knowledge gap
between barriers and facilitators for mHealth uptake in COPD
management. Key lessons learned will be offered as a guide for
research and technology developers who are developing mHealth
interventions for COPD management [12,14,17]. Furthermore,
before implementing mHealth interventions, it is important to
understand the use of and access to mHealth.

Methods
Purpose
This study aimed to describe the demographics, use, and access
to smartphones of patients with COPD. It also aimed to assess
whether demographic factors predict engagement with mHealth
and to explore and develop an understanding of potential
facilitators and barriers that might influence patients using
mHealth interventions for COPD management.

Study Design
First, participants completed a questionnaire about technology
use and access. The findings from the questionnaire were used
to develop the sample and questions for the qualitative phase
[18]. A subset of participants were interviewed to provide deeper
insights into technology access and use among patients with
COPD. In this study, the quantitative component was fully
completed before the design and implementation of the
qualitative component. The results of the quantitative component
were used to define the qualitative sample.

Ethical Considerations
Ethical approval for this study was obtained from the
Newfoundland and Labrador Health Research Ethics Authority
(HREB-2017-194). Before agreeing to participate, all subjects
were informed about the nature of the research project, possible
risks and benefits, and their rights as research subjects. All
participants in the interview completed a written consent form
and were given a copy.

Quantitative Phase
The quantitative phase aimed to describe the demographics,
use, and access to smartphones among patients with COPD. It
also aimed to assess whether demographic factors predicted
engagement with mHealth. The results were used to define the
qualitative sample and create the questions required for the
qualitative phase.

Recruitment and Study Setting
Participants were recruited during routine visits to their
respirologists at outpatient respirology clinics in St John’s,
Newfoundland and Labrador, Canada. There are 3 clinics in the
city. Participants were eligible for the study if they met the
following inclusion criteria:
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2.
3.
4.

A COPD diagnosis (self-report).
Aged ≥30 years at study enrollment.
Ability to answer questionnaires in English.
Ability to provide informed consent.

Patients who attended respirology clinics received a consent
cover letter for research. The cover letter included a
questionnaire about technology access and use (Multimedia
Appendix 1). After reading the cover letter, interested
participants completed the questionnaire and submitted it in a
locked box (red box) available at the respirology clinic.
The last section of the questionnaire included a question about
the participant’s interest in participating in an interview
regarding the same topic. Interested participants provided their
contact information and placed it in another box (blue box)
located at the respirology clinic.
We separated the contact information from the questionnaire
to ensure that the questionnaire was kept anonymous. Each
questionnaire had a unique identifier. Only the primary
investigator was able to link the questionnaire with the contact
information. The sample size (n=77) is comparable to that
reported by Granger et al [19] and Kayyali et al [20] who
assessed the use of technology among patients. Patients did not
receive remuneration for completing the questionnaire.

Data Collection
The questionnaire was adapted from Ramirez et al [21] to assess
how patients use various types of mobile technology and to
what extent they use mHealth. In addition, the questionnaire
was used to assess the need for and interest in using mobile
health technology, such as mobile phone apps and social media,
to help manage health. Similar to Ramirez et al [21] the
questionnaire was not validated due to the lack of standardized
instruments regarding the use and access to mHealth; however,
the questions were consistent with previously published
literature in the field.
The questionnaire also included demographic information such
as age, sex, race, ethnicity, primary language spoken, annual
household income, and education level. In addition, participants
were asked about their mobile phone ownership and if their
mobile phone had internet capabilities. They were also asked
if they used the internet on their mobile phones to learn about
their health. Afterward, the participants were asked about their
knowledge of mobile phone apps, if they used such apps, and
if they were currently using any mobile health apps. In addition,
participants identified individuals who they might rely on to
use mobile phones and/or mobile apps for them (eg, partner,
child, friend).

Statistical Analysis
A database of the questionnaire results was created using unique
nonidentifying
numbers.
The
information
was
password-protected. Before conducting the analysis, data were
cleaned, coded, and entered into SPSS version 25.0 (IBM
Corporation). Unclear or incomplete survey items were flagged
for queries. These were brought to the attention of the research
team, then each item was discussed, and a decision concerning
its eligibility and entry was made.
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Baseline characteristics of participants were summarized with
percentages for categorical variables and means and standard
deviations for continuous variables. Crude and adjusted odds
ratios were measured using univariate and multivariable logistic
regression analyses to determine if smartphone ownership was
independently associated with age (30-64 years/65 years or
older), sex (female/male), marital status (in a relationship/not
in a relationship), education level (less than high school/high
school/more than high school), and geographical location (rural
area/small population center/medium or large population center).
All these variables have a known association with smartphone
ownership and have been previously reported in the literature
[22]. All statistical tests were performed with an alpha
significance level of .05.

Qualitative Phase
We used a descriptive qualitative research design grounded in
pragmatism [23,24]. Using a qualitative methodology allowed
us to achieve an in-depth, contextualized picture of how a
diverse sample of patients with COPD think and feel about the
possibilities and challenges of using mHealth. This has
pragmatic value, as mHealth is an emerging option for delivering
health care.

Recruitment and Study Setting
Once all the questionnaires were collected and analyzed, we
only contacted participants who agreed to participate in the
interview. On the bases of the demographic information
collected from the questionnaire, a purposeful sampling strategy
was used to identify key informants who could provide rich and
diverse interview data. We also used a criterion-based selection
[24] so that we could categorize participant characteristics such
as age, familiarity with mHealth, smartphone ownership, and
years living with COPD.
After interviewing 7 to 8 patients, we reached saturation, as we
were not gathering new information. However, we continued
interviewing until 10 patients were interviewed to strengthen
the validity of inferences [25]. Our final sample size was
comparable with similar qualitative studies [15,26].
The study was conducted in St John’s, Newfoundland and
Labrador, Canada. We conducted interviews at the Memorial
University of Newfoundland and others at the participants’
homes. Participants were recruited from April to August 2018.
After completing the interviews, participants were offered a gift
card (Can $30 [US $1.3]).

Data Collection
We conducted individual semistructured interviews to gain an
understanding of the lived experiences of patients with COPD
in relation to using mHealth [27,28]. Using semistructured
interviews allowed the interviewer to begin with a broad
question to direct the focus of the interview and then to provide
an opportunity for patients to bring forth their thoughts and
feelings about the phenomena they thought were important
[27,28]. The interview prompts are available in Multimedia
Appendix 2. If participants identified that they had not used
mHealth, they were asked questions pertaining to why they had
not used mHealth (barriers). However, we did not ask them
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about facilitators because we did not think they had the
experience needed to answer these questions. To facilitate
discussions, the interviews were conversational in nature, and
items were not asked verbatim or in the order presented. As the
study progressed, emerging issues were explored with
subsequent participants to refine the themes.

from the point of view of the patients. In addition, inductive
analysis was also used to search for new ideas not mentioned
by the HCPs. The iterative process continued as these analyses
were conducted to find commonalities, differences, and new
patterns in thinking.

The interview questions and prompts were informed by findings
from the literature and input from the authors, who have diverse
backgrounds including in mHealth, pharmacy, nursing,
medicine, respirology, family medicine, education, and
qualitative research. They were also informed by interviewing
HCPs regarding the use of mHealth in COPD management [29].
Finally, the interview questions were informed by the results
of the quantitative phase.

In addition to the integration at the study design level, we
implemented integration at the methods, interpretation, and
reporting levels [35]. We implemented integration at the
methods level in 2 ways: connecting and building. Connecting
occurs when a researcher links one type of data to another type
of data through sampling [35]. In this study, we used data from
the questionnaire to purposefully sample participants for
follow-up interviews. Specifically, we were able to categorize
participant characteristics such as age, familiarity with mHealth,
smartphone ownership, and years living with COPD. Obtaining
information from a diverse group may generate a more complete
picture, reveal patterns that would otherwise go unnoticed, and
may also help identify novel relationships between variables
and concepts [18]. Building occurs when one database informs
the data collection approach of the other [35]. In this study, we
used the questionnaire responses to develop some aspects of
the interview guide. This allowed us to gain further insights
regarding mHealth use. For example, knowing if patients used
mHealth in the past was helpful in understanding the facilitators
of mHealth adoption.

The interviews were recorded to enable transparent and accurate
transcriptions. Interview lengths ranged from 20 to 40 min.
Topics included demographics, mHealth usage, perceptions
toward challenges of mHealth adoption, factors facilitating
mHealth adoption, and preferences regarding features of the
mHealth intervention for COPD management. Owing to the
large amount of data, preferences regarding features of the
mHealth intervention will be published in another article. Data
consisted of about 4 hours of interview time with approximately
100 pages of transcription.

Data Analysis
The interviews were transcribed verbatim and compared against
the digital recordings to ensure the accuracy of the content.
Identifying information (names) was removed to ensure
anonymity. We used NVivo (version 12; QSR International) to
organize the data and examine the words, including frequency
counts, as in classical content analysis [30]. All data were
analyzed, but we only coded the data that were relevant for
answering the research questions, as recommended by Saldana
[31], Wolcott [32], and Yin [33]. An audit trail was created to
keep track of all analytic decisions [34].
After using NVivo, we used first cycle coding that was both
structural and holistic [31], meaning that we used the interview
prompts and the literature to guide some of the coding. One
researcher analyzed the transcripts and developed a set of themes
and subthemes and then obtained input from a second researcher.
In the second cycle of coding, the 2 researchers independently
coded the data using pattern coding to develop themes [31].
They then discussed commonalities and differences in their
coding and theme development until consensus was reached.
Qualitative data analysis is mainly inductive as the researcher
does not approach the data with a pre-existing hypothesis that
is meant to be supported or refuted. Instead, the researcher reads
and rereads the data, using specific information to generate more
general ideas that may take the form of themes or explanations.
For this study, we had already analyzed data from health care
providers [29]. We used a deductive approach to look for patient
data that would either support or disconfirm the HCP results
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Furthermore, we implemented integration at the interpretation
and reporting levels. We used both integrations through
narratives and the use of a joint display [35,36]. Integration
through a narrative occurs when a researcher describes the
quantitative and qualitative findings in a single report or series
of reports [35]. In this paper, we described the findings in a
single report and used the contiguous approach, in which
qualitative and quantitative findings are reported in different
sections. Finally, we used a joint display to provide a structure
to discuss the integrated analysis [36].

Results
A Cross-Sectional Survey of Patients
Demographics
A total of 100 adults completed the survey from January to
November 2018. Only 77 participants reported that they were
diagnosed with COPD and were included in the analysis. Table
1 provides an overview of the demographic and health
information of the sample. Table 1 indicates that most
participants were aged 55 years or older, and 61.5% had an
annual income of less than $40,000. About 70% had earned at
least a high school diploma, and there was a mixture of rural
and urban participants. Participants had a range of comorbidities,
and almost 65% were taking 5 or more medications.
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Table 1. Participant demographics and health information (N=77).
Variables

Values, n (%)

Age (years; n=77)
30-34

2 (2.6)

45-54

3 (3.9)

55-64

15 (19.5)

65 or older

57 (74)

Sex (n=74)
Female

44 (59.5)

Male

30 (40.5)

Marital status (n=74)
Married

44 (59.5)

Common law

6 (8.1)

Single (never married)

6 (8.1)

Widowed, separated, or divorced

18 (24.3)

Income (Can $; n=52)
Under 20,000

14 (26.9)

20,000-39,000

18 (34.6)

40,000-59,000

6 (11.5)

60,000-79,000

4 (7.7)

80,000-150,000

8 (15.4)

Over 150,000

2 (3.8)

Employment (n=68)
Employed full time

6 (8.8)

Employed part time

2 (2.9)

Self-employed

2 (2.9)

Retired

52 (76.5)

Unemployed

6 (8.8)

Education level (n=68)
Less than high school

14 (20.6)

High school equivalency (GED)

9 (13.2)

High school

25 (36.8)

College/trade

10 (14.7)

Bachelor’s degree

5 (7.4)

Master’s degree

4 (5.9)

PhD/MD/JD

1 (1.5)

Population size (n=71)
Rural area (with a population less than 1000)

18 (25.4)

Small population center (with a population between 1000 and 29,999)

23 (32.4)

Medium population center (with a population between 30,000 and 99,999)

6 (8.5)

Large urban population center (with a population of 100,000 or more)

24 (33.8)

Self-reported comorbiditiesa (n=65)
Cancer

18 (28.1)

Diabetes

15 (23.4)
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Values, n (%)

Heart disease

14 (21.9)

Skeletal or muscular disease

12 (18.8)

Kidney disease

4 (6.3)

Mental health issues

2 (3.1)

Medication intake (n=68)

a

None

2 (2.9)

1-2

10 (14.7)

3-4

12 (17.6)

4-6

16 (23.5)

More than 6

28 (41.2)

Some patients reported several comorbidities.

mHealth Technology Ownership
Table 2 illustrates the findings regarding mHealth technology
ownership. A total of 73% (56/77) participants owned a mobile
phone, but only about one-fourth of the participants, 23%
(18/77), owned a smartphone. The number of iPad or tablet
owners was slightly higher than that of smartphones at 33%
(25/77). In terms of the availability of a smartphone in the
household, 27% (21/77) participants stated that a person in the
household owns a smartphone. Although only 23% (18/77)
participants reported having a smartphone, 29% (22/77)
participants were able to access the internet via their phone,
suggesting a higher number of smartphones than initially
reported. About a third of participants 35% (27/77) owned a
blood pressure monitor, and 22% (17/77) participants owned a
glucometer.
Logistic regression was performed to ascertain the association
of age, sex, marital status, education level, and geographical
location with the likelihood that participants owned a
smartphone. Owing to missing observations, the true sample
used in the regression was 65 of 77.

We measured crude odds ratios to determine whether
smartphone ownership was independently associated with the
occurrence of predictor variables. The likelihood of owning a
smartphone was reduced in participants earning less than a high
school diploma (crude odds ratio [cOR] 0.11, 95% CI 0.02-0.64;
P=.01) and participants earning a high school diploma (cOR
0.14, 95% CI 0.04-0.5; P=.002) compared with participants
who received education beyond high school.
The logistic regression model was statistically significant,
χ27=15.8, P=.01. The model explained 30.4% (Nagelkerke R2)
of the variance in smartphone ownership and correctly classified
77% of cases. Sensitivity was 50%, and specificity was 89%.
Of the 5 predictor variables, only 2 were statistically significant,
and both were related to education level (as shown in Table 3).
The likelihood of owning a smartphone was reduced in
participants earning less than a high school diploma (adjusted
odds ratio [aOR] 0.12, 95% CI 0.017-0.86; P=.03) and
participants earning a high school diploma (aOR 0.13, 95% CI
0.03-0.54; P=.005) compared with participants who received
education beyond high school.

Table 2. Mobile health technology ownership (N=77).
Mobile health technology ownership

Values, n (%)

Mobile phone

56 (72.7)

Smartphone

18 (23.4)

iPad

25 (32.5)

Availability of a smartphone in the household

21 (27.3)

Internet access through a mobile phone

22 (28.6)

Spirometer/peak flow meter

4 (5.2)

Glucometer

17 (22.0)

Blood pressure monitor

27 (35.1)

Heart rate monitor

10 (13.0)

Accelerometer/activity counter

3 (3.9)

Scale

15 (19.5)

Thermometer

18 (23.4)
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Table 3. Logistic regression predicting the likelihood of smartphone ownership.
Variables

Adjusted odds ratio (95% CI)

P value

Crude odds ratio (95% CI) P value

30-64

2.24 (0.57-8.77)

.25

1.97 (0.65-6.04)

.23

65 or older

Reference

N/Aa

Reference

N/A

Female

2.10 (0.54-8.19)

.29

1.03 (0.36-2.94)

.95

Male

Reference

N/A

Reference

N/A

In a relationshipb

2.36 (0.494-11.29)

.28

1.63 (0.51-5.17)

.41

Not in a relationshipc

Reference

N/A

Reference

N/A

Less than high school

0.12 (0.02-0.86)

.03 d

0.11 (0.02-0.64)

.01 c

High schoole

0.13 (0.03-0.54)

.005 d

0.14 (0.04-0.50)

.002 c

More than high school

Reference

N/A

Reference

N/A

Rural area

0.50 (0.09-2.76)

.43

0.35 (0.08-1.47)

.15

Small population center

0.46 (0.11-1.92)

.29

0.61 (0.19-2.01)

.42

A medium population center or a large population center

Reference

N/A

Reference

N/A

Age (years)

Sex

Marital status

Education level

Population size

a

N/A: not applicable.

b

In a relationship includes being married or in common law.

c

Not in a relationship includes being single, widowed, separated, or divorced.

d

Significance level <.05.

e

High school includes General Educational Development.

mHealth Technology Use
Table 4 highlights the findings related to mHealth technology
use. Only a third of the participants 29% (20/77) understood
the term “app.” Of these, 50% (10/20) used apps. Among app
users, only 3/10 participants used health apps, and 7/10
participants were interested in using a health app. Six app users
said they would be comfortable allowing their family members
to access their health information, and 7 said they would be
comfortable with their HCP accessing their health care
information. The most common social media platform used was
Facebook 38% (29/77). Among users of social media, 45%
(13/29) reported using social media at least once a day.
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Participants completed questions about their concerns regarding
mHealth adoption. The first question was about concerns
regarding smartphones. The following 3 options were chosen
by participants: cost of smartphones 24.5% (21/77), reducing
face-to-face interactions 20.4% (10/77), and not easy to use
18.4% (9/77). Of the participants who used apps (n=10), the
following concerns about app use were chosen: worried about
personal information disclosure (n=6), extra fees to use the app
(n=3), apps use a lot of data (n=3), apps are not easy to use
(n=1), and I do not know if they are effective (n=1). No
participants chose “taking too much time to use” or “not
recommended by a health care provider” as a concern arising
from using apps.
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Table 4. Mobile health technology use.
Variables

Values, n (%)

Understood the term “app” (n=77)a
Use apps (n=20)

20 (26)

b

10 (50)

Use health apps (n=10)c

3 (30)

Interested in using health apps (n=10)

7 (70)

Comfortable allowing a family member to access health information (n=10)

6 (60)

Comfortable allowing a health care provider to access health information (n=10)

7 (70)

Social media use (n=77)
Facebook

29 (38)

Twitter

2 (3)

Instagram

2 (3)

Snapchat

1 (1)

Interested in using social media to share health experience (n=77)
Frequency of social media use (n=29)

a

9 (12)

d

Never

1 (3.4)

A few times a month

5 (17.2)

A few times a week

3 (10.3)

About once a day

7 (24.1)

More than once a day

13 (44.8)

Total study population.

b

Sample population that understood the term “app.”

c

Sample population that uses apps.

d

Sample population that uses social media.

Semistructured Interviews With Patients
We developed themes under 2 categories: facilitators and
barriers that would influence the feasibility and use of mHealth.
We have included details and examples to illustrate patients’

thoughts and beliefs. These findings expand on the barriers and
facilitators reported previously by health care providers who
treat patients with COPD [29]. Textbox 1 highlights the
facilitators and barriers reported by patients.

Textbox 1. The facilitators and barriers to mobile health adoption.
Facilitators
1.

There are possible health benefits for patients

2.

The software needs to be easy to use

3.

Patients need to be educated on the use of mobile health (mHealth)

4.

The credibility of mHealth needs to be evident

Barriers
1.

There are technical issues with mHealth

2.

Lack of awareness is a challenge

3.

There may be limited uptake from the elderly

4.

There are possible financial barriers

5.

There may be privacy and confidentiality concerns

6.

There was little interest in using an mHealth intervention
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Demographics
A diverse group of 10 patients with COPD participated in
face-to-face interviews. The mean age was 67.6 (SD 7.58) years,
and the range was from 51 to 80 years. There were 4 females
and 6 males. Participants stated that the mean number of years
living with COPD was 8.4 (SD 4.45), and the range was from
3 to 15 years.
Most patients expressed interest in using mHealth to assist in
the management of their COPD. In terms of smartphone
ownership, 6 participants owned a smartphone, 2 owned a
mobile phone, and 2 did not have either. Participants used their
phones for different purposes, including communication,
managing finances, gaming, and browsing the internet. One
patient stated “I use it for everything. I never thought I’d see
the day where I was dependant on my phone.” On the other
hand, another participant stated that she did not use her
smartphone beyond making phone calls: “I have a phone, but
I am not smart enough to use it.” Some participants used it to
monitor their physical activity: “I have a health thing on it and
I look at it every once in a while just to see how many steps
I’ve done that day because it...Improve health activity.” One
patient used his smartphone to “get pollen reports and anything
that will trigger a COPD attack...to do research on nutraceutical
products or on COPD-related matters.” Four participants were
enrolled in an mHealth intervention to manage their COPD.

Facilitators
Patients reported 4 facilitators, which are discussed below.
1. There Are Possible Health Benefits for Patients
Participants agreed that mHealth has the potential to provide
health benefits to patients. One patient who used a fitness tracker
remarked:
I think it’s better for me to track what I do every day.
It is going to make me feel better...That would help
me a lot with my pains...I know how my day was and
I know how I feel like.
Another patient who kept track of his vitals, weight, and
medication intake stated that:
if I had been monitored, I might not have this broken
arm...That should’ve been picked up on. I mean, I got
the records there and you look back on it, I can easily
look back on them now and say you had water
retention, your resting heart rate was way too high,
and your blood pressure was low. There’s something
wrong.
Two patients described that mHealth could provide a sense of
security and reduce hospitalization:
...it felt good to have that, you know, that security
there at least that in those four months that I had it.
So there was no guessing because you don’t know if
you should or you shouldn’t go to a hospital.
2. The Software Needs to Be Easy to Use
Usability was highlighted by many patients as an important
factor in increasing the uptake of mHealth. One patient
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cautioned that he might not use an intervention if it was not
easy to use:
I’m not getting into something that’s going to fill up
my day ferreting around. But if it’s something that
I’ve got to look at for five or ten minutes, I’m okay
with that.
Participants who were enrolled in an mHealth intervention
mentioned that there was “no trouble setting up. It’s all there,
so all you had to do is turn it on.”
3. Patients Need to Be Educated on the Use of mHealth
Patients learned how to use mHealth interventions via different
sources. The majority asked their family members for assistance
“...I’ll go to my 14-year-old who is generationally more apt to
be able to teach me a new technology.” This was also mentioned
by another patient who used a fitness tracker: “My nieces. They
buy it for me and they set it up for me and everything.” Other
patients taught themselves about mHealth interventions: “If I
can read it, I can learn it...I generally research it myself” or used
the library: “Also the libraries here will help you in any
programs.” One patient said that her “...own care worker helps
with it, I don’t know how to do it.” It was also recommended
by some that technical support staff be available as a resource
for patients to call when they needed technical help.
4. The Credibility of mHealth Needs to be Evident
Some patients thought that the credibility of mHealth needs to
be made evident. Some patients stated that they would use an
mHealth intervention if it was recommended by their HCP: “if
he told me that, I probably would try to do it.” This was
reiterated by a patient who regularly monitored his COPD:
“Doctor xx was the one that said to me...If you’re going to cope
with this and keep it under control, you’re going to have to learn
how to look after yourself.”

Barriers
Patients reported 6 barriers to mHealth adoption, which are
discussed below.
1. There Are Technical Issues With mHealth
A few patients expressed that they did not have the technical
expertise to use mHealth. One patient expressed his concern:
“I wouldn’t know how to turn a computer on. I’m not very
good... You know, I never grew up with computers, but I have
seen on.” This was reiterated by another patient: “It just looked
way too complicated to download the app so I didn’t because
I’m technology averse.” For patients who used mHealth,
technical issues included limited cellular and Wi-Fi connections:
“we travel out to the cabin every weekend and the cabin’s out
in central Newfoundland out in Terra Nova and now it’s getting
better now because these phone services getting better out
there.” Another issue was moving and setting up the mHealth
intervention components, such as a blood pressure monitor or
a scale, when traveling: “...it’s not a problem. But when you go
on vacation, sometimes you got to take this along with you and
set it up somewhere.”
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2. Lack of Awareness is a Challenge
Many patients indicated that a lack of awareness is a barrier to
mHealth adoption. One patient expressed this concern: “I’m
not aware of everything that’s out there, but people need to be
more aware of their COPD and know more about it.” In addition,
a family member, who accompanied her mother in the interview,
stated the following about her mother who has COPD:
I think it’s more she probably don’t know what her
phone can do, right. But if you say to her okay we’re
going to start using this, this is going to be useful and
it’s going to be beneficial I’m sure she’d be game for
it.
However, patients who participated in an mHealth intervention
stated that their HCP recommended mHealth interventions when
they were in the hospital or attended a community health event.
Another patient mentioned that “it was advertised and I called
in about it and they got in contact with me, set me up with it.”
3. There May Be Limited Uptake by the Elderly
A few patients mentioned that they face issues in adopting
technology because of their age. One patient stated, “I’m not
generationally born into technology that is prevalent and
considered a norm of the day.” This was also mentioned by
another: “I try but I’m a little bit nervous, sometimes I’ll ask
my daughter or someone else around because we didn’t grow
up with the phones as you do today.”
4. There Are Possible Financial Barriers
A few patients said they cannot afford the costs associated with
mHealth, such as the cost of a smartphone. One patient
expressed it this way: “there’s no way I’ll pay that money.”
Expenses incurred through the use of data were also discussed:
“it’s a bit expensive for like I’ve got no data right now because
it’s all extra.” In addition to individual patient costs, one patient
raised the concern of additional costs required by HCPs:
“doctors are not going to do that without a fee.” In addition,
some mHealth programs are limited to a certain period, which
may increase costs.
5. There May Be Privacy and Confidentiality Concerns
One patient thought privacy and confidentiality could be a
barrier to mHealth adoption. She was open to sharing the results
with an HCP but not to a family member: “I don’t want to make
them worry (her family) because I told them nothing about my
cancer... I don’t like to worry my family.” The rest of the
patients were willing to share the results with their family
members and HCPs: “I don’t care who sees it...They can put it
in the Evening Telegram, doesn’t bother me.” This was echoed
by another patient: “they (his family) watch over my shoulder
like nothing else now.”
6. There Was Little Interest in Using an mHealth
Intervention
Some patients indicated that a lack of interest in mHealth is a
major barrier to its adoption. One patient expressed this concern:
“I do try to help myself but when it comes to using the phone
and that stuff and the computer, it’s not for me.” This was also
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mentioned by another patient with limited technology
experience: “I know on smartphones you can dial, you can play
a game and some they can even watch movies probably, but I
got no interest.” Another patient mentioned that they are too
busy to include an mHealth intervention in their routine: “So
my day is pretty filled with different things. So remembering
is a problem. Sometimes I just say: To hell with it and I am not
going to do it. But remembering is probably the biggest thing.”
When patients use mHealth, they may share the results with
their HCP. This occurs if the mHealth intervention is not
integrated in the health care system. One patient posited that
some HCPs are not interested in reviewing the records brought
by patients: “And my sheet, he didn’t even look at it...That’s,
that’s depressing.”

Discussion
Principal Findings
We conducted an explanatory, sequential mixed methods study
with patients and identified their perceptions regarding the use
of mHealth for COPD management. The quantitative component
revealed that over 70% of patients owned a mobile phone, but
only about a quarter of the participants (18/77, 23.4%) owned
a smartphone. The likelihood of owning a smartphone was not
associated with age, sex, marital status, or geographical location.
However, patients with a high educational status were more
likely to own a smartphone. The qualitative component found
that patients, in general, had a positive attitude toward mHealth
adoption for COPD management, but several facilitators and
barriers were identified. It is important to promote facilitators
and address the barriers to optimize the successful
implementation of mHealth interventions.
Using a mixed methods approach allowed us to produce a
diverse sample of patients with COPD. The quantitative and
qualitative components complemented each other to improve
the validity of inferences and expand on why participants
answered quantitative questions in a certain way. For example,
the number of participants who stated that they had a smartphone
(n=18) was lower than the number of participants who accessed
the internet through their mobile phone (n=22), suggesting a
lack of understanding of what a smartphone is. This was further
explored during the interviews. Although some participants
owned a smartphone, their use was limited to making phone
calls and taking pictures. On the other hand, some participants
did not own a smartphone, but they were able to enroll in an
mHealth intervention and complete the program. As explained
by one patient, “Eastern Health sets you up with everything.
It’s so different, there’s nothing to it, it’s just hit the button, use
your device and it’s so easy to use.” This finding highlights the
need for education and confidence building among patients with
COPD.
We created a joint display (Table 5) to clarify some of the
barriers that were reported quantitatively. The table is organized
by survey items. It merges the related quantitative results and
provides typical comments from patients.
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Table 5. Joint display of barriers to mobile health adoption.
Quantitative results:
variables

Values, n
(%)

Qualitative results: exemplar quotes

Interpretation of mixed methods findings

Concerns regarding smartphones (N=77a)
Cost of smartphones 21 (27.3)

•
•
•

Not easy to use

9 (11.7)

•
•

“I can’t afford one (smartphone)”
“I’ve got no data right now because it’s all extra”
“we can always get one (smartphone)”

Costs include the cost of a smartphone and the data to
enable its functionalities. However, some patients
could afford to get a smartphone, or it could be provided by the health care system

“I wouldn’t know how to turn a computer on.
I’m not very good...”
“There’s nothing to it, it’s just hit the button,
use your device and it’s so easy to use”

Although some participants owned a smartphone, their
use was limited to making phone calls and taking pictures. On the other hand, some participants did not
own a smartphone, but they were able to enroll in a
mobile health intervention and complete the program.
This finding highlights the need for education and
confidence building among patients with COPDb

Concerns regarding app use (N=10c)
Worried about personal information
disclosure

6 (60)

•

•

a

“I don’t want to make them worry because I
There was inconclusive evidence regarding confidentold them nothing about my cancer...I just told tiality. Patients should have a choice in what to share
my sister a week before I had my surgery...I
and who should have access to their health information
don’t like to worry my family”
“I don’t care who sees it...They can put it in the
Evening Telegram, doesn’t bother me”

The total study population.

b

COPD: chronic obstructive pulmonary disease.

c

The sample population that uses apps.

Comparison With Prior Work
Our study provides a meaningful contribution to the literature,
as few prior studies have specifically examined the use of
mHealth among patients with COPD. It is important to note that
the published literature on mHealth access and use was focused
on general and largely healthy populations, with little attention
to individuals with chronic illnesses, such as COPD [37].
A study investigated smartphone ownership among the general
public and reported a high smartphone adoption rate of 76%
[20]. Ramirez et al investigated smartphone ownership in
primary care clinics and found a high adoption rate of 76%;
however, 96% of the participants were younger than 65 years.
Among patients with COPD from several locations in the United
States, we found lower smartphone adoption rates (47%), which
was double the rate reported in our sample [38]. The qualitative
data expand on this finding by clarifying that some smartphone
owners use their device in ways similar to mobile phone owners.
Knowing how to use the features of a smartphone, such as using
apps, is necessary for using the mHealth intervention. This
finding highlights the need for education and confidence
building among some smartphone users to help them use their
devices for COPD management.
Our logistic regression results support the claim that a lower
level of education is associated with limited access to mobile
devices [39-41]. Other researchers also found that the individuals
more likely to use health apps tended to be younger and have
higher incomes [38-41]. Our findings echo concerns about the
relationship between mHealth access and health disparities [38].
Limiting mHealth interventions to smartphone or tablet owners
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could disproportionately benefit highly educated and wealthy
individuals.
We also investigated the association between technology use
and geographical location. Although we did not find differences
between smartphone ownership among urban and rural patients
with COPD, a report suggests that individuals living in rural
areas are less likely to have smartphones than individuals not
living in rural areas [42]. Previous studies suggest that among
patients with COPD, living in rural areas was associated with
a worse health status [43,44]. The authors suggest that the higher
prevalence of COPD in rural areas could be linked to an
increased proportion of older residents, a shortage of HCPs, the
underuse of spirometry and pulmonary rehabilitation, and
problems with access to medical care [43,44]. Limited access
to smartphones may further exacerbate health disparities for
rural patients [38].
Similar to Kayyali et al [20], the majority of the participants
were open to data-sharing options with an HCP through mHealth
apps. Nevertheless, Kayyali et al [20] stated that data sharing
can be ineffective if the participant is not honest or if data
sharing is overused.
Some of the findings presented in this study confirm previously
reported findings in the context of mHealth for COPD
management. Our findings are in agreement with those of
Vorrink et al [45], who stressed the importance of training
patients and HCPs on the proper use of mHealth. As suggested
by Korpershoek et al [15], we confirm that the expected benefits
of using mHealth contribute to the success of mHealth uptake,
and our study provides additional insight regarding these
perceptions, such as on the ease of use, educating patients about
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17409 | p.227
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mHealth, and the importance of credibility. Our findings echo
some and add to the barriers reported by Krebs and Duncan
[39], which include technical difficulties and a lack of interest.
We included quotes from participants to expand on these
insights.
In comparison with the facilitators reported by HCPs, patients
had 4 parallel facilitators: there are possible health benefits for
patients, the software needs to be easy to use, patients need to
be educated on the use of mHealth, and the credibility of
mHealth should be evident [29]. The only facilitator that was
not mentioned by patients is that mHealth should reduce the
cost to the health care system. On the other hand, patients had
5 parallel barriers with the HCPs: there are technical issues with
mHealth, lack of awareness is a challenge, there may be limited
uptake from the elderly, there are possible financial barriers,
and there may be privacy and confidentiality concerns [29]. The
possibility of mHealth limiting the personal connection between
HCPs and patients was not mentioned as a barrier by patients.
Furthermore, one new barrier emerged from interviewing
patients; there was little interest in using mHealth interventions.
Our findings and the limited literature on this matter emphasize
the need for further research into the use of mHealth in COPD
management.

Strengths and Limitations
This study has several strengths. First, we used a mixed methods
approach to produce a diverse sample of participants. This
human-centered approach ensures that the needs and challenges
of a diverse group of patients can be considered before
developing an mHealth intervention. Second, some patients had
experience in using mHealth interventions to manage their
COPD, which further increases the richness of the data. Third,
all the interviews were conducted in a similar manner to ensure
consistency during data collection and analysis. Finally, we
recruited patients with COPD from outpatient respirology
clinics. This has led to the capture of a well-characterized cohort
of individuals with COPD.
There were also several limitations. First, the number of patients
who completed the survey was relatively small. However, all
efforts were made to recruit as many participants as possible
and facilitate the completion of the survey. Owing to the small
sample size, regression coefficients may have been imprecisely
estimated. However, the age of the sample was reflective of a
representative sample of patients with COPD in Canada who
were recruited from a respirology clinic [46]. Furthermore, the
main objective of the survey was to obtain a diverse sample of
patients with COPD for the qualitative phase. Second, not all
patients had experience using mHealth. Thus, the perceptions
of these participants were not based on actual interventions with
patients. Third, conducting focus groups with some of the
participants following the individual interviews could have
yielded richer information, as participants would have been
given the opportunity to compare their thoughts and confirm or
expand upon each other’s ideas. Fourth, there were no questions
in the quantitative survey about facilitators of mHealth uptake.
Including this topic would have been beneficial, as it could have
been expanded upon when conducting the interviews.
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Implications for Practice and Future Research
The findings of this study may help various stakeholders who
are planning to use mHealth interventions for COPD
management. It is important to consider the low rate of
smartphone use among patients when implementing an mHealth
intervention for COPD management. Some lessons learned
include the importance of raising awareness among patients
regarding the potential of mHealth interventions in COPD
management. Family members could play a significant role in
raising awareness as well as in teaching patients with COPD
about mHealth. The findings also emphasize the importance of
developing a user-friendly mHealth intervention. This could
reduce the time and resources required to teach patients about
the mHealth intervention. The lack of an internet connection
could limit access to mHealth interventions. This should be
taken into consideration when measuring access to health
resources in rural communities. Some of the barriers and
facilitators have the potential to be applied to other chronic
diseases. For example, these findings could be beneficial for
stakeholders who plan to develop a mHealth intervention for
heart failure or diabetes.
mHealth is particularly important in geographical locations with
a relatively large proportion of rural residents such as
Newfoundland and Labrador. Of the Atlantic provinces, NL
has the highest proportion of its population (60%) living in rural
areas [47]. mHealth may enhance care provider access
throughout sparsely populated rural areas. Newfoundland and
Labrador has a substantial remote and rural population;
therefore, our results may be more applicable to rural areas.
Future studies would benefit from conducting focus groups with
some of the participants following individual interviews. Focus
groups could yield rich information, as participants would be
given the opportunity to compare their thoughts and confirm or
expand upon each other’s ideas. After developing a
user-centered mHealth intervention, the authors recommend
using a mixed methods framework for usability testing [48].
Additional trials will be required to provide data regarding the
efficacy and cost-effectiveness of mHealth interventions in
COPD management.

Conclusions
It is important to understand access to mHealth among patients
with COPD and their perceptions regarding the adoption of
mHealth for COPD management. Despite the rise in smartphone
adoption, the rate of adoption among patients with COPD
remains to be low. Additionally, it is important to consider that
owning a smartphone does not mean that one has the ability to
use it for mHealth. This finding highlights the need for education
and confidence building among some smartphone users to be
able to use their devices for COPD management. This study
identifies some potential facilitators and barriers that may inform
the successful development and implementation of mHealth
interventions for COPD management. We recommend that those
who develop mHealth interventions for COPD should consider
the facilitators and barriers highlighted in this study.
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Abstract
Background: Swallowing difficulties (ie, dysphagia) are common among older adults, with a 13% to 54% prevalence. Adequate
interventions to improve the swallowing function of older adults would reduce morbidity and enhance health-related quality of
life outcomes. Mobile health (mHealth) apps may help alleviate dysphagia symptoms by providing programs that maximize the
intensity and frequency of training without requiring high costs or regular clinic visits.
Objective: The aim of this pilot study was to assess the usability of swallowing training apps by quantitatively and qualitatively
evaluating older adults’ self-reported data, taking into consideration their educational levels and exposure to mobile technology.
We conducted surveys and brief interviews while the participants used a swallowing intervention app we developed. We
subsequently identified and resolved individual-specific usability issues to improve future implementation of the app protocol
for older persons with swallowing difficulties.
Methods: A total of 11 participants (10 women, 91%; mean age 75.7 years, SD 3.93) from two district-run senior welfare centers
took part in this study. The participants were divided into a high-potential group and a low-potential group based on their total
number of years of education and smart device usage. To investigate the usability of the app twice (ie, in the second week of the
intervention and the postintervention stage), we used mixed methods consisting of both quantitative approaches, namely the
System Usability Scale (SUS) and modified Computer Self-Efficacy Scale (mCSES) surveys, and qualitative approaches (ie,
interviews).
Results: The quantitative results of the SUS and mCSES surveys revealed that the high-potential group was more inclined to
adopt and learn new technology than the low-potential group. Specifically, within the high-potential group, a Wilcoxon signed-rank
test indicated that the postintervention mCSES scores (median 65.50) were significantly higher than those in the second week of
intervention (median 54.00; z=–2.023, P=.04). Additionally, the usability scores in the low-potential group were within the
“marginal acceptability” range even after completion of an 8-week intervention program. Qualitative analyses via semi-structured
interviews yielded promising outcomes regarding app acceptability, training program utilization, emotional responses, and learning
experience.
Conclusions: To the best of the authors’ knowledge, this usability and feasibility study is the first report of a swallowing training
app designed to improve the swallowing function of older adults. Future research should consider several issues, such as user
characteristics, pretraining education, and the intensity and innate characteristics of the intervention program.
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Introduction
Condition-focused health issues, such as swallowing difficulties
(ie, dysphagia), are prevalent among older adults. Approximately
13% to 54% of older adults are reported to have swallowing
difficulties, depending on their age, underlying diseases, and
care level [1-3]. In a study on the prevalence of swallowing
difficulties among older Koreans, the age- and sex-standardized
prevalence of dysphagia in Koreans aged 65 years or older was
98/415 participants (23.6%) [4]. Major complaints resulting
from dysphagia include coughing or choking [2,5], spillage of
food [5], and difficulty swallowing hard foods [6]. Because
dysphagia in older adults increases their risk of malnutrition,
dehydration, weight loss, and aspiration pneumonia [7], it is
imperative to detect dysphagia symptoms early and provide
adequate preventative efforts to reduce morbidity and improve
health-related quality of life outcomes.
Rehabilitative interventions include swallowing-focused
therapies such as the Mendelsohn maneuver [8,9] and effortful
swallowing [10]. Indirect methods to improve swallowing also
exist, such as the effortful pitch glide (EPG) exercise [11] and
tongue rotation exercise [12]. These training exercises are
usually conducted via interactions between swallowing
clinicians and patients during therapy sessions at various health
care facilities. However, to induce experience-dependent neural
plasticity, repetition and intensity of training are key factors in
motor behaviors [13] and swallowing regimes [14]. While
goal-setting training usually requires regular clinic visits, a few
studies [15,16] have reported methods of maximizing effective
therapeutic parameters for better outcomes in terms of duration,
frequency, and intensity of training.
However, older adults may experience barriers that make regular
clinic visits a challenge. Several studies have reported that the
following factors are associated with the difficulty faced by
older adults when visiting clinics: expenses, distance,
transportation, time, and greater difficulties associated with
advanced age [17-19]. For example, one of the reasons for unmet
health care needs among older Korean adults is economic
adversity [20], which prevents these older adults from attending
regular and intensive therapeutic training. Accordingly, mobile
health (mHealth) technologies have tremendous potential to
bring health care into the digital age by providing more efficient
health care for people with limited resources—especially older
adults, who may be less capable of visiting clinics on their own.
mHealth technology can be utilized to monitor, control, or
deliver training exercises. Pervasive health monitoring or control
via mHealth apps has been developed for various medical
conditions, such as diabetes, hypertension, and headache [21,22];
some of these apps have proved to be successful [23]. However,
self-exercises incorporating rehabilitation expand far beyond
simply monitoring and controlling, and they may require a
higher degree of patient adherence. It has been reported that
http://mhealth.jmir.org/2020/7/e19585/
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nonadherence to home exercise in rehabilitation programs is as
high as 50%; thus, more rigorous mHealth exercise systems
that make use of coaching, self-monitoring, and education are
needed to achieve the desired goals [24].
Some apps are commercially available for improving swallowing
function; however, very few of these apps make use of
swallowing research [25,26]. mHealth apps may benefit
individuals who are capable of achieving the maximum intensity
and frequency of training programs at home but cannot afford
high health care costs. Through these apps, individuals may be
able to alleviate their dysphagia symptoms. However, the use
of mHealth apps to improve swallowing function is not
commonly practiced among older adults. Although older adults
can benefit from mHealth to address both general and specific
health issues [27], they may encounter usability issues due to
the complexity and unfamiliarity of the apps [28]. These issues
may be more substantial among older adults with limited formal
education and little previous experience of high technology.
Thus, it is reasonable to presume that use of and receptivity to
technology varies depending on these sociodemographic
characteristics [29].
Thus, in this pilot study, we assessed the usability and feasibility
of a swallowing training app by quantitatively and qualitatively
evaluating self-reported data from older adults, taking into
consideration their educational levels and exposure to mobile
technology. Specifically, we conducted surveys and brief
interviews while the study participants used a swallowing
intervention app we developed. We thereby identified and
resolved individual-specific usability and feasibility issues to
improve future implementation of the app protocol for older
adults with swallowing difficulties. In the current study, the
term “usability” was defined as the degree to which the
participants used the mHealth app as intended by the researchers,
and “feasibility” was defined as the degree to which the app
effectively assisted older adults in improving their swallowing
difficulties [30].

Methods
Apps and Hardware
The 365 Healthy Swallowing Coach app was developed for the
intervention program. The app was designed with two
fundamental characteristics. First, it was simple to use
irrespective of the user’s familiarity with mobile apps because
the target app users were older adults. Second, it allowed users
to effectively complete the swallowing exercises without a
clinician physically present because older adults are generally
unfamiliar with technology and often face physical and cognitive
barriers [31].
We were particularly concerned with how well the users would
navigate the app, reach the training page, and follow the training
protocol. If the app required users to remember a complex
sequence of actions, older adults might experience difficulties
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in navigating its functions [32]. Figure 1 provides an overview
of the 365 Healthy Swallowing Coach app. In the first step, the
user entered a user ID and password to log in. After logging in,
the user was directed to the main page, Swallowing Training.
The Swallowing Training tab in the navigation menu enabled
the users to access the Training Instruction, Training of the Day,
and Training Record menus. The Training Instruction menu
contained information regarding the training protocol, which
was presented via animations and demonstration videos. Upon
entering the Training of the Day menu, the user was shown
three large tabs labeled Morning Training, Afternoon Training,
and Evening Training. Each tab contained three exercises aimed
at improving swallowing function: effortful prolonged swallow
(EPS) [8-10], effortful pitch glide (EPG) [11], and effortful
tongue rotation (ETR). [12] In our training protocol, users were
required to complete 2 sets of 10 repetitions of each exercise in
the morning, afternoon, and evening sessions (resulting in 60
repetitions of each exercise per day) on 5 days of the week of
their choice. The app additionally included feedback system
options, such as video demonstrations and a mirror function,
real-time graphing, and audiovisual instructions, to monitor and
correct the user’s performance [33].
The Training Record screen (Figure 2) enables users to keep
track of the extent to which they have completed their exercises
on any given day. On the left, the level of completion of each

Kim et al
exercise in each session is indicated by bars and percentages;
on the right is a calendar in which users can choose a day to
review. The overall rate of completeness is marked on the
calendar by a circle around each specific date. The Training of
the Day screen also provides feedback on the user’s progress
through a horizontal bar that “fills in” green as each training
session is started and completed. When each training session is
completed, the training data are automatically recorded through
the automatic data-logging system and then saved in the
database. The saved data can be extracted as comma-separated
value (.csv) files when desired.
In addition, because limitations associated with aging may
influence a user’s interactions with apps [34], the current app
used a design that was specialized for older adults [35]. The
buttons on the app contained both icons and text for easier
viewing; these buttons were structured so that clicking anywhere
on them performed the target action. In addition, to prevent
users from pressing unwanted buttons by mistake, the sizes of
the buttons and the spaces between them were adjusted
appropriately and the color of the buttons was differentiated
from that of the background. In particular, the buttons on the
edges of the app were placed so that there was sufficient space
between them and the soft buttons (ie, the Back and Recent
Apps buttons) to prevent users from inadvertently pressing the
latter.

Figure 1. Overview of the 365 Healthy Swallowing Coach app. EPG: effortful pitch glide; EPS: effortful prolonged swallow; ETR: effortful tongue
rotation.
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Figure 2. Screenshot of the Training Record screen of the 365 Healthy Swallowing Coach app.

The prototype of the 365 Healthy Swallowing Coach app was
specially designed to be compatible with a specific tablet PC
model to minimize unforeseen bugs or errors after the launch
of the intervention program. The app was built for the Galaxy
Tab A model no. SM-P580 (Samsung Corporation) with a 1.6
GHz octa-core processor running the Android Oreo (version
8.1.0) operating system. The tablet has an internal storage
capacity of 32 GB and 3 GB of RAM. The dimensions of the
tablet are 254.3×164.2×8.2 millimeters, with a weight of 554
grams. The diagonal of the display dimensions is 255.4 mm,
with a screen resolution of 1920×1200 pixels.

Participants
The participants were recruited from two district-run welfare
centers between November 11, 2019 and November 20, 2019.
An advertisement for the study was placed in the centers. The
individuals voluntarily presented themselves to research staff
and were provided with a brief face-to-face introduction to the
intervention program (eg, requirements for participation and
training methods) by the authors HK, SHL, and NBC. This
study was approved by the Institutional Review Board of the
Yonsei University Health System (No. 4-2019-0888) and
complied with the Helsinki Declaration of 1974 as revised in
2000. Written consent was obtained from all participants in the
study.
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Several inclusion criteria were established for the study.
Participants were required to be older than 65 years; report
swallowing difficulties (eg, experience aspirations more
frequently than in the past or feel as if something is stuck in the
throat); meet age and education level criteria for the Korean
version of the Mini-Mental State Examination (K-MMSE) [36];
and have normal vision, hearing, and motor function of the
upper limbs so they could use a tablet PC for the swallowing
intervention. Specific exclusion criteria were also established.
Individuals who had experienced neurological disorders and
who required non-oral feeding (eg, nasogastric and percutaneous
endoscopic gastrostomy tubes) were excluded.

mHealth Intervention
The swallowing intervention in this study consisted of an 8-week
program (Figure 3). The participants were asked to engage in
three different types of training (ie, EPS, EPG, and ETR) 20
times during a single session. The program consisted of 120
sessions (5 days a week, 3 times a day) in total. The participants
also took part in four face-to-face meetings with the researchers.
The first meeting (ie, orientation), which was held prior to
commencement of the intervention, was designed to guide
participants to learn how to use the 365 Healthy Swallowing
Coach app and the tablet PC. Subsequently, meetings were held
every other week to monitor the training progress and adherence
of the participants to the program.
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Figure 3. Timeline of the usability study. a,b,c: biweekly face-to-face meeting.

Procedure
After written informed consent was obtained, demographic and
socioeconomic status information was collected from the
participants. Following this, they were asked if they had ever
owned a mobile smart device, and if so, how long they had used
or had been using it. Participants who reported having owned
a mobile smart device were also asked if they had ever used a
health-related app on their devices.
As shown in the usability study timeline (Figure 3), two short
surveys were conducted in the second week of intervention and
postintervention stages: the System Usability Scale (SUS) [37]
and the modified Computer Self-Efficacy Scale (mCSES) [38],
respectively. The SUS was conducted to gather information on
the participants’ subjective judgments of the usability of the
app, and the mCSES was conducted to evaluate their perceived
confidence in coping with new technology. We translated the
two scales into Korean with written email permission from the
original authors for academic/nonprofit research use.
In addition, in the second week of the intervention and in the
postintervention phase, semistructured interviews were
conducted, and the results were used as the key source of
information for our thematic analysis. The second week
interview took place two weeks after the initiation of
intervention program. The postintervention interview was
conducted upon completion of the program. Both interviews
were digitally recorded and transcribed verbatim. To
thematically analyze the transcribed text, the participants’
statements were categorized into themes and subthemes
depending on the context in which the responses were elicited.

System Usability Scale
The SUS [37] is a widely used 10-item usability measurement
scale. Several studies have demonstrated that the SUS is valid
(ie, face, concurrent, and convergent validity) and reliable and
that it can be used on a broad range of participants [39-41]. The
scale was described by its creator as “a quick and dirty usability
scale.” It is widely considered to be an effective usability
assessment tool that can accommodate a variety of user
interfaces [39]. The original SUS items are presented in
Multimedia Appendix 1.
Responses to the SUS are rated on a 5-point scale from 1 to 5,
with 1 corresponding to “strongly disagree” and 5 corresponding
to “strongly agree.” The scoring system used to determine the
overall SUS score is based on alternating positive items (nos.
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1, 3, 5, 7, and 9) and negative items (nos. 2, 4, 6, 8, and 10).
Responses to the odd-numbered items are subtracted by 1 and
summed; responses to the even-numbered items are subtracted
from 5 and summed. The sum of each subscore multiplied by
2.5 yields the total SUS score [42]. An example of the survey
is presented in Multimedia Appendix 2.

Modified Computer Self-Efficacy Scale
The original 10-item Computer Self-Efficacy Scale (CSES) was
developed for workplace professionals by Compeau and Higgins
[43] in 1995. Previous studies that used this or other
questionnaires to assess perceived competence in using various
types of technology have shown that higher self-efficacy is a
crucial contributor to the likelihood of acceptance of the new
technology. Laver et al [38] modified the original CSES (the
mCSES) and tested its validity and reliability to determine
whether it could be adapted to clinical rehabilitation settings
for older and disabled populations. The results revealed high
internal consistency, reliability, construct validity, and
acceptance of the mCSES. The mCSES appeared to be suitable
for our purpose of measuring the participants’ perceived
confidence in coping with new technology. We made slight
changes to wording of the mCSES to make it specific to mobile
apps, such as changing the words “product” and “technology”
to “app.” The mCSES items are presented in Multimedia
Appendix 1.
The mCSES items are rated on a 10-point scale, ranging from
1 to 10, with 1 corresponding to “not confident at all” and 10
corresponding to “completely confident.” To calculate the total
mCSES score, the point values of all 10 items are summed. The
maximum score is 100 points [38].

Interviews
The interviews were conducted by the authors HK, SHL, and
NBC at 2 weeks and 8 weeks after the commencement of the
intervention. At the time of the interviews, the first author (HK,
female, PhD) was a university professor of a graduate program
in speech-language pathology (SLP), with certificates in SLP
(CCC-SLP, BC-ANCDS) and previous experience of conducting
a qualitative study and a thematic analysis [44]. SHL and NBC
(both male) were graduate students who conducted interviews
under the supervision of the first author after interview training.
The items included in the first interview, which took place in
the second week of the intervention program, were as follows:
how adept participants believed they were at using the app;
whether they experienced any difficulties when using the app,
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and how they coped with these issues; what participants’
opinions were regarding the strengths and weaknesses of the
app; and whether the participants would like the app to be
improved in any way. Depending on their responses, the
participants were asked additional follow-up questions.
The second interview was conducted on the postintervention
assessment day (ie, after 8 weeks of using the app). The second
interview was identical to the first. The topic guide for the
second week of the intervention and the postintervention is
presented in Multimedia Appendix 3. The interviews were
digitally recorded using an ICD-UX560F device (Sony
Corporation) and transcribed verbatim for thematic analysis.
The average duration of the interviews was 369 seconds (SD
141).

Data Coding and Thematic Analysis
To identify key issues regarding the participants’ mHealth app
usage, thematic analysis was used. We derived four major
themes (ie, app acceptability, training program utilization,
emotional responses, and learning experience) and multiple

Kim et al
subthemes from the transcripts. The authors selected the
aforementioned themes on the basis that the themes reflected
patterns of responses in the interview data and were relevant to
our research question [45], namely, “What factors affect the
usability of swallowing training app for older adults?” The
details of the themes are shown in Multimedia Appendix 4.
Data coding for the thematic analysis was conducted using
NVivo software version 1.0 (QSR International) [46], which
was used to code themes for the transcripts. Specifically, the
first and second authors (HK and SHL) reviewed the interview
data and selected specific phrases that were later assigned (using
NVivo) to themes and subthemes according to their content.
The selection of phrases and theme assignments were
cross-checked by the three authors (HK, SHL, NBC). When
disagreement occurred, the theme assigned by most of the
authors was assigned to the utterance. The number of responses
that corresponded to each theme was automatically calculated
by the software. An example of the use of NVivo 1.0 is shown
in Figure 4.

Figure 4. Example of the use of NVivo 1.0.

Results
Participants’ Characteristics
Eleven older adults participated in the study; 10 (91%) were
female, and the mean age was 75.7 years (SD 3.93, range 67-83).
This number met the optimal sample size requirement for a
usability assessment [47]. All 11 participants successfully
completed the 8-week intervention program. As shown in Table
1, the mean number of years of formal education was 9.9 (SD
3.36, range 5-16). The mean score of the K-MMSE was 28.2
(SD 1.26, range 24-30). Among the 11 participants, 8 (73%)
reported currently owning or having previously owned a mobile
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smart device (ie, a smartphone), with the mean number of years
of usage being 3.5 (SD 2.31, range 0-9). Among these 8
participants, only 2 (25%) had used a health-related app, such
as a pedometer app (ie, a step-counter app), which can track a
person’s number of steps and distance walked. The participants
were divided into two groups based on their number of years
of education and history of smart device usage (>10 years and
≤10 years, respectively): a high-potential group (n=6, mean age
74.3 years, SD 5.47; mean education 12.8 years, SD 3.00) and
a low-potential group (n=5, mean age 77.4 years, SD 4.22; mean
education 6.4 years, SD 1.52). There was statistical significance
between the groups with regard to number of years of education
(Mann-Whitney u=20.50, P=.004).
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Table 1. Demographic characteristics of the participants (N=11).
Group and participants

Sex

Age (years; mean
75.7, SD 3.93)

Education (years;
mean 9.9, SD 3.36)

K-MMSE scorea
(points; mean 28.2,
SD 1.26)

Smart device usage Health
(years; mean 3.5, SD app use
2.31)

High-potential group (n=6)
No. 1

F

77

12

27

3

No

No. 2

F

73

12

28

9

No

No. 3

F

83

9

24

5

No

No. 4

F

71

16

29

2

Yes

No. 5

M

75

16

28

8

Yes

No. 6

F

67

12

30

4

No

Mean (SD)

N/Ab

74.3 (5.47)

12.8 (3.00)

27.7 (1.92)

5.2 (3.05)

N/A

No. 7

F

78

6

29

0

N/A

No. 8

F

82

6

29

4

No

No. 9

F

71

9

29

0

N/A

No. 10

F

80

6

30

0

N/A

No. 11

F

76

5

27

3

No

Mean (SD)

N/A

77.4 (4.22)

6.4 (1.52)

28.8 (1.10)

1.4 (1.95)

N/A

Low-potential group (n=5)

a

K-MMSE: Korean Mini-Mental State Examination, maximum score=30 points.

b

N/A: not applicable.

SUS Scores
As shown in Tables 2 and 3, within the high-potential group, a
Wilcoxon signed-rank test indicated that the postintervention
SUS scores (median 71.25) were not significantly different from
scores obtained from the survey in the second week of

intervention (median 73.75; z=–0.271, P=.79). Likewise, within
the low-potential group, the postintervention SUS scores
(median 70.00) were not significantly different from those in
the second week of the intervention (median 55.00; z=–1.761,
P=.08).

Table 2. Scores of the System Usability Scale (SUS) from the second-week and postintervention surveys for the high-potential and low-potential groups
(N=11).
Group and survey

Mean (SD)

Minimum

Maximum

Median

Second week of intervention

70.83 (8.75)

60.0

80.0

73.75

Postintervention

72.08 (7.31)

65.0

82.5

71.25

Second week of intervention

56.00 (6.51)

50.0

65.0

55.00

Postintervention

67.50 (7.28)

57.5

75.0

70.00

High-potential group (n=6)

Low-potential group (n=5)
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Table 3. Ranks and test statistics for the System Usability Scale (SUS) scores from the second-week and postintervention surveys for the high-potential
and low-potential groups (N=11).
Group and rank

n

Rank (postintervention – second week)

Test statisticsa (postintervention – second week)

Mean rank

z value

P value

–0.271b

.79

1.761b

.08

Sum of ranks

High-potential group (n=6)
Negative rankc

2

3.25

6.50

Positive rankd

3

2.83

8.50

Tiede

1

N/Af

N/A

Low-potential group (n=5)

a

Negative rank

1

1.00

1.00

Positive rank

4

3.50

14.00

Tied

0

N/A

N/A

Wilcoxon signed-rank test.

b

Based on negative ranks.

c

Postintervention score<score at second week of intervention.

d

Postintervention score>score at second week of intervention.

e

Postintervention score=score at second week of intervention.

f

N/A: not applicable.

mCSES Scores
As indicated in Tables 4 and 5, within the high-potential group,
a Wilcoxon signed-rank test indicated that the postintervention
mCSES scores (median 65.50) were significantly higher than
those obtained during the second week of the intervention

(median 54.00; z=–2.023, P=.04). In contrast, within the
low-potential group, the postintervention mCSES scores (median
66.00) were not significantly different from those obtained
during the second week of the intervention (median 48.00;
z=–1.761, P=.08).

Table 4. Scores of the modified Computer Self-Efficacy Scale (mCSES) from the second-week and postintervention surveys for the high-potential and
low-potential groups (N=11).
Group and survey

Mean (SD)

Minimum

Maximum

Median

Second week of intervention

54.00 (17.28)

35.0

85.0

54.0

Postintervention

65.00 (19.43)

38.0

96.0

65.5

Second week of intervention

44.44 (11.58)

29.0

57.0

48.0

Postintervention

59.20 (14.92)

40.0

75.0

66.0

High-potential group (n=6)

Low-potential group (n=5)
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Table 5. Ranks and test statistics for the Computer Self-Efficacy Scale (mCSES) scores from the second-week and postintervention surveys for the
high-potential and low-potential groups (N=11).
Group and rank

n

Rank (postintervention – second week)

Test statisticsa (postintervention – second week)

Mean rank

z value

P value

–2.023b

.04

1.761b

.08

Sum of ranks

High-potential group (n=6)
Negative rankc

0

.00

.00

Positive rankd

5

3.00

15.00

Tiede

1

N/Af

N/A

Low-potential group (n=5)

a

Negative rank

1c

1.00

1.00

Positive rank

4d

3.50

14.00

Tied

0e

N/A

N/A

Wilcoxon signed-rank test.

b

Based on negative ranks.

c

Postintervention score<score at second week of intervention.

d

Postintervention score>score at second week of intervention.

e

Postintervention score=score at second week of intervention.

f

N/A: not applicable.

Thematic Analysis of Interview Content
As shown in Table 6 and Multimedia Appendix 5, we devised
and defined themes to incorporate all content extracted from
the interviews while minimizing the conceptual overlap among
key themes. From the first and second interviews, we extracted
107 and 132 responses, respectively. Multimedia Appendix 5
(participants’ interview responses with 4 themes and 15
subthemes) presents the number of responses categorized within
each theme and subtheme and the contrast in data between the
high- and low-potential groups. We categorized the responses
into four main themes; hereafter, the numbers in parentheses
indicate the number of responses categorized into each theme
in the first and second interviews, respectively. The themes
selected were important app quality indicators according to the
experiences of the participants: app acceptability (49; 51),
training program utilization (24; 16), emotional responses (22;
37), and learning experience (12; 28). The theme of app
acceptability, which pertained to different aspects of the app,
was divided into four subthemes: simplicity (21; 17), navigation
difficulties (20; 7), confusion caused by session selection (7;
17), and visual monitoring of exercise progress (1; 10).
Reports of navigation difficulties substantially decreased
between the first and second interviews, possibly due to
increased app experience. In contrast, the confusion caused by
the session selection increased. This indicates that the design
of the app and the location of the session selection buttons may
have induced confusion among the older adult users when they
selected the corresponding training sessions. Responses
regarding the visual monitoring theme increased significantly
between interviews, suggesting that the visual monitoring system
of the app facilitated the self-monitoring process for the
participants.
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The theme of training program utilization encompassed the use
of the training protocol and was divided into three subthemes:
difficulty with exercises (9; 3), intensity and scheduling of the
training protocol (8; 11), and noise-induced problems (7; 2).
The participants reported experiencing less difficulty with
exercises and noise-induced problems during the second
interview than the first, which indicates that as the training
program progressed, they were able to adapt to each of the
training methods and cope with the noise-related issues
mentioned during the first interview. In contrast, responses
related to the intensity and scheduling of the training protocol
were more frequent in the second interview. This suggests that
the participants found that the intensity of the training protocol
became more burdensome as they proceeded with the program.
The theme of emotional responses evoked by the use of the app
was divided into three subthemes: negative responses (10; 9),
self-blame (8; 17), and positive responses (4; 11). The incidence
of self-blame and positive responses dramatically increased
during the second interview, whereas the number of negative
responses remained similar between interviews.
Finally, the theme of learning experiences was composed of
five subthemes: risk-taking (5; 2), complying with given
instructions (4; 5), seeking help from others (3; 5), progress in
using the app (0; 12), and forgetfulness (0; 4). During the second
interview, the users reported more incidences of complying
with the given instructions and seeking help from others, while
the incidence of risk-taking decreased. The three subthemes
represent the way in which the older adults coped with issues
regarding their experience with the app; the results suggest that
the participants chose to adhere to the given instructions and
ask for help instead of taking risks to solve problems as the
program proceeded. The users also reported a significant
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increase in progress using the app, which indicates that the users
were becoming skilled in app use.
More responses were generated by members of the
high-potential group (69; 78) than by members of the
low-potential group (38; 54). In addition, the high-potential
group reported better app acceptability in the second interview,
as indicated by fewer navigation difficulties (13; 2) and greater
perceived usefulness of visual monitoring of training progress
(0; 9). In contrast, the low-potential group reported increased
confusion caused by session selection, with an increase from 1
response in the first interview to 8 responses in the second
interview. This suggests that at the time of the first interview,
the low-potential group did not realize that they were not
appropriately selecting the training sessions, and they only began
to perceive the app as confusing once they realized that training
session selection was something they needed to consider when
following the exercise routines.

Kim et al
Regarding training program utilization, both groups reported
less difficulty with exercises and fewer noise-induced problems
in the second interview. In the high-potential group, the number
of related responses decreased from 6 to 2, whereas in the
low-potential group, the number of related responses decreased
from 3 to 1. Interestingly, more high-potential participants
reported the intensity and scheduling of the training program
as being laborious in the second interview than in the first, as
evidenced by an increase in the number of related comments
from 4 to 11. Participants in the low-potential group expressed
more self-blaming responses in the second interview than in
the first (3; 9), although positive emotional responses also
increased in frequency (2; 6). Finally, both groups demonstrated
progress in app use competency after the 8-week intervention
program.

Table 6. List of the 4 themes and 15 subthemes with examples of related statements.
Themes and subthemes

Example statements

App acceptability
Simplicity

“Nothing was particularly complicated, everything showed up once I
launched [the app].”

Navigation difficulties

“I kept pushing this and that button but it still didn't work.”

Confusion caused by session selection

“Even when I did all the sets, it doesn't say that I completed them. Why
is that?”

Visual monitoring of exercise progress

“Because of the green indicators, I was able to see what I missed.”

Training program utilization
Difficulty with exercises

“The one where you have to say 'eee' was the most difficult . ”

Intensity and scheduling of the training protocol

”Doing this three times a day is too much given my daily schedule.“

Noise-induced problems

”I couldn't do [the pitch glide exercise] because I was concerned with
alarming my neighbors.“

Emotional responses
Negative

”When [the app] didn't work as I wanted it to, I got annoyed.“

Self-blame

”Old people like me need time to register things in the head.“

Positive

”I was happy to learn something new.“

Learning experience
Risk-taking

“I touched the buttons here and there.”

Complying with given instructions

”I was scared of getting lost, so I just stuck to what you taught me.“

Seeking help from others

”I asked my grandson to help me.“

Progress in using the app

”After figuring things out, it could not have been easier.“

Forgetfulness

”When I go back home, I forget how.“

Discussion
Principal Findings
mHealth is being increasingly recognized as an effective
approach to deliver health care in a more accessible and
cost-effective manner [48]. To the best of the authors’
knowledge, this usability and feasibility study is the first
research on the use of swallowing training apps to improve the
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swallowing function of older adults. In this study, the
home-based 365 Healthy Swallowing Coach app was used for
8 weeks by older adults. As a result, several issues emerged
regarding the results of the analysis of the self-reported data.
First, user characteristics, such as the duration of formal
education and smart device usage, were key variables related
to usability, as reflected in the survey scores and interview data.
Among the participants, we identified low-potential and
high-potential groups based on their total years of education
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19585 | p.241
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and smart device usage. In the second week of the intervention
period, the low-potential group demonstrated a mean SUS score
that fell within the “low marginal acceptability” range [39].
Even after completion of the training program, the mean SUS
score of the low-potential group did not reach the “acceptable”
category, falling within the “high marginal acceptability” range.
In contrast, mean SUS score in the high-potential group fell
within the “acceptable” range in both the second-week and
postintervention surveys. Without previous experience using
swallowing apps, the high-potential group reported the app to
be promising in terms of feasibility and user satisfaction.
It was also interesting to note that regardless of their educational
attainment and exposure to smart device usage, by the second
week of the intervention program, both groups were unlikely
to adopt a new app unless they were offered help and assistance
with using it. However, as evidenced by the mCSES scores of
the second survey, the high-potential group later gained
confidence in using the new app; meanwhile, the low-potential
group lacked confidence in adopting a new app even after
completion of the 8-week intervention program. Thus, the
discomfort with technology felt by older adults with diverse
degrees of education and smart device usage should be
approached differently to reduce socioeconomic disparity. For
example, more extensive education or orientations regarding
the use of the app would facilitate the execution of the
intervention program among older adults, especially those with
lower education levels [49]. A study has shown that even young
older adults (ie, those over 50 years of age) had difficulties with
certain aspects of smartphone usage after training, even though
they demonstrated significant improvement in competency [50].
This suggests that there is a need for individually tailored
education programs that consider user characteristics, such as
smartphone proficiency and education.
Second, as both groups continued to learn via the app, the
learning experiences accumulated and resulted in mixed learning
outcomes. In this respect, we gained valuable insights from the
qualitative data collected in the two interviews. For example,
more participants claimed to have benefited from the
self-monitoring features of the app in the second interview
versus the first, which is consistent with previously suggested
strategies for increasing adherence to home exercise [24]. In
addition, the frequency of comments related to app navigation
difficulties decreased. However, the frequency of self-directed
blame for negative experiences with the app also increased,
especially among individuals in the low-potential group. In
previous research [51], “old age” or “aging” in older adults was
cited as a main cause of functional limitation by 20% of the 230
participants. Identifying specific sources of aging-related issues
in individual users, such as visual and hearing impairment as
well as memory decline [18], would reduce self-blame and
negative reactions to app use. Moreover, some older adults are
passionate about acquiring new forms of technological skills
that can aid them in maintaining their independence as well as
their quality of life [29]. This is similar to a previous study in
which it was reported that more than 80% of
community-dwelling older adults expressed interest in using
health technology [52].
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Third, it is of the utmost importance to find the optimal balance
among training intensity, frequency, duration, and level of
adherence to maximize the benefits of app use among older
adults. This balance is necessary because a discrepancy between
the users’ perceived symptom severity and training intensity
may harm their overall adherence [53]. Self-management and
support while using apps without the presence of clinicians
requires thorough scheduling and compliance with the schedule.
Some participants in our study expressed dissatisfaction with
the frequency of training; they claimed that three sessions a day
(for a total of six sets of exercises per day) was excessive given
that they had other plans or performed other activities during
the day as well. Because patient compliance and adherence
varies depending on the disease type and the participants’
perception of disease severity [53], the participants may have
felt that the program was excessively time-consuming because
they had a lower degree of swallowing difficulty and thus may
have felt less motivation [54]. The optimal number (ie,
frequency) and intensity of training sessions needed for older
adults to induce experience-dependent neural plasticity [13,14]
is a major concern when planning therapy programs. One study
reported that the implementation of intervention programs in a
“distributed” manner (6 hours/week, 8 weeks) resulted in
significantly greater improvements compared to an “intensive”
manner (16 hours per week, 3 weeks) for patients with aphasia
[15]. The 365 Healthy Swallowing Coach app requires 7.5 hours
per week, which is comparable to “distributed” therapy. Because
the intensity needed for “intensive” swallowing exercise
protocols varies [55], further research is needed to elucidate the
relationship between the amount of training and therapeutic
effects.
Fourth, the innate characteristics of an intervention program
can create difficulties in its actual usage. For example, almost
all of the reported difficulties in training program utilization
referred to the effortful pitch glide (EPG) program, as
high-pitched voice production during the program is a source
of noise; this could be problematic, especially during the
evening. Currently, no training technique has been established
as an appropriate alternative to EPG. However, if there were
options that could replace EPG, choosing the most appropriate
option for home app use would be beneficial to increase the
feasibility of the app. It is generally agreed that unlike treatment
in clinical settings, which allow for patient-focused approaches,
home therapies necessitate considering inspections of other
complex factors, including the patient’s home environment and
social context [56]. Therefore, until a substitute for EPG is
found, a home environment assessment could be performed to
determine whether to recommend a particular exercise.

Limitations and Future Directions
Although it is the first usability and feasibility study of a
swallowing training program for older adults, this study is not
without limitations. First, all participants of this study are
residents of Seoul, which is the largest metropolis in South
Korea. Thus, further study is warranted to determine the extent
to which the findings will be applicable to older adults from
more rural regions.
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Second, this study included only individuals who were 65 years
of age or older (range 67-83 years). The inclusion of a broad
age range of participants, such as the “oldest-old” (ie, people
who are aged at least 85 years) [57], who are more susceptible
to swallowing difficulties and have less experience with high
technology, would reveal additional usability and feasibility
issues with at-home training apps.
Further, this study only included participants with mild
swallowing difficulties, which also limits the generalizability
of the findings. Investigations of patients at increased risk or
with a chronic course of dysphagia and with special intervention
needs would fill major research gaps.

Conclusions
Quantitative measurements may highlight the characteristics of
different groups of users rather than indicate actual usability

Kim et al
and feasibility problems. However, combined with qualitative
data, we acquired insights into problems that older adults face
when using mHealth technology as well as how a swallowing
training app can be tailored to such persons. Qualitative
investigation revealed that to provide an effective mHealth app
to treat swallowing problems in older adults, the users’ years
of formal education and smart device usage must be taken into
consideration even during the training phase of app use.
Additionally, despite some early difficulties as they became
familiar with using the app, more participants expressed comfort
with app usage later in the intervention, highlighting the
potential of mHealth apps for older adults. However,
self-blaming behavior may be a limitation when testing usability
with older adults as evaluators. We also note the importance of
our users’ home environment, intensity and adherence to the
training program, and the nature of the training exercises in the
usability and feasibility of our app.
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Abstract
Background: Indigenous leaders continue to be concerned about high rates of HIV and barriers to HIV treatment among young
Indigenous people involved in substance use. Growing evidence suggests that using mobile phones for health (mHealth) may be
a powerful way to support connection with health services, including HIV prevention and treatment.
Objective: This study examined the patterns of mobile phone ownership and use among young Indigenous people who have
used drugs living with or vulnerable to HIV and explored the acceptability of mHealth to support access to health care in this
population.
Methods: The Cedar Project is a cohort study involving young Indigenous people who have used drugs in Vancouver and Prince
George, British Columbia. This mixed methods exploratory study involved 131 Cedar Project participants enrolled in our WelTel
mHealth program. At enrollment, participants completed a questionnaire related to mobile phone use and interest in mHealth.
Data were linked to Cedar Project questionnaires and serodata. We present comparative statistics (quantitative) and results of a
rapid thematic analysis (qualitative) related to mobile phone patterns and interest in receiving mHealth.
Results: Less than half of the participants (59/130; 45.4%) reported owning a phone. Among those with a phone, the majority
owned a smartphone (46/59; 78%). Most participants with a phone reported having an unlimited texting plan (39/55; 71%), using
the internet on their phone (44/59; 75%), and texting daily (44/55; 80%). A majority reported that using a mobile phone for health
would be invaluable (120/130; 92.3%). There were no differences in mHealth acceptance between participants who owned a
phone and those who did not (P>.99). All but one participant living with HIV felt using a mobile phone would be helpful for
their health, while a small proportion of HIV-negative participants remained unsure (1.9% vs 11.7%; P=.047). In response to
open-ended questions asking why using a mobile phone may be helpful for health, participants identified a diverse set of anticipated
benefits: (1) connection for emotional, mental, and spiritual support, (2) connection to family, (3) staying in touch and/or being
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reachable, (4) overcoming current barriers to phone use, (5) convenience, privacy, and safety, and (6) access to health care and
emergency services.
Conclusions: We observed high acceptance and interest in using mobile phone technology for health despite low rates of
personal mobile phone connectivity among young Indigenous people who have used drugs living with and vulnerable to HIV in
British Columbia, Canada. Mobile phones were viewed as a way to support connections and relationships that are seen as critical
to health and well-being among young Indigenous people in this study. Findings may be useful for health care providers preparing
to scale up mHealth programs to support HIV prevention and treatment in this population.
(JMIR Mhealth Uhealth 2020;8(7):e16783) doi:10.2196/16783
KEYWORDS
Indigenous; mobile health; mHealth; text messaging; substance use; HIV/AIDS

Introduction
Researchers have started to understand mobile phones as a
necessity comparable to other utilities and argue that gaps in
access may re-enforce or exacerbate other disparities, including
those related to health [1,2]. However, marginalized groups
may be excluded from access due to structural inequalities
(including health, economic, and gender disparities) that create
a “digital divide,” or differential access to digital technologies
[3]. Mobile phones have been identified as a critical resource
for individuals who require regular contact with health care
providers, social services, and social support [2,4,5]. Conversely,
interruptions in phone connectivity may disrupt important
health-related communication networks, such as contact with
health care providers, social services, and social support [2].
Health care providers have begun to embrace the potential of
widespread mobile phone usage by offering mobile health
(mHealth) programs: mobile phone-based interventions that
aim to improve health outcomes among clients experiencing a
variety of health conditions. These mHealth interventions utilize
mobile phone functions such as calling, texting, and/or
smartphone apps, and may be used to provide reminders,
information, or support. mHealth initiatives utilizing text
messaging have been found to be successful in supporting
engagement in health care for people living with HIV [6-14].
Such initiatives can facilitate real-time problem solving between
patients and health care providers when medication, health, or
other issues arise; remind clients to take medications, attend
appointments, and take care of their health; and demonstrate
that “somebody cares” [7,15,16]. More recently, mHealth
initiatives have aimed to address substance use as well as
optimize and expand treatment for substance use and HIV
[17-22]. Notably, there is a paucity of evidence of mobile phone
use for health and mHealth interventions for Indigenous people
living with or at risk of HIV, including those using drugs [10].
Indigenous scholars and leaders continue to be concerned about
high rates of HIV and other harm among Indigenous young
people who use drugs resulting from the ongoing impacts of
colonization [23,24]. Substance use, poverty, barriers to health
care access, and limited mobile phone ownership may be
mutually reinforcing, leading to further marginalization from
care and services. Despite the potential to connect young
Indigenous people who have used drugs to health services, little
is known about mobile phone access and acceptability of
mHealth programs for this key population. This study (1)
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examines patterns of mobile phone ownership and use among
young Indigenous people who have used illicit drugs in British
Columbia and (2) explores the acceptability of mHealth for this
population.

Methods
Study Design and Setting
This is a mixed methods cross-sectional analysis involving
young Indigenous people who have used drugs participating in
the Cedar Project WelTel mHealth Study. The study took place
in inner-city settings of two cities in British Columbia, Canada.
Vancouver is a large city in southern British Columbia on Coast
Salish territory. In 2016, nearly 14,000 Indigenous people lived
in Vancouver, accounting for 2.2% of the population [25]. Prince
George is a forestry and mining town in British Columbia’s
Northern Interior on the traditional territory of the Lheidli
T’enneh people. Just over 11,000 Indigenous people lived in
Prince George in 2016, accounting for 15.4% of the population
[26]. Both cities are home to large “away from home”
Indigenous populations with people from nations and territories
across the province and country.

Participants
The Cedar Project is a cohort involving 782 young Indigenous
people who have used drugs in Vancouver and Prince George,
British Columbia. The term Indigenous is used as Cedar Project
participants represent many of the diverse First Nations, Inuit,
and Métis communities across Canada and often live far away
from their home communities. Methods have previously been
described in detail [27]. Briefly, participants were recruited
through health care providers, street outreach, and word of
mouth. Initial recruitment took place between 2003 and 2007
and reopened in 2011. Participants were eligible if they
self-identified as Indigenous, were between 14 and 30 years of
age, and had smoked or injected illicit drugs (other than
cannabis) in the month before enrollment. Drug use was
confirmed using saliva screens (ORAL-screen, Avitar Onsite
Diagnostics). Follow-up interviews were carried out every 6
months, and blood samples were collected for HIV and hepatitis
C antibody tests.
In September 2014, the Cedar Project WelTel mHealth Study
was initiated. The mHealth program consisted of a structured
mobile phone initiative to connect young Indigenous people
who have used drugs with Cedar Case Managers in a
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community-based setting. It included a package of supports,
including a mobile phone and cellular plan, alongside weekly
two-way text messaging and support from Cedar Case Managers.
Each Monday at noon, a text message saying, “how’s it going?”
was automatically sent to participants through the WelTel
mHealth platform. Cedar Case Managers responded to all
participants and followed up with participants who replied with
a specific problem or need. On Wednesday, those who had not
replied received an additional text saying, “Haven’t heard from
you, are you ok?” On Thursday or Friday, Case Managers
attempted to call all remaining participants who had not
responded to the text message. The program was offered
between September 2014 and January 2016. Of the 60
HIV-positive participants in the Cedar Project Blanket Case
Management study, 52 (88.3%) agreed to participate in the
mHealth study. In addition, with the aim of recruiting 94
HIV-negative Cedar Project participants, 131 were randomly
selected to be invited, of whom 79 (78.7%) agreed to join. Thus,
131 Cedar Project participants were enrolled in the mHealth
study and provided a mobile phone and plan, weekly text
messaging, and connection to a Case Manager. They also
continued with their regular visits to the main Cedar Project
cohort study.

Short responses (1-40 words) to open-ended questions were
recorded verbatim. Using a rapid qualitative analysis approach
[29], two authors independently read and reread responses to
identify recurring themes. Emerging themes were discussed,
defined, and a coding manual was created. Responses were
sorted into categories using the NVivo software Version 10
[30]. Representative responses were chosen to highlight the
themes.

Data Sources

Results

At enrollment into the mHealth study, participants completed
a short questionnaire on mobile phone use, which is the focus
of the analysis presented here. Close- and open-ended questions
were related to interest in and concerns about using mobile
phones and text messaging for health. Data were linked with
questionnaires and serodata collected every 6 months as part of
the main Cedar cohort. Time-independent variables were
obtained from baseline questionnaires and time-dependent
variables were collected from the follow-up visit that occurred
closest to (but <30 days after) the mHealth baseline visit.

Analytical Approach
We conducted descriptive analyses related to phone ownership
and patterns, and participants’ interest and concerns using
mobile phones for health. Differences in characteristics and
acceptability of mHealth by phone ownership and HIV status
were compared using the Chi-square and Fisher exact tests
(dichotomous
variables),
and
t
tests
and
Mann-Whitney-Wilcoxon Test (continuous variables). All P
values are 2-sided. Analyses were performed using R version
3.5.0 (R Foundation for Statistical Computing) [28].
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Ethical Considerations
The Cedar Project follows the guidelines provided in the
Tri-Council Policy Statement on Ethical Conduct for Research
Involving Humans—Chapter Nine: Research involving the First
Nations Inuit and Métis Peoples of Canada [31] and adheres to
the principles of Ownership, Control, Access, and Possession
[32]. The Cedar Project Partnership, an independent body of
Indigenous Elders, leaders, and health experts, governed all
aspects of this study. The study was approved by the University
of British Columbia/Providence Health Care Research Ethics
Board. All participants gave both verbal and written consent,
and it was emphasized that deciding not to participate in this
substudy would not affect continued involvement with Cedar
or support from staff.

Baseline Characteristics
More than half (81/131, 61.8%) of mHealth participants were
women, and half of mHealth participants lived in Prince George
(65/131, 49.6%; Table 1). Approximately half (63/130, 48.6%)
had a parent who attended residential school, and substantial
proportions had been apprehended from their parents (100/131,
76.3%) and/or experienced childhood sexual abuse (70/123,
56.9%). Among parents, 53.5% (61/114) reported that they had
ever had a child apprehended. Fewer participants reported
connection to Indigenous cultures either in the past or present,
including having a traditional language spoken at home (54/130,
41.5%), speaking a traditional language (53/130, 40.8%),
often/always speaking a traditional language today (4/130,
3.1%); participating in ceremony (30/130, 23.1%); recently
accessing traditional food (63/130, 48.5%); and living by
traditional culture (22/127, 17.3%). Recent involvement in sex
work was reported by 16.9% (15/89) participants, and recent
injection drug use was reported by 44.2% (57/129) participants.
Overall, 60.3% (79/131) and 40.5% (53/131) participants were
living with hepatitis C and HIV, respectively.
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Table 1. Characteristics of young Indigenous people who have used drugs enrolled in the Cedar Project WelTel mHealth Program by phone ownership.
Characteristic

Total (n=131)

No phone (n=71)

Own a phone (n=59)

Pa value

N

n (%)

N

n (%)

N

n (%)

Age (years), median (IQR)

131

33 (30-36)

71

34 (31-36)

59

33 (29-36)

.26

Sex (female)

131

81 (61.8)

71

41 (57.7)

59

39 (66.1)

.43

Location (Prince George)

131

65 (49.6)

71

29 (40.8)

59

35 (59.3)

.05

In a relationship

129

33 (25.6)

70

19 (27.1)

58

14 (24.1)

.85

Sexual identity (LGBTQb)

131

23 (17.6)

71

7 (9.9)

59

16 (27.1)

.02

Education (Did not graduate high school) 129

106 (82.2)

69

58 (84.1)

49

47 (79.7)

.68

Recentc homelessness

131

34 (26.0)

71

17 (23.9)

59

17 (28.8)

.67

Recent housing instability

126

56 (44.4)

69

32 (46.4)

56

24 (42.9)

.83

Recent incarceration

128

19 (14.8)

69

13 (18.8)

58

6 (10.3)

.28

Traditional language spoken often at home 130
growing up

54 (41.5)

71

34 (47.9)

58

19 (32.8)

.12

Speak traditional language (yes or a bit)

130

53 (40.8)

71

32 (45.1)

58

20 (34.5)

.30

Often/always speak traditional language
today

130

4 (3.1)

71

2 (2.8)

58

1 (1.7)

>.99

Ever participated in traditional ceremonies 130

30 (23.1)

71

12 (16.9)

58

17 (29.3)

.14

Often or always live by traditional culture 127

22 (17.3)

70

12 (17.1)

56

9 (16.1)

>.99

Recent access to traditional food

130

63 (48.5)

71

30 (42.3)

58

32 (55.2)

.20

Resilience, mean (SD)

122

63.37
(21.35)

65

61.37
(20.05)

57

65.19
(22.75)

.33

Either parent at residential school

130

63 (48.5)

71

39 (54.9)

58

24 (41.4)

.18

Apprehended from biological parents

131

100 (76.3)

71

54 (76.1)

59

46 (78.0)

.96

Childhood sexual abuse (≤13)

123

70 (56.9)

66

30 (45.5)

56

39 (69.6)

.01

Ever attempted suicide

129

44 (34.1)

69

22 (31.9)

59

21 (35.6)

.80

Ever had a child apprehendedd

114

61 (53.5)

61

28 (45.9)

52

33 (63.5)

.09

Recent sex worke

15/89

16.9%

44

8 (18.2)

44

7 (15.9)

>.99

Recent sexual assault

5/129

3.9%

70

2 (2.9)

58

3 (5.2)

.66

Recent injection drug use

129

57 (44.2)

69

34 (49.3)

59

23 (39.0)

.32

Ever overdosed

130

52 (40.0)

71

29 (40.8)

58

23 (39.7)

>.99

130

51 (39.2)

71

29 (40.8)

58

22 (37.9)

.88

66

38 (57.6)

38

25 (65.8)

28

13 (46.4)

.19

129

109 (84.5)

70

55 (78.6)

58

53 (91.4)

.08

HIV infection

131

53 (40.4)

71

35 (49.3)

59

18 (30.5)

.046

Hepatitis C virus infection

131

79 (60.3)

71

46 (64.8)

59

33 (55.9)

.40

Psychological distress, mean (SD)

131

1.00 (0.84) 71

1.04 (0.90) 59

0.98 (0.77) .71

Recent hospitalization

131

15 (11.5)

5 (7.0)

10 (16.9)

Demographics

Cultural Connection & Resilience

Trauma

Sexual vulnerability

Substance use

Recent alcohol/drug treatment
Current methadone treatment

f

Ever tried to quit drugs/alcohol
Health outcomes
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71

59

.10
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P values indicated in italics are statistically significant.

b

LGBTQ refers to lesbian, gay, bisexual, transgender, queer or questioning sexual identities.

c

Recent refers to the 6-month period prior to the interview.

d

Among a subset of people who were parents (n=114).

e

Among a subset of people who said yes to having sex in the past 6 months (n=91).

f

Among a subset of people who said yes to ever being on methadone (n=66).

Patterns of Mobile Phone Use
Slightly less than half (59/130, 45.4%) of the participants
reported owning a phone at baseline. Among those, the majority
owned a smartphone (46/59, 78%), had an unlimited texting
plan (39/55, 71%), used the internet on their phone (44/59,
75%), and texted daily (44/55, 80%; Table 2). No differences

in the patterns of mobile phone use were observed between men
and women. Those who identified as lesbian, gay, bisexual,
transgender, queer or questioning (LGBTQ), or reported
experiencing childhood sexual abuse, were more likely at
enrollment to own a phone, while people living with HIV were
less likely to own one (Table 1).

Table 2. Baseline mobile phone use patterns among young Indigenous people who have used drugs who reported owning a phone at enrollment into
the Cedar Project WelTel Mobile Health Study (N=59).
Mobile phone use pattern

Value, n (%)

Type of phone (n=59)
Basic

13 (22)

Smart

46 (78)

Texting plan (n=59)
Yes

53 (89)

No

6 (10)

Type of text plan (n=55)
Pay as you text

12 (21)

Unlimited

39 (71)

Limited

2 (3)

Unsure

2 (3)

Access internet on phone (n=59)
Yes

44 (75)

No

15 (25)

Frequency of texting (n=55)
Never

3 (5)

Rarely (1× per month)

2 (3)

Occasionally (1× per week)

0 (0)

Frequently (2-3× per week)

6 (10)

Very frequently (daily)

44 (80)

Mobile Health Acceptance
Participants were asked whether they felt using a mobile phone
would be helpful for health care and if they had any concerns
using text messaging for their health (Table 3). A majority
reported that using a mobile phone for health would be
invaluable (120/130, 92.3%). There were no differences in
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mHealth acceptance among participants who owned a phone
and those who did not. All but one participant living with HIV
felt using a mobile phone would be helpful for their health,
while some HIV-negative participants remained unsure (1.9%
vs 11.7%; P=.047). No differences in concerns using text
messaging for health were observed between those living versus
not living with HIV.
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Table 3. Self-reported mHealth acceptance stratified by phone ownership and HIV status (N=130).
Mobile health acceptance Total (n=130), n (%) Phone ownership
Yes (n=59), n
(%)

HIV status
No (n=71), n (%) P value

HIV+ (n=53), n
(%)

HIV- (n=77), n
(%)

Do you think using a cell phone would help with your health care and be helpful to you?
Yes

120 (92.3)

55 (93.2)

65 (91.5)

No

0 (0)

0 (0)

Unsure

10 (7.7)

4 (6.8)

>.99

.047
52 (98.1)

68 (88.3)

0 (0)

0 (0

0 (0)

6 (8.5)

1 (1.9)

9 (11.7)

Do you have any concerns about using text messaging for your health care?
Yes

4 (3.1)

2 (3.4)

2 (2.8)

No

125 (96.2)

57 (96.6)

Unsure

1 (0.7)

0 (0)

P value

.45
>.99

1 (1.9)

3 (3.9)

68 (95.8)

51 (96.2)

74 (96.1)

1 (1.4)

1 (1.9)

0 (0)

Benefits of Phone Use for Health

Connection to Family

The survey included an open-ended question asking why using
a mobile phone may be helpful for health. Nearly all participants
(127/130, 97.7%) responded, suggesting a diverse set of
anticipated benefits. Analysis of these responses revealed 6
themes: (1) connection for emotional, mental, and spiritual
support, (2) connection to family, (3) staying in touch and/or
being reachable, (4) overcoming current barriers to phone use,
(5) convenience, privacy, and safety, and (6) access to health
care and emergency services.

Connection to family was identified as an important potential
health benefit by 8.7% (11/127) participants. One described
how having a phone would facilitate in-person visits with family:

Connection for Support
Many participants (29/127, 22.8%) anticipated that a mobile
phone would enable them to reach out or be contacted for
emotional, mental, and spiritual support. Supporters included
health professionals, “workers,” spouses, friends, and family.
One participant explained,
I am a social person…I constantly stay in contact
with people so I don't get depressed. [Female (F),
Prince George (PG)]
Another said,
Having someone to talk to or someone to call. That
helps. [F, Vancouver (Van)]
A third said,
Communicating, letting people know how you are,
what mood you’re in…if they know you’re in a bad
mood they might call you. [M, Van]
Having support reducing or abstaining from substance use was
how 4.7% (6/127) participants anticipated using or currently
used their phone for support. Participants felt that they could
use the phone to call their 12-step/recovery sponsor, remember
to take their methadone, access detox, and/or avoid a relapse.
For example, one participant explained:
My mental health hasn’t been all that good lately but
having someone to talk/text with will be better than
turning to the bottle or needle. I won’t be so alone.
[F, Van]
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So I can get ahold of family more and probably go
see them for Christmas! [M, Van]
A total of 5.5% (7/127) participants anticipated benefits related
to pregnancy and parenting, including being able to stay in touch
with social workers, receiving health care leading up to and
during labor, and calling for help in case of emergency.

Staying in Touch
Participants also spoke about the importance of “staying in
touch” more broadly, suggesting that the benefit of a mobile
phone was connection in and of itself. Some spoke about how
a phone would help reduce feelings of isolation and allow them
to, “keep connected with the world.” One person described how,
If I don’t have a phone I feel cut off, I get anxiety. [F,
Van]
Another said,
It’s nice to have someone check up on you sometime.
[F, PG]
Eight (8/127, 6.3%) participants described the value of being
more “reachable”, as being unreachable was perceived as a
source of stress for themselves and people around them. As one
participant put it,
I don’t have to stress—people can reach me. The
phone is my lifeline. [F, PG]

Overcoming Current Barriers to Phone Use
A number of participants spoke of barriers they currently faced
with accessing a phone or making calls. Many who did not
currently have a phone relied on borrowed phones, including
those belonging to friends, in the lobby of their building, or
available at local service agencies. Borrowing phones had
drawbacks including time and energy it took to find a phone,
time limits on phone calls, inability to receive messages or a
call back, lack of privacy, and potential for stigma or disclosure.
One participant explained the impact of time limits:
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16783 | p.253
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You have to get hold of people right away or it doesn’t
work out. [F, Van]
Another described concerns when calling from service agencies,
especially those known to serve people who use drugs:
If you call from [Vancouver’s supervised injection
facility], it has call display…then people know that
you’re a drug user. [M, Van]

Convenience, Privacy, and Safety
Some participants (16/127, 12.6%) indicated that having a
mobile phone would make communication more convenient,
including reducing the need to seek support on foot and save
you “the mileage on your shoes” [M, PG]. For 2.4% (3/127)
participants, privacy was an important anticipated benefit of
having their own phone. One explained that owning her own
phone would provide more control over the circumstances of
engagement with health care providers, whereas currently her
partner was too involved:
I can talk to my doctor one-on-one without having
[partner] follow me or know everything. [F, PG]
In addition, some participants felt that having a phone would
afford some degree of safety, including from violence in
relationships and street life.

Access to Health Care and Emergency Services
More than 20% of participants expected to use the study phones,
or currently used their own mobile phones, to connect directly
to health care, including calling doctors, nurses, and/or
counselors, arranging out-of-town medical care, making
appointments, organizing rides, and receiving messages from
health services. A total of 11.0% (14/127) participants also
planned to use their phones to receive medication and
appointment reminders, including reminder calls from health
care providers or setting a reminder on the phone itself. Owning
a mobile phone was also seen as a potentially important resource
in the case of physical or mental health emergencies faced by
the participants themselves or those around them.

Concerns About Using Texting for Health
Few participants (4/127, 3.1%) had concerns about using text
messaging for health (Table 3). In total, 2.4% (3/127)
participants spoke about anticipated challenges with mobile
phone technology, including poor eyesight and low literacy,
making it difficult to read and respond to text messages; 1.6%
(2/127) participants reported fear that mobile phones may cause
cancer. One participant raised issues about confidentiality,
explaining that it may be hard to confirm,
that you’re talking to the right person. [M, Van]
However, others spoke about how confidentiality was not a
concern because either they did not feel they had serious health
concerns or they would take steps to protect their privacy. For
example, 1 participant said,
No. Nobody’s going to be looking at my phone. Even
if they try there’ll be a password. [F, Van]
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Discussion
Patterns of Mobile Phone Ownership
To our knowledge, this is the first study to report on patterns
of mobile phone ownership and use among young Indigenous
people who have used drugs in Canada. Less than half (45.4%)
of the participants in this study owned a mobile phone. Observed
phone ownership was considerably lower than rates in Canada
and North America in general, and similar or lower compared
with other marginalized groups, including street-involved youth
(45%-63%), homeless adults (44%-78%), and people who use
drugs (83%-86%) [33-38]. Many young Indigenous people have
been acutely affected by colonization, including having parents
and family members who were forced into residential schools,
removal from family into the child welfare system, and
experiences of childhood sexual abuse [39,40]. Some have
turned to substance use as a way to cope with the effects of
these historical and lifetime traumas [40-42]. Intersections of
substance use and poverty can create barriers to connectedness,
for example, by contributing to incarceration and housing
transitions [43]. Lack of phone ownership must be understood
within the context of colonization, which continues to impact
the well-being of Indigenous people across Canada and is a key
consideration for future mHealth programs [44].
Despite low phone connectivity, a majority of participants,
including those living with HIV, felt that using a mobile phone
for their health would be helpful. Mobile phones were viewed
as a way to support social connections, which may reflect an
Indigenous worldview that highlights connectivity, relationships,
interconnectedness, and interdependence as critical to health
and well-being [45-50]. This was demonstrated in participants’
emphasis on the role of mobile phones as a way to re/connect
with family, despite experiences of childhood trauma and, often,
many years of separation [39-42]. Three-quarters (76%) of the
participants had been taken from their parents into the child
welfare system, and as a result, many lived far from their home
communities. Yet, despite experiencing traumatic separations,
family connections remain a powerful source of strength and
resilience among young Indigenous people, as highlighted in
other studies [51,52]. From a wholistic perspective of health
and well-being, phones may provide an important way of
connecting with family and loved ones, especially when living
far from home.
The vital role of family in health and well-being has also been
identified specifically among Indigenous people living with
HIV [24]. Family relationships can be an important source of
strength, a foundation of emotional support, and a motivator to
stay healthy [53-55]. Family members, including partners,
parents, and children often provide primary or first line support
[55], helping to meet the logistical and emotional demands of
dealing with diagnosis [56], initiating care [57], and adhering
to medication [58]. Among Cedar participants living with HIV,
access to mobile phones may enhance access to family networks
who may provide social, material, and emotional support as
they navigate complex health issues, systems, and treatment
regimens [59].
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Mobile phones were also seen as an opportunity to support
health and well-being in the context of pregnancy and parenting.
Previous Cedar research among young Indigenous mothers
observed that being able to parent their children was key to
participants’ own wellness, while those whose children had
been taken into care expressed feelings of deep regret and loss
[41]. Participants in this study included pregnant mothers
preparing for birth, parents of children currently in care of the
state who were interested in visitation and regaining custody,
and parents with custody of children who were navigating
ongoing relationships with social workers as well as trying to
protect their children’s health and safety. Participants identified
diverse ways in which being connected by phone would support
carrying out their responsibilities as parents as well as nurturing
their connections with children in care.

Implications of Phonelessness for Health and Wellness
Indigenous people who use drugs have frequently encountered
systemic and interpersonal racism, stigma, and judgment within
harm reduction and health services [23,54,60-62]. As noted by
other researchers, participants in this study reflected that periods
of “phonelessness,” contribute to substantial burdens of time
and energy required to remain in contact with services through
in-person visits or borrowing a phone [2]. These efforts are not
always successful and can result in missed follow-up calls,
appointments, and test results [2]. Cedar participants anticipated
that having a mobile phone would support access to health care,
such as allowing them to speak directly with a provider (doctor,
clinic, nurse, pharmacist, and counsellor), coordinate
appointments, and visit logistics, or call 911 in an emergency.
Participants also viewed mobile phones as potential tools for
accessing emotional, mental, and spiritual support from a diverse
group of care providers when experiencing crises related to
unaddressed trauma, substance use, and/or mental health
challenges. This may reflect a desire to access what Indigenous
scholars have described as “relational care,” which emphasizes
connections and takes a “whole person” perspective of
well-being [54].
The impact of phonelessness on overall health may be especially
pronounced in the context of HIV care. Findings from our recent
systematic review highlighted profound gaps in access to the
HIV cascade of care among Indigenous peoples [24]. Emerging
evidence also indicates that barriers to phone access may be
associated with poorer health outcomes among people with HIV
[38]. However, our study indicates that young Indigenous people
living with HIV are especially interested in receiving mHealth
support to enhance engagement with health care. Others have
shown that mHealth programs may improve relationships
between health care providers and patients over time [16,63],
and that strong patient-provider relationships that are engaging,
validating, and emphasize partnership are more likely to
facilitate engagement and retention in HIV care [64]. For young
Indigenous people who use drugs, mHealth programs that take
a culturally safe approach, including avoiding judgment of drug
use and honoring Indigenous identities, may help to strengthen
relationships with health care providers and engagement in care
[65,66].

https://mhealth.jmir.org/2020/7/e16783

XSL• FO
RenderX

Jongbloed et al
A mobile phone may also be vital for the safety of young
Indigenous people who use drugs, in the face of housing
instability [43], police surveillance [29], transitions into injection
[67], sexual assault [68], suicide [69,70], and overdose [70]. A
qualitative study of 43 street-involved youth in Seattle observed
that mobile phones have become intrinsic to safety [71]. Among
100 homeless people in Philadelphia, participants described
how with access to a mobile phone, “help is a phone call away,”
especially in the context of threats to health and safety [35].
Cedar participants discussed how phones would support their
safety by enhancing their privacy and enabling them to assist
others by calling 911 in an emergency. Mobile phones may also
be an important source of safety information for people who
use drugs by allowing them to subscribe to relevant text message
alerts [35]. For example, the Vancouver Community Network
Street Messaging System sends emergency text alerts such as
extreme weather shelter openings or “bad batch” incidents to
enrolled residents [72]. Closely related to safety is the impact
of not having a phone on privacy. This may be of particular
concern for people living with HIV or using substances in the
context of persistent stigma and criminalization. For example,
Gonzales et al described how reliance on borrowed phones by
29 low-income clients of an HIV clinic created a risk of HIV
disclosure, such as if the clinic returned a call or if the owner
of the phone was present during the call [2]. For one of our
participants who relied on her partner’s phone, having a phone
of her own presented an opportunity to speak to her doctor
privately without her partner “knowing everything.” Taken
together, these findings suggest that mobile phones may provide
a degree of safety and autonomy for young Indigenous people
who use drugs.

Addressing Mobile Connectivity Challenges
Continuity of phone connection was often not consistently
available to Cedar participants via a mobile phone and plan
[2,35]. Our survey did not differentiate between having a phone
versus having a phone with a phone number and airtime credit.
However, when asked if they had a phone, many participants
produced a handset, but explained that it was not connected
except through Wi-Fi. Through informal discussions that
emerged while administering this survey, we learned that mobile
phone handsets are fairly accessible to participants and they
reported getting phones from various sources, including second
hand, as gifts, and through trades. However, substantial barriers
to maintaining cellular connectivity exist, including high costs
and existing debts with providers, that prevent participants from
having a phone plan [33,35]. Of note, the costs of cellular
services are notably higher in Canada than in other international
markets, especially when the most basic packages are compared
[73]. Gonzales [4] offers the concept of “technology
maintenance” to highlight the time, energy, and money required
to maintain phone connectivity even after a phone handset is
acquired and uses the term “dependable instability” to refer to
the frequent, short-term disconnections among low-income
people in the United States. Many Cedar participants may
experience such periods as a result of jail, housing transitions,
relationship breakdowns, phone loss, lack of phone credit, or
missed payments. Participants identified the resultant loss of
touch with support and service networks as significant barriers
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to access. In her study of 37 low-income clients attending two
free health clinics in the US Midwest, Gonzales et al [2] found
that short-term phonelessness contributed to lost employment,
lost welfare benefits, and strains on social support networks,
which she describes as critical for health. The authors argued
that frequently changing mobile phone numbers may disrupt
access to health services, resources, and social support [2].
Homeless adults in Philadelphia also characterized phones as
being important tools to fulfill responsibilities to work, housing,
and social support—all powerful social determinants of health
[35,74].
In the absence of a phone number where they can be reached
consistently over time, many participants use social media and
messaging apps (eg, Facebook) that can be accessed via Wi-Fi
on a smart phone that does not have a cellular plan. High use
(90%) of Facebook and other Web-based communication tools
have been observed among other marginalized groups, including
street-involved youth in Denver [34], British Columbia [33],
and Seattle [75]. When a phone is lost, stolen, or disconnected,
these points of digital connection are not severed in the same
way as when the phone number is cancelled. However, at
present, it is not common practice for health care providers to
connect using these alternative digital technologies, perhaps
because of institutional policies limiting the use of social media
[2]. Reaching clients via messaging apps other than SMS may
be a useful way to stay connected despite phone disruptions.
Previous research has suggested that the success of mHealth
programs that rely on text messages may be a result of
capitalizing on technology that is both familiar and part of
regular habits and routines, rather than creating something new
(such as a new mobile app) that requires behavior change [76].
Given that many participants had access to a mobile phone
without a cellular plan, future programs may be interested in
using Web-based messaging programs that have better continuity
in the event of phone loss or missed payments.

Recommendations for Future Mobile Health Programs
Taken together, the findings discussed so far emphasize the
importance of addressing ongoing phone access and connectivity
within future mHealth programs involving young Indigenous
people who use drugs. In addition, participants’ perspectives
support growing evidence that two-way, open-ended supportive
mHealth interventions are more effective than those that are
more narrowly focused (eg, reminders only, single health
condition) [77-79]. First, participants voiced a broad view of
their health, which captures physical, emotional, mental, and
family wellness. This is affirmed by studies that articulate a
diversity of health priorities among Indigenous people living
with/affected by HIV, beyond those directly related to the virus
[80,81]. Others have described a variety of strategies Indigenous
people living with HIV use to stay healthy that include, but are
not limited to, taking antiretroviral therapy (ART) medications
[57]. Narrowly focusing on HIV/AIDS prevention and treatment
outcomes, such as substance use recovery or ART adherence,
may limit the potential for mHealth programs to address a

https://mhealth.jmir.org/2020/7/e16783

XSL• FO
RenderX

Jongbloed et al
person’s own health priorities and goals. Further, frameworks
developed by Indigenous bodies to guide mental wellness and
substance use services in British Columbia and Canada call for
programs that build on the principle of wholistic wellness
[48,82]. Second, highly targeted approaches, such as text
message reminders to take a specific medication such as ART
or methadone may disclose the participants’ HIV status or drug
use if intercepted. Open-ended text messages, such as the “how
are you?” approach taken in the original WelTel Kenya trial
minimizes the possibility of disclosure by allowing participants
to direct the conversation according to their comfort level [13].
In the context of ongoing stigma and criminalization of drug
use and HIV in Canada and elsewhere, avoiding unwanted
disclosure is essential [83,84]. However, the participants
reported few concerns in this regard. It is possible that lack of
concern stemmed from the fact that participants already
constantly navigate privacy and disclosure related to drug use
and HIV status and have established strategies they would apply
in the mHealth context.

Limitations
This study has several potential limitations. The cross-sectional
design limits the identification of trends or causal associations.
Our sample may not be representative of all young Indigenous
people who have used illicit drugs in British Columbia; however,
efforts were made to ensure that a diversity of characteristics
were represented, including gender, city of residence, and
injection and noninjection drug use. Further, Indigenous peoples
are diverse, and as this survey involved a particularly vulnerable
group of young Indigenous people who have used drugs,
findings cannot be generalized to young Indigenous people in
general. Finally, our survey did not capture participants’ use of
mobile handsets that were not connected via a cellular plan.
However, this has emerged as an area for future research.

Conclusions
While interest in using mobile phones for health is high among
young Indigenous people who have used drugs in British
Columbia, low rates of phone ownership present a barrier to
engagement in mHealth. Future mHealth programs will need
to take this into account, either by providing mobile phone
handsets and cellular plans, by supporting texting through
Web-based platforms currently utilized by their client base or
innovating to reduce periods of phonelessness and/or loss of
connectivity. Mobile phones were viewed as a way to support
connections and relationships that are seen as critical to health
and well-being among the young Indigenous people in this
study. In addition, participants articulated a wholistic view of
health that included physical, mental, emotional, and family
well-being. As a result, open-ended mHealth initiatives for
young Indigenous people who have used drugs that strengthen
relationships with care providers and other social supports,
enable individuals to set their own priorities for health and
well-being, and take a culturally safe approach are
recommended.
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Abstract
Background: Modern technologies, including smartphone apps, have the potential to assist people with cognitive impairment
with activities of daily living, allowing them to maintain their independence and reduce carer burden. However, such tools have
seen a slow rate of uptake in this population, and data on the acceptability of assistive technologies in this population are limited.
Objective: This pilot study included older adults with cognitive impairment and their carers, and explored the perceived needs
for and acceptability of an app that was designed to be a simple assistive tool for activities of daily living. In particular, this study
aimed to assess the acceptability of common app functions such as communication, reminder, navigation, and emergency tools
in this population, and to compare patients’ and carers’ responses to them.
Methods: A total of 24 German participants with mild cognitive impairment or dementia and their family carers separately
completed two short questionnaires. The first questionnaire asked the participants with cognitive impairment and their carers to
self-rate the patients’ cognitive impairment levels and affinity to technology. Following a demonstration of the app, participants
rated the usability and acceptability of the app and its functions in a second questionnaire.
Results: Participants rated themselves as much less cognitively impaired than their carers did (P=.01), and insight into the level
of support they received was low. The majority of the participants (19/24, 79%) and their carers (20/24, 83%) had low affinity
to technology, and even after the demonstration, 63% (15/24) of the participants had low interest in using the app. A breakdown
of acceptability responses by app function revealed that participants were more amenable to the reminder function, the emergency
feature, and a wearable form of the app. Features that centered around carers monitoring participants’ movements were reported
to be less acceptable to participants.
Conclusions: This study highlights the importance of focusing on acceptability and the consumer’s perceptions in the development
of assistive technology for older adults with cognitive impairment. Participants showed an aversion to functions they perceived
as eroding their independence, while functions that more closely aligned with independence and autonomy were perceived as
more acceptable.
(JMIR Mhealth Uhealth 2020;8(7):e16928) doi:10.2196/16928
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Introduction

would increase their motivation for using it. These insights may
be key to increasing uptake rates in this population.

By 2050, the World Alzheimer's Report 2015 projected that
over 20% of the world’s population will be over the age of 60
years [1]. With this comes a projected rise in the prevalence of
dementia and mild cognitive impairment (MCI) [1]. The greatest
cost of dementia care has been found to be unpaid or informal
care, which costs 16,473€ (US $21,011) per patient annually in
Germany, in addition to productivity losses for caregivers who
are employed [2]. Most informal carers of people with memory
problems are their spouses, who provide help with daily
activities [2].

In this pilot study, we engaged in a preliminary exploration of
the acceptability of a simple smartphone app among people
with mild cognitive impairment and dementia and their family
carers living in the community. The app was designed to aid
the person with cognitive impairment in activities of daily living,
including communicating with friends and family, navigating,
and serving as a memory prompt and emergency alert system.
The study aimed to obtain feedback from people with cognitive
impairment and their family carers separately on their perceived
need for such a support, and whether its functions would be
useful and feasible for everyday use. Although we explored the
usability and acceptability of each of the app’s functions, the
focus of this study was not on the design of this app specifically,
but rather on the participants’ and carers’ perceived need and
usability of an assistive app in general.

In recent years, there has been an increased interest in how
modern technology can assist with the daily activities of older
adults with cognitive impairment [3,4]. Technologies that are
being explored include reminder systems (such as medication
prompts), tools for maintaining social contact, navigational and
safety monitoring tools, and stimulation tools (for entertainment
or cognitive training) [3]. There is evidence to suggest that these
technologies have the potential to not only benefit people with
cognitive impairment by increasing or preserving their
independence and safety, but also to subsequently support carers
by reducing the time and energy spent on daily caregiving
activities and reducing anxiety about taking respite time [4,5].
However, technologies for people with cognitive impairment
have seen a slow rate of uptake, which could be partly attributed
to a lack of user-centered design and validation [6,7]. Studies
have tended to focus on technological possibilities and design
rather than the usability and acceptability of these technologies
for older people [8], which are particularly important to evaluate
for this population that is often reluctant to adopt new
technologies [9]. Even in studies that have evaluated technology
usability among people with cognitive impairment, carers have
often been the participants [10]—few have evaluated usability
or acceptability for people with memory problems [9,11,12].
Furthermore, in the studies that have included people with
memory problems, their opinions have not been reported
separately from their carers’, which may differ significantly
[9,12]. In order to be acceptable, the technology must not only
be easy to use (ie, it must have high usability) but must also
spark motivation in the user to adopt it in everyday life [9].
Little is known about which features people with cognitive
impairment would value in assistive technology, and which
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Methods
The App
The app used was a pilot developed in collaboration with
professionals in the fields of informatics and dementia. It used
a simple interface and had four key functions: (1) simplified
phone calls and voice or text messages to predefined contacts;
(2) a memory aid, used to save speech and text notes as
reminders, such as reminders for taking medications; (3) a
one-click emergency call to the predefined carer; and (4) a
simplified pedestrian navigation system. The app interface was
in German.

Participants and Recruitment
From an outpatient memory clinic in Germany, 24 older adults
with a diagnosis of MCI or dementia and their family or informal
carers were recruited (demographic data are displayed in Table
1). Patients were invited to participate in the study if (1) they
had been diagnosed with MCI or mild dementia at a prior visit,
and (2) if they had a close relative/carer. All patients who visited
the memory clinic (irrespective of the reason, whether it was
for a follow-up visit, clinical trial participation, or counseling)
and fulfilled the inclusion criteria were asked to participate, and
if they agreed, an appointment for the study visit was scheduled.
Demographic data for the participants are displayed in Table 1.
Of the 24 patients recruited, 14 (58%) of the patients lived in
the same household as their carer.
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Table 1. Participant demographic data.
Characteristic

Patients (N=24)

Carers (N=24)

Age (years), mean (SD, range)

74.5 (6.1, 57-84)

62.4 (16.0, 31-83)

Men

8 (33)

15 (62)

Women

16 (67)

9 (38)

Education, > 12 years, n (%)

8 (33)

11 (46)

MMSEa score, mean (SD, range)

22.4 (4.2, 10-28)

Gender, n (%)

Diagnosis, n (%)
MCIb

6 (25)

N/Ac

Dementia caused by Alzheimer’s disease

16 (67)

N/A

Other neurodegenerative dementia

2 (8)

N/A

Spouse

N/A

7 (29)

Child

N/A

7 (29)

Other type of relative

N/A

1 (4)

Friend

N/A

2 (8)

Relationship to patient, n (%)

a

MMSE: Mini-Mental State Examination.

b

MCI: mild cognitive impairment.

c

N/A: not applicable.

Procedure and Measures
Patients and carers first completed a short, simple questionnaire
in separate face-to-face interviews conducted in their native
German. They each self-rated the patient’s impairments and
obstacles in daily living by responding to questions about how
often appointments and medications are forgotten, how often
memory aids are used, and how often they become disoriented
outside the home. Responses were indicated using “rarely,”
“sometimes,” “often,” or “supported by carer” options, with the
latter indicating that a task was perceived as possible only with
carer support. They also each rated the patient’s affinity to
technology and answered questions about the patient’s
experience with using devices such as smartphones and
computers. Demographic information was also collected in this
questionnaire.
The interviewer then demonstrated the app to the patients and
their carers, explaining all functions and answering any
questions. Patients and carers were given the opportunity to try
using the app’s functions, with help from the interviewer if
needed. This lasted for approximately one hour.
Finally, patients and carers rated the usability and acceptability
of the app. This was assessed through a short questionnaire
administered in separate face-to-face interviews about the clarity
of the layout, interest in finding out more about the app, interest
in trying the app, and ratings of each function’s usefulness.
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Ratings of usability and acceptability were measured using
“low,” “moderate,” “high,” or “don’t know” responses.
This project was approved by the Ethics Committee of the
Medical Faculty of the Technical University of Munich
(335/18S).

Data Analysis
Data analysis was performed using the Statistical Package for
the Social Sciences (SPSS; IBM Corp). Descriptive analyses
were performed to summarize the socio-demographic data and
frequencies generated for survey answers. A Wilcoxon
signed-rank test was used to analyze differences between
patients’ and carers’ perceptions of impairments in daily living.
A statistical threshold of P<.05 was considered statistically
significant.

Results
The patients tended to rate their impairments as less severe than
their carers did (see Table 2). When asked how often they had
problems with aspects of their memory or concentration, carers
responded that patients were affected more often than the
patients did. The Wilcoxon signed-rank test revealed that
perceptions differed significantly between patients and carers
on every aspect of daily living that was asked about in the survey
(see Table 2).
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Table 2. Participants’ (N=24) self-rating, carers’ (N=24) rating of the participants’ impairments, and P values for differences between their perceptions.
Question

Response
Rarely

Sometimes

Often

Carer supported

.012a

How often is the patient’s memory and concentration impaired?
Patients, n (%)

5 (21)

14 (58)

5 (21)

N/Ab

Carers, n (%)

2 (8)

7 (29)

15 (63)

N/Ab
.001a

How often does the patient forget appointments?
Patients, n (%)

12 (50)

6 (25)

2 (8)

4 (17)

Carers, n (%)

5 (21)

1 (4)

3 (13)

15 (62)
.007a

How often does the patient forget to take their medication?
Patients, n (%)

10 (42)

3 (12)

0 (0)

11 (46)

Carers, n (%)

3 (13)

2 (8)

2 (8)

17 (71)
.028a

How often does the patient get disoriented outside the home?

a

P value

Patients, n (%)

17 (71)

3 (12)

0 (0)

4 (17)

Carers, n (%)

11 (46)

5 (21)

2 (8)

6 (25)

A statistical threshold of P<.05 was considered statistically significant.

b

N/A: not applicable.

Of the 24 carers, 20 (83%) rated their own general affinity to
technology as “low.” Despite this, half of the 24 carers reported
that they had “high” (7/24, 29%) or “very high” (5/24, 21%)
levels of preparedness for using an app, indicating their interest
in using such an assistive tool. Half (12/24, 50%) of the 24
patients never used a mobile phone, and out of those who did,
only 3 (13%) used a mobile phone at least once a week. Of the
24 carers, 19 (79%) reported that the patient’s ability to
successfully use an app would be “low,” while the remaining
5 carers believed it would be “moderate.” In the
predemonstration interview, most patients (18/24, 75%) reported
“low” interest in getting a short introduction to the app and its
use, which corresponded with the 19 (19/24, 79%) carers who
believed their relative’s willingness and ability to use an app
would be “low.” These responses were given despite the fact
that 10 (42%) of the 24 patients reported frequent use of aids
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like calendars or notebooks for everyday tasks (while 4 patients,
17%, reported using such aids “occasionally”).
After the demonstration of the app, patients’ willingness to try
the app only changed moderately—15 (63%) of the 24 patients
still reported “low” interest in trying the app despite most of
them (18/24, 75%) reporting that the layout was “clear.”
However, their perceptions about the usefulness of each function
varied (see Table 3). Patients rated the reminder and emergency
functions more highly than the navigation function. Interestingly,
carers were more likely to feel safe if they could see the patient’s
location, whereas patients did not rate the usefulness of the
navigation and location function highly. Surprisingly, a large
proportion of patients thought that having the app in a wearable
form, such as on a smartwatch, would be useful—7 (29%) of
the 24 patients reported “moderate” or higher usefulness.
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Table 3. Patients’ (N=24) and carers’ (N=24) ratings of the usefulness of the app’s functions.
Question

Response
Low

Moderate

High

Don’t know

How likely is it that the patient would use the navigation function?
Patients, n (%)

14 (58)

1 (4)

1 (4)

8 (33)

Carers, n (%)

16 (67)

8 (33)

0 (0)

0 (0)

How much would it increase your feeling of safety if the carer could see the patient’s location?
Patients, n (%)

16 (67)

2 (8)

2 (8)

4 (17)

Carers, n (%)

13 (54)

7 (29)

4 (17)

0 (0)

How likely is it that the patient would use the reminder function for appointments/medications?
Patients, n (%)

9 (38)

7 (29)

2 (8)

6 (25)

Carers, n (%)

13 (54)

4 (17)

7 (29)

0 (0)

How useful would it be if the carer could update appointments in the app via the internet?
Patients, n (%)

12 (50)

4 (17)

4 (17)

4 (17)

Carers, n (%)

15 (62)

5 (21)

4 (17)

0 (0)

How likely is it that the emergency function would be useful?
Patients, n (%)

5 (21)

7 (29)

5 (21)

7 (29)

Carers, n (%)

10 (42)

6 (25)

8 (33)

0 (0)

How useful would it be if the app came in a wearable form, like on a smartwatch?
Patients, n (%)

8 (33)

2 (8)

5 (21)

9 (38)

Carers, n (%)

6 (25)

11 (46)

7 (29)

0 (0)

Discussion
Principal Findings
This pilot study included several findings that will be useful in
the design of apps for people with cognitive impairment,
including the significant discrepancy between perceived levels
of cognitive impairment between people with cognitive
impairment and their carers. There was low overall interest in
such an app, and specifically, patients were least interested in
functions that facilitated carers with monitoring their activities.
This study has begun to address a gap in the research, surveying
not only carers’ perceptions of assistive technology but also the
perceptions of people with cognitive impairment.
In this study, there were clear discrepancies between the ratings
given by the participants with cognitive impairment and their
carers in every aspect of cognition. Participants with cognitive
impairment most frequently responded that they rarely or only
sometimes forgot appointments or became disoriented outside
the home, and did not acknowledge that they were supported
by their carers as often as carers reported they were. Limited
insight into their own need for support in daily activities may
be a barrier to the uptake of assistive technology by this
population [6].
Even after receiving the demonstration of the app, almost
two-thirds (15/24, 63%) of the participants with cognitive
impairment had low-interest levels in trying the app, and they
frequently responded with the “don’t know” option when rating
the app functions’ usefulness, showing ambivalence toward
http://mhealth.jmir.org/2020/7/e16928/
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adopting the technology. Previous research has shown that the
use of technology can ignite positive feelings of mastery in
older adults [12], and a review of mobile assistive technologies
for people with dementia found that there was a dire need for
these tools to tap into higher-level human needs, such as
self-esteem and creativity [13]. However, the low-interest levels
in this study point to a barrier to technology adoption. Studies
have found that learning to use new technologies can call an
older adult’s attention to their diminishing memory and
functioning [14], and it is possible that participants in this study
were responding to such a recognition with denial of their need
for assistive apps. It is clear from this study that simply
demonstrating the functionality of assistive technologies is not
enough to spark interest in their use, and that it may even turn
potential consumers away if their use is perceived to be
demeaning or to highlight impairments [12].
Although this study does not offer a promising likelihood of
people with cognitive impairment adopting such an app, it did
provide useful findings on the acceptability of the app’s different
functions. Most evident was the fact that people with cognitive
impairment appeared to have a desire to maintain their
independence. While participants with cognitive impairment
were moderately open to the usefulness of the reminder function,
they were less open to the idea of their carer being able to update
their appointment information remotely. This desire also
manifested in responses to the app’s navigation function—nearly
half (11/24, 46%) of the carers reported that being able to see
the patient’s location would at least moderately increase their
feelings of safety, but about two-thirds (16/24, 67%) of the
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patients reported that it would not make them feel safer. The
patients were more amenable to having an emergency function
handy, which suggests that they preferred carer help to be on
an on-call basis rather than as an ongoing presence. This view
differed from the typical view of the carers, who leaned toward
being supportive of surveillance and monitoring technology
[12,15]; this should be noted in future studies.
Interestingly, in a qualitative study, Hill et al [16] found that
older adults perceived technology to be contributing to the
erosion of independence and skills such as problem-solving in
younger people; these older adults correlated the ability to live
without technology dependence with self-reliance and the
preservation of cognitive skills [16]. Despite 42% (10/24) of
the participants with cognitive impairment in this study reporting
the use of aids to assist with everyday memory tasks, it is
possible that participants could have been similarly resistant to
using technological aids for the same reason. Further, in another
qualitative study by Arntzen et al [17], people with younger
onset dementia reported that new technology had to fit well into
their habitual routines to facilitate adoption. The relative
similarity between a smartwatch and a regular watch may bridge
the adoption of a new technology, and this is supported by the
finding that 7 out of 24 patients (29%) thought it would be useful
to have the app on a smartwatch, a greater proportion of patient
agreement than was observed for any other app function rating.
Although this is mere speculation, the need to relate assistive
technology to higher-level needs in order to facilitate better
technology adoption rates is apparent [13]—the need for
autonomy and identity maintenance was clear in this study’s
population sample [17].
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Limitations and Future Directions
This study had several limitations. Participants were given
limited time to trial the app; had they been permitted to trial the
app at home, it is possible that they could have developed greater
confidence in and acceptability of using the app over time.
Furthermore, we did not capture in the questionnaire whether
the participants completely understood the functionality of the
app (although anecdotal impressions from the interviewer were
that they grasped the concept). The study’s sample size was
small, which limited the ability to conduct statistical analyses
on the data.
However, this study captures attitudes that would be present in
the decision-making moments regarding the use or purchase of
an app. Future studies would benefit from involving people with
cognitive impairment in all aspects of assistive technology
development. While this population may find technologies
acceptable when scaffolded by training and provision of devices,
or in the evaluation phase, gauging interest at the outset may
be vital to unpacking higher-level needs that increase technology
use in this population [18].

Conclusions
Overall, this study has provided useful preliminary findings on
older adults with cognitive impairment and their carers’
perceptions of the usefulness of different functions that can be
provided within an app to assist with everyday tasks. The need
for assistive apps and technology to be tailored toward autonomy
and identity maintenance to be acceptable was apparent.
Aligning assistive technology to these needs may improve the
uptake of technology in this population.
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Abstract
Background: Mobile health (mHealth) interventions are becoming more common in low-income countries. Existing research
often overlooks implementation challenges associated with the design and technology requirements of mHealth interventions.
Objective: We aimed to characterize the challenges that we encountered in the implementation of a complex mHealth intervention
in Uganda.
Methods: We customized a commercial mobile survey app to facilitate a two-arm household-randomized, controlled trial of
home-based tuberculosis (TB) contact investigation. We incorporated digital fingerprinting for patient identification in both study
arms and automated SMS messages in the intervention arm only. A local research team systematically documented challenges
to implementation in biweekly site visit reports, project management reports, and minutes from biweekly conference calls. We
then classified these challenges using the Consolidated Framework for Implementation Research (CFIR).
Results: We identified challenges in three principal CFIR domains: (1) intervention characteristics, (2) inner setting, and (3)
characteristics of implementers. The adaptability of the app to the local setting was limited by software and hardware requirements.
The complexity and logistics of implementing the intervention further hindered its adaptability. Study staff reported that community
health workers (CHWs) were enthusiastic regarding the use of technology to enhance TB contact investigation during training
and the initial phase of implementation. After experiencing technological failures, their trust in the technology declined along
with their use of it. Finally, complex data structures impeded the development and execution of a data management plan that
would allow for articulation of goals and provide timely feedback to study staff, CHWs, and participants.
Conclusions: mHealth technologies have the potential to make delivery of public health interventions more direct and efficient,
but we found that a lack of adaptability, excessive complexity, loss of trust among end users, and a lack of effective feedback
systems can undermine implementation, especially in low-resource settings where digital services have not yet proliferated.
Implementers should anticipate and strive to avoid these barriers by investing in and adapting to local human and material
resources, prioritizing feedback from end users, and optimizing data management and quality assurance procedures.
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Introduction
Mobile health (mHealth) and other electronic health (eHealth)
interventions are becoming more common in low-income
countries as advances in technology have enabled researchers
and practitioners to engineer seemingly simple solutions to
complex public health problems [1,2]. In many countries in
sub-Saharan Africa, access to mobile phones is nearly universal,
and mHealth apps such as mobile data collection software and
SMS are showing great promise for enhancing capacity in
resource-constrained health systems [3-5]. For example,
mHealth technologies can promote treatment adherence [6-10],
enhance access to and uptake of maternal and child health care
services [11,12], and improve the quality and reliability of
services by connecting external quality assurance teams directly
to diagnostic instruments [13]. However, mHealth studies have
met with mixed success in achieving their aims in these settings:
many interventions have been piloted, yet few have made it into
routine practice [1,3,14,15]. In many cases, it is unclear whether
this lack of success reflects the ineffective implementation of
these technologies or a lack of efficacy of the interventions
themselves as most pilot studies do not report on implementation
outcomes.
Implementation science is an emerging field that is highly
relevant for answering such questions in mHealth by using
interdisciplinary approaches, including quantitative and
qualitative process evaluation. The goals of such investigations
may be exploratory (ie, to plan for future implementation) or
explanatory (ie, to identify causes of past implementation
failures). Implementation science methods may be particularly
useful for evaluating complex interventions, which are
characterized by the presence of multiple interacting components
that are a common feature of mHealth deployments. These
methods are also well-suited to showing how changes in the
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implementation context may influence delivery [16].
Understanding the process and context can help improve fidelity
to the core elements that drive the effectiveness of an
intervention, as well as the adaptability of the intervention to
the local setting [17].
The Consolidated Framework for Implementation Research
(CFIR) is among the most widely used tools for planning and
evaluating implementation in public health and population health
[18]. It draws heavily on a rich literature on innovation in health
and society [19,20]. According to the CFIR, factors at multiple
levels may contribute to the success or failure of
implementation, including (1) the characteristics of the
intervention; (2) the inner setting where implementation is
occurring; (3) the outer setting (ie, the economic, political, and
social context within which an organization resides); (4) the
characteristics of the implementers; and, finally, (5) the
processes of implementation (Figure 1). Although the CFIR
and other determinant frameworks have been widely applied to
characterize implementation research [21-23], the CFIR has
rarely if ever been used to examine the unique challenges
associated with implementing mHealth interventions. Moreover,
formal evaluations of mHealth implementation outcomes are
especially important in low- and middle-income countries where
information technology (IT) resources are more constrained,
yet very few analyses of mHealth interventions in these settings
have directly examined these challenges [24,25]. We used the
CFIR to describe the process of implementing a complex
mHealth intervention for tuberculosis (TB) case finding in
Kampala, Uganda, in the context of a randomized controlled
trial that showed no effect on the primary outcome. Our
objectives in this study were to characterize the key challenges
to introducing this intervention as planned to use a widely
established implementation framework and to use the insights
gained to propose generalizable, setting-appropriate solutions
to mHealth implementation challenges.
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Figure 1. The Consolidated Framework for Implementation Research (CFIR), showing the five principal domains and highlighting 4 of the 39 underlying
constructs/subconstructs that were identified as the most significant barriers and facilitators in the current analysis. Barriers and facilitators associated
with constructs in the Outer Setting domain were not identified in this analysis. Barriers and facilitators associated with constructs/subconstructs in the
Process domain have been previously described, and are not highlighted here [26,27].

Methods
Setting
Kampala, the capital city of Uganda, has approximately 3
million people. Rapid population growth in recent years has
strained the capacity of the health care infrastructure to meet
public health demands, and a high burden of infectious diseases
compounds these problems. Given the high penetration of
mobile phones and internet access, there has been interest in
using new information and communication technologies (ICT)
to support health infrastructure and improve patient care [4,28].
Although many mHealth and eHealth interventions have been
piloted throughout Uganda, a shortage of trained ICT support
personnel and a lack of public funding for digital health has
limited adoption of technology into routine health practice [29].

Developing the mHealth App
In 2015 (Figure 2), after a period of gathering mixed-methods
data on user preferences and technology use [4], our study team,
which included an experienced mHealth evaluator (JEH), an
experienced mHealth implementer (DM), and commercial
partners (Dimagi), created a customized mHealth app using
CommCare software (Dimagi). The app was designed with two
goals in mind: (1) to facilitate the implementation of household
http://mhealth.jmir.org/2020/7/e19552/
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RenderX

TB contact investigation using an evidence-based strategy for
finding and treating close contacts with undiagnosed TB disease
among household contacts of active TB patients; and (2) to
evaluate this strategy in a household-randomized, controlled
trial (called the “mHealth Trial,” Pan-African Clinical Trials
Registration #201509000877140). The app incorporated several
mHealth functions, including a survey app to collect participant
information; digital fingerprinting (Biometrac) to help identify
and track participants between their homes and multiple clinics
(given widely recognized challenges with using a name, date
of birth, and address for this purpose); and automated SMS
messaging to communicate TB test results and follow-up
instructions. We aimed to make the app easy for community
health workers (CHWs) to use as they collected data during
study-related household or clinic visits. For example, we added
variable logic to display relevant questions based on participant
characteristics and decision-support tools to guide on-site
procedures and referrals. All data could be collected with or
without internet connectivity; in-built functionality enabled
subsequent, automated wireless syncing with a remote
cloud-based server (CommCareHQ, Dimagi) via a
third-generation (3G) mobile-broadband connection (Airtel
Uganda) whenever connectivity was available. Local ICT staff
(DB), customized the app in collaboration with an external ICT
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adviser (DM), a US-based data manager (AJM) and
programmers and field officers from Dimagi.
As previously reported [30], the mHealth trial showed no
improvement in the primary outcome of completing TB
evaluation. Although household contacts and health workers

Meyer et al
spoke positively about the mobile app and text messaging, low
rates of delivery and uptake of text-messaged instructions were
observed [26,31]. Fingerprinting was also deemed acceptable,
but implementation challenges resulted in inconsistent and
declining use of the technology over time [27].

Figure 2. Timeline for the design and implementation of our mobile application. QA: quality assurance.

Implementation of the Mobile Health App
We piloted the app for 10 months. During this time, we
developed detailed quality assurance (QA) procedures by
creating test cases that reflected all possible participant
characteristics. Specifically, a team of staff members
systematically verified all possible survey outcomes by entering
all possible responses to all questions and verifying the observed
behaviors on both health worker devices and in the back-end
database. We repeatedly used these test cases to confirm
expected app behaviors and to localize errors in variable logic
or the functioning of hardware and software. We recorded all
QA results in a spreadsheet, including errors encountered or
barriers to implementing changes. During this time, we also
received feedback from CHWs on user preferences or errors
encountered. After rigorous testing and the adoption of changes
requested by CHWs, we launched the app in July 2016 with the
same staff and clinics for the start of the mHealth trial. Each
time a modification was proposed to the app, such as an update
to survey questions or variable logic, we conducted QA in a
parallel app environment to verify that the changes operated as
http://mhealth.jmir.org/2020/7/e19552/
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intended and to ensure that no other parts of the app were
compromised. We released new versions of the app only after
completing these QA procedures and confirming the full
functionality of the revised app.

Identifying Challenges to Implementation
In addition to the QA spreadsheet, study staff recorded
implementation challenges in bi-weekly site visit reports, project
management lists, and conference call minutes. A study
coordinator (AJM) who oversaw programming of the survey
app throughout the project reviewed these documents to identify
key themes. We then mapped these themes using constructs and
subconstructs from CFIR to classify key challenges to mHealth
implementation. CFIR operationalizes these as 39
constructs/subconstructs within five previously described
domains that together can be used to plan for and evaluate the
success of implementation [21].

Study Approvals
The mHealth trial protocol was approved by the School of
Medicine Research Ethics Committee at Makerere University
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College of Health Sciences, the Uganda National Council for
Science and Technology, and the Yale University Human
Investigation Committee. In addition, the Uganda National TB
and Leprosy Programme and the Health Directorate at the
Kampala Capital City Authority approved project activities.

Results
We reviewed implementation source documents collected
between July 2015 and July 2017, including site visit reports,
task lists recorded in an online project management tool, and
minutes from weekly team conference calls, to identify barriers
to implementation. We identified challenges relevant to three
of the five principal CFIR domains: (1) intervention
characteristics, (2) inner setting, and (3) characteristics of
individuals who are implementing the intervention (Figure 1).
We did not identify information on outer setting challenges
related to technology. We largely excluded the implementation
process domain from this analysis, as we have previously
described these factors [26,27] concerning the key construct of
execution (ie, the extent to which implementation went
according to plan). We found that there was low fidelity for
both SMS messages and fingerprinting but high levels of
acceptability and feasibility, giving insight into the overall
execution of the implementation strategy, therefore allowing
us to exclude this domain from this analysis.

Challenge: Adaptability and Complexity
Study staff identified limited adaptability of the mHealth app
and the related hardware as a key challenge. According to CFIR,
adaptability measures the degree to which an intervention can
be altered to fit the local setting [18]. Although survey questions
could be easily added or removed from the app, specialized
software and hardware requirements for fingerprinting made
the overall app less adaptable to the local setting. The need to
have offline access to fingerprinting (eg, in the absence of
internet connectivity) placed processing demands on the app
that altered how participant data were collected. Offline access
required custom re-coding of a sensitive section of the app that
required the expertise of Dimagi engineers. The requirements
for custom coding by external programmers reduced the app’s
flexibility and adaptability and reduced its transparency to
frontline ICT managers and its flexibility for design refinements
based on input from end users. Additional challenges arose
because digital fingerprinting required special tablets with
specific hardware and software features that were not available
in Uganda and had to be procured overseas. Replacing lost or
broken tablets and peripheral connector cables, therefore, proved
to be time-consuming and expensive, especially as cable
connectors became obsolete as technology evolved towards
using wireless connections for peripheral hardware. Increased
rates of hardware failure over time ultimately reduced
enrollment capacity for CHWs.
The complexity of the intervention and the logistics of its
implementation also hindered the adaptability of the app. Within
CFIR, complexity refers to implementation procedures that
contain multiple interacting components, the perceived difficulty
of implementing the intervention, and the number of steps
required to implement an intervention [18]. Altering the app
http://mhealth.jmir.org/2020/7/e19552/
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was complex because to ensure sustained functionality, every
change had to be (1) assessed for both perceived usefulness to
the overall study and risk to the functionality of the app, (2)
tested using the QA procedures, and (3) introduced and
implemented at the study sites. Because the last two steps were
especially laborious, we managed all changes in batches, an
approach that sometimes delayed updates by up to 4 months
and limited our ability to iterate upon and adapt the app to local
needs rapidly.
Similarly, creating appropriate logic for the automated SMS
system proved surprisingly challenging and burdensome.
Ultimately, over 50 new variables had to be created and
continuously updated within the app as new clinical data became
available during the evaluation process, all to make sure that
the app correctly assigned participants to the appropriate end
states required for them to receive timely and accurate messages.
When we attempted to create test users to verify every possible
pathway to every possible end state, this process added to the
complexity of implementation, and the enormous number of
possible pathways finally made this infeasible. The complex
logic ultimately contributed to errors within the app and to
mistimed SMS messages that were therefore never initiated, as
previously described [26].

Challenge: Knowledge and Beliefs About the
Intervention
CHW knowledge and beliefs about the intervention also
influenced its implementation. In CFIR, this construct focuses
on users’ ideas about the intervention and the value that they
place on the intervention itself [18]. Study staff reported that
CHWs were enthusiastic about the technology to enhance TB
contact investigation during training and initial implementation.
However, after experiencing technology failures during the pilot
phase, their trust in the app declined, and they reported
developing an expectation that the technology, especially the
fingerprinting features, would fail, even after the errors had
been corrected. They began to avoid using what they perceived
as problematic aspects of the technology whenever possible.

Challenge: Goals and Feedback
Finally, the complex structure of the data coming out of the app
slowed the development and implementation of a data
management plan, making it difficult to provide timely feedback
to study staff on progress towards key performance indicators
for delivery of contact investigation, preventing the use of data
for project management and quality assurance. Goals and
feedback, a subconstruct in the inner setting domain, focuses
on how well objectives are articulated and communicated to
key stakeholders during implementation [18]. Software systems
may not format data for easy management and timely
dissemination to stakeholders, as others have observed [25]. In
our project, consolidating, cleaning, analyzing, and
disseminating data was time-consuming and required staff with
advanced training in epidemiology and data management, as
well as external data management and analysis apps, including
Excel (Microsoft Corporation) and STATA (Stata Corporation).
Extracting a master dataset required integration of 17 different
worksheets using multiple unique identifiers in a complex
hexadecimal format. Once created, reports could initially be
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19552 | p.274
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run as needed, but when intermittent but automated software
upgrades to CommCareHQ introduced new data export formats,
the files had to be reprogrammed several times. These barriers
limited the ability of local staff to interact with the data directly.
In addition to the challenges with data structure, missing data
was another challenge that local staff identified as a barrier
during implementation. The survey software did not differentiate
between a failure to complete a service and a failure to simply
record it, rendering many indicators inaccurate and requiring
local study staff to spend substantial time working with CHWs
to obtain missing data, reducing time to engage with them about
overall implementation goals. For example, data were often
missing when a participant had declined HIV testing, often
because the app did not prompt CHWs to submit a form stating
whether HIV testing was not provided or was not accepted by
the participant. HIV results were found to be missing at other
times when mobile tablets failed to synchronize with the
cloud-based server because of a lack of connectivity with the
3G network, or depletion of a tablet’s pre-paid mobile service
data plan. Missing data also interfered with dataset merges,
preventing data updates until the missing data could be obtained,
and preventing accurate projections or feedback on this key
performance indicator.

Discussion
Overall, mHealth interventions offer great potential to facilitate
innovative solutions to complex public health problems.
Nevertheless, the very technological advances that are designed
to improve health also introduce challenges. Here, using a
qualitative approach and drawing on the findings of prior
process-oriented analyses [26,27], we identified three main
challenges related to technology that other mHealth innovators
are likely to encounter when creating and implementing
technological solutions in resource-constrained settings:
maintaining adaptability and reducing complexity; maintaining
positive beliefs about the intervention among those who deliver
it; and setting goals and providing feedback in a timely and
comprehensible manner to key stakeholders.
Our first significant finding was that hardware and software
requirements could severely limit the adaptability of mHealth
technology in a resource-limited setting. Complex digital
interventions, defined as those that perform multiple interacting
functions, may require specialized hardware and software
elements to function effectively. Hardware inevitably requires
replacement, especially with intensive use, and software may
become outdated as vulnerabilities emerge or operating systems
are upgraded. Thus, sourcing the components and expertise
locally to maintain mHealth systems is critical for these
technologies to deliver on and sustain their promise. This is in
tension with the fact that necessary technologies may be either
less reliable or non-existent in local settings, even though these
technologies have great potential to create meaningful change
in local health systems [32]. A study in Malawi that evaluated
an mHealth intervention for community case management of
children with acute conditions identified similar challenges [33].
Although that program appeared efficacious, key stakeholders
across the Malawian health sector identified a lack of integration
with local programs and the limited capacity of local ICT and
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management as a significant barrier to the reliability and
sustainability of the program.
Similarly, a recent systematic review of mHealth technologies
in developing countries identified a lack of infrastructure and
local equipment as a key barrier to scale-up of mHealth
programs across multiple geographic locations [34]. As a result
of our experiences, we would argue that if relevant local or
regional design, manufacturing, and ICT support is routinely
unavailable, this capacity should ideally be developed and
nurtured to achieve the successful implementation of mHealth
interventions. Utilizing experts from around the globe to develop
ICT, computer engineering, and informatics programs is
paramount to expand local human resources to support
high-quality mHealth implementation on the ground in
resource-constrained settings. This may help avert many of the
challenges identified here before implementation even begins.
However, it will likely take several years to build sufficient
infrastructure in resource-constrained settings and utilizing
external mHealth experts is not always feasible or acceptable.
Therefore, we would recommend that architects of new mHealth
programs simplify their designs, choose interchangeable
hardware components and local suppliers, and train as many
local ICT staff as possible as part of their program
implementation. Furthermore, we recommend that mHealth
designers apply the principles of CFIR throughout the design
process to anticipate better and prevent challenges in the
complexity and adaptability domains [21]. In practice, this could
lead to a stepwise approach to implementation to ensure that
each component is successfully introduced to ensure better
sustainability.
Our second significant finding was that while end users and
implementers may have an overall positive view of mobile
health, trust in and use of specific platforms is likely to fade
over time if end users experience more than occasional failures
and frustrations. In our study, CHWs reported exploiting
loopholes in the mobile app to avoid fingerprinting procedures
because they found them to be highly error-prone [27]. Such
failures introduced embarrassing delays for participants, further
undermining the motivation of CHWs to use the technology. A
previous study from South Africa similarly found that doctors
and nurses were resistant to change from paper-based to
electronic medical records because of a fear of disrupting patient
care [35]. Our findings suggest that first impressions are critical
and that rigorous quality assurance checks before “going live”
with new technology may be more effective than pilot studies,
as these can disappoint end users, sometimes permanently. This
idea is captured in another theoretical model, the Technology
Acceptance Model (TAM) [36]. The TAM states that an
individual’s behavioral intention regarding the use of a
technology is determined by the perceived usefulness and
perceived ease of use, both of which may be impacted by end
users’ first impressions of a technology and trust in that
technology over time. After software updates or app changes,
it is essential to rapidly conduct quality assurance testing and
quickly resolve errors for the end user to ensure that the
technology is useful and easy to use. Implementers must
maintain the trust of end users by evaluating their beliefs and
continually incorporating their input about the intervention at
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every step from design to implementation. In Sierra Leone,
continuous feedback from end users to designers on how to
eliminate errors and improve usability within the health care
system was successfully used to refine a country-wide disease
surveillance system in the wake of the Ebola crisis [37]. This
is a promising approach for accelerating innovation and
maintaining the satisfaction and trust of end users over time.
Our last significant finding was that the complexity of our data
management system delayed feedback and prevented engaging
stakeholders from achieving timelier, data-driven improvements
to services. Future researchers and public health programs must
consider ease of data management and accessibility to local
managers when selecting software systems or considering
customization. Once a software system has been selected, we
recommend having a specific feedback plan in place in order
to communicate goals to every level of stakeholder before
implementation initiation to ensure that any mHealth technology
selected will allow for appropriate communication between
implementers and end users about implementation progress as
well as ensure mHealth acceptability throughout. In addition,
vendors that design and maintain survey software programs
should prioritize consistency and usability in data management
portals to facilitate continuous quality improvement activities
by implementers.
This study had a few limitations. Although we collaborated with
health administrators in the national TB program and local
public health delivery network, we did not consult members of
the Ministry of Health in charge of Uganda’s digital health
strategy. This gap may explain why we did not identify elements
from CFIR’s outer setting domain that may be highly relevant
to implementing and scaling mHealth technologies. Although
our focus in this project was on determining the effectiveness
of our mHealth strategy before going to scale, researchers and
public health officials within disease-specific areas should
consider earlier consultation with policymakers to accelerate
learning and adoption of best practices. Second, we used one
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particular software system and a limited range of hardware,
which might limit the generalizability of this case study to other
platforms. However, other projects in Sub-Saharan Africa have
reported similar challenges with other mHealth platforms,
leading us to believe that our findings transcend any specific
software or hardware [24,25]. Third, new technologies are
continually being developed and rapidly improved while
academic evaluations such as this one move more slowly,
potentially decreasing the relevance of our findings as newer
technologies may not face the same challenges our study team
experienced.
Our study also had important strengths. First, our study outlines
operational and resource-related challenges to implementation
that are specific to ICT in resource-constrained settings,
complementing existing literature [38]. This work may also
help address a critical gap in the TB literature, in that both the
World Health Organization and a recent systematic review have
called for structured evaluations of the implementation of digital
health and TB [39,40]. Second, we used the CFIR to classify
our challenges, thus increasing the generalizability of our results.
The CFIR offers a standard set of principles for not only
understanding but also anticipating implementation challenges
independent of the setting. Third, we utilized information from
a wide range of stakeholders, from implementing staff to end
users over 4 years, resulting in a robust analysis of
implementation challenges.
Overall, mHealth technologies have the potential to enhance
public health programs regardless of disease or setting.
However, the unique implementation challenges posed by these
technologies should be examined, especially in low-resource
settings, where ICT services have not yet proliferated.
Implementation frameworks such as CFIR should be rigorously
applied to evaluate mHealth interventions to measure not only
their effectiveness but also key implementation outcomes such
as fidelity and sustainability [15].
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Abstract
Background: The remarkable growth of cell phone ownership in low- and middle-income countries has generated significant
interest in using cell phones for conducting surveys through computer-assisted telephone interviews, live interviewer-administered
surveys, or automated surveys (ie, interactive voice response).
Objective: This study aimed to compare, by mode, the sociodemographic characteristics of cell phone owners who completed
a follow-up phone survey with those who did not complete the survey.
Methods: The study was based on a nationally representative sample of women aged 15 to 49 years who reported cell phone
ownership during a household survey in Burkina Faso in 2016. Female cell phone owners were randomized to participate in a
computer-assisted telephone interview or hybrid interactive voice response follow-up phone survey 11 months after baseline
interviews. Completion of the phone survey was defined as participants responding to more than 50% of questions in the phone
survey. We investigated sociodemographic characteristics associated with cell phone survey completion using multivariable
logistic regression models, stratifying the analysis by survey mode and by directly comparing computer-assisted telephone
interview and hybrid interactive voice response respondents.
Results: A total of 1766 women were called for the phone survey between November 5 and 17, 2017. In both the computer-assisted
telephone interview and hybrid interactive voice response samples, women in urban communities and women with secondary
education or higher were more likely to complete the survey than their rural and less-educated counterparts. Compared directly,
women who completed the hybrid interactive voice response survey had higher odds of having a secondary education than those
who completed computer-assisted telephone interviews (odds ratio 1.7, 95% CI 1.1-2.6).
Conclusions: In Burkina Faso, computer-assisted telephone interviews are the preferred method of conducting cell phone
surveys owing to less sample distortion and a higher response rate compared with a hybrid interactive voice response survey.
(JMIR Mhealth Uhealth 2020;8(7):e17891) doi:10.2196/17891
KEYWORDS
cell phone; mHealth; Africa South of the Sahara; Burkina Faso; methodology, survey, nonrespondents, survey methods, interviews,
telephone
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Introduction
Background
Cell phone ownership in sub-Saharan Africa (SSA) has
quadrupled over the past 10 years, rising to 444 million unique
subscribers in 2017 [1]. Concomitant to increased cell phone
ownership in SSA is a rise in the use of cell phones for remote
data collection [2]. One of the first attempts to create a nationally
representative estimate from an interactive voice response (IVR)
survey in SSA took place in Ethiopia, Mozambique, and
Zimbabwe in 2015 [3]. Since this study, phone survey research
expanded and includes the use of computer-assisted telephone
interviews (CATIs) and SMS surveys, but the optimal mode
for nationally representative cell phone surveys is yet to be
identified.
A CATI involves a live interviewer who administers the full
survey, usually in a call center. In contrast, an IVR survey is
conducted without an interviewer and requires that the
respondents use their keypad to answer a prerecorded question
or prompt (eg, “If yes, press 1. If no, press 2”). A hybrid IVR
survey is a modified version of an IVR survey: a live interviewer
opens the call, confirms respondent eligibility, administers
consent, and explains how to respond to an IVR question before
transferring the respondent to the IVR survey. Finally, an SMS
approach asks the respondent to answer questions via a text
message [4].
Although these remote modes hold the possibility of more rapid,
cost-effective data collection, a transition from face-to-face
(FTF) survey to cell phone data collection raises issues of survey
quality. To operationalize survey quality, survey researchers
devised the concept of total survey error, comprising 5
components: frame, nonresponse, specification, measurement,
and data processing errors [5,6].
This analysis addresses nonresponse error, which occurs when
people who are sampled but not interviewed differ in a
non-negligible way from those who are interviewed [5]. In
telephone surveys, nonresponse generally stems from 3 causes:
(1) failure to contact sampled respondents, (2) refusal to
participate, and (3) ability or language constraints [7].
Nonresponse bias occurs when the outcome of interest is
systematically different between people who are sampled but
who do not complete the survey and those who complete the
survey [5,8].
Although there is a well-established body of literature on causes
of error in phone surveys in high-income countries [9,10],
nonresponse error and bias in cell phone surveys have been
minimally explored in SSA because of the recency of the
approach in the continent. Among the few phone survey studies
conducted in low- and middle-income countries (LMICs), the
representativeness of a sample is rarely considered. Rather,
studies have mainly addressed the feasibility and measurement
error [11]. Studies that attempt to profile nonrespondents often
assess sample distortion by comparing phone survey respondents
with a reference population based on census or Demographic
and Health Survey (DHS) data or comparing early and late
responders [6,12,13]. Moreover, 2 recent studies in SSA (Ghana:
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IVR and Cote d’Ivoire: CATI) found that completers of cell
phone surveys were more likely to be young, urban, educated,
and male compared with distributions in a representative sample
survey [12,13]. Although comparing a phone study sample and
a DHS sample can provide some insight on nonrespondents,
the comparison cannot distinguish a frame error (cell phone
ownership) from a nonresponse error (not answering the survey
phone call among people who own phones) because the sample
frame is unknown. The paucity of remote data collection studies
in SSA and, in particular, studies using a known representative
sampling frame to assess nonresponse bias is a notable
knowledge gap.
To address this gap, we conducted a study in Burkina Faso using
the Performance Monitoring and Accountability 2020
(PMA2020) platform. Since 2014, the PMA2020 platform has
annually tracked family planning indicators and evaluated the
impact of specific family planning programs using FTF surveys
among a nationally representative probabilistic sample. The
PMA2020 survey has completed 5 rounds of data collection in
Burkina Faso and is exploring new approaches, including cell
phone surveys, to collect quality data at a lower cost [6,11,12]
The 2016 PMA2020 survey in Burkina Faso found that 86% of
households owned a cell phone and 47% of women reported
personal cell phone ownership [14].

Objectives
The objective of this research was to identify sociodemographic
characteristics related to phone survey completion among a
representative sample of female phone owners in Burkina Faso.
We examined these questions for 2 phone survey modes: CATI
and hybrid IVR.

Methods
Study Design
The study used a nationally representative sample of women of
reproductive age, who owned a cell phone, identified in the
Burkina Faso PMA2020 Round 4 (R4) survey. These female
cell phone owners were randomized to receive a phone
follow-up survey using either a CATI or a hybrid IVR. Hybrid
IVR was preferred over IVR because it was hypothesized that
having a live interviewer introduce the survey would increase
response rates and improve data quality, given that only 30%
of women in Burkina Faso are literate [15]. Phone follow-up
occurred 11 months after the PMA2020 R4 FTF survey. The
phone survey was a shortened version of PMA2020’s standard
FTF questionnaire.

Participants
The PMA2020 R4 survey in Burkina Faso used a two-stage
stratified cluster design, starting with a selection of 83
enumeration areas using probability proportional to size
sampling. The enumeration areas were stratified by rural or
urban geographies; then, 35 of the approximately 200
households within each enumeration area were randomly
selected. Within each sampled household, all women aged 15
to 49 years were eligible to participate, and those who provided
written consent were included. Women who met the FTF
inclusion criteria, had a cell phone, consented to be contacted
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17891 | p.281
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for a follow-up survey, and provided a phone number were
eligible for follow-up. Of the 3215 female respondents
interviewed during PMA2020 R4 (95.4% response rate), 1839
(57.20%) owned a cell phone; among them, 1766 (96.03%)
consented to be contacted again for this study (Figure 1). The
aforementioned 1766 women were assigned a random number
in Stata (using the generate random command; StataCorp 2017)
and then sorted by random numbers (from smallest to largest).

Greenleaf et al
Women were divided into 6 language groups (5 languages and
one other language category) and then divided again into groups
of approximately 120 women, assigned to an arm (hybrid IVR:
n=882 or CATI: n=884), and then finally assigned to an
interviewer. During the phone follow-up, women heard an
abbreviated standardized verbal disclosure (consent) of key
study information that emphasized the voluntary nature of the
survey, then consented or refused.

Figure 1. Study enrollment flow chart.

Study Procedures
A total of 15 trained interviewers conducted the phone follow-up
survey, operating from a call center in Ouagadougou 7 days a
week between 8 AM and 8 PM. Interviewers called all eligible
women (consenting female cell phone owners from PMA2020
R4).
Respondents were called up to 6 times at varying times of the
day and at least once during the weekend. If a respondent
answered and wanted to be called back within 15 min, the
operator could accommodate the request, otherwise the
respondent was called back the next day. A respondent was not
called back if she refused to consent to the study or if someone
answered the call who did not know the respondent. All
respondents saw the same phone number appearing on their cell
phone, which was identifiable as a landline phone number. The
call center phone number could not be called back. Women who
completed the survey were sent the equivalent of US $1 phone
credit the day after completing the interview.

Questionnaire
The phone surveys (CATI and hybrid IVR) used the same
question wording as the PMA2020 FTF questionnaire with only
minor modifications. They included 17 questions: 5 introductory
questions to identify the respondent, 4 demographic questions
(age, area of residence, marital status, and parity), 5 questions
about the respondent’s awareness of modern contraceptive
https://mhealth.jmir.org/2020/7/e17891
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methods (intrauterine device, implant, condom, pills, and
injectables), and 3 questions on contraceptive use (current use,
previous method used, or pregnancy intention). After consent
was administered, women receiving the CATI were asked if the
interviewer could call the participant back should the call drop.
For women receiving the hybrid IVR survey, after consent, they
heard an explanation of what to expect during an IVR survey
and then were asked to press 1 on their keypad. If the respondent
was unable to press 1, she was considered incapable of
participating in the IVR survey, and the interview ended. If the
woman pressed 1, she was transferred to a prerecorded voice
providing instructions about how to repeat or skip a question.
Then, she was asked a practice question about the country that
she currently lives in. From this point on, the questionnaires for
both modes were identical until the last question. The last
question in the CATI asked the respondent which region she
lived in, and the last IVR question asked the respondent to enter
her age.
Of the 17 survey questions, 1 question was numeric (age), 3
were multiple choice, and 12 were binary with a yes or no
response option. The key question “What are you or your partner
currently using to delay or avoid a pregnancy?” was field coded
by interviewers in the CATI, and was presented as a
multiple-choice question with 6 response options in the IVR
survey. For the IVR survey, the school question was divided
into 2 questions: first, asking if the respondent had ever been
to school, and second, if the respondent answered affirmatively,
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asking her up to what level she had studied. Both the CATI and
hybrid IVR surveys were offered in 5 languages. Each
respondent received a call in the language used in her PMA2020
FTF interview. The questionnaire was written in French in the
software, and CATI interviewers translated in real time, after
having developed and refined consistent translations in the local
language during the training.

Ethical Approval
Both the FTF PMA2020 survey and phone survey received
institutional review board approval from the Johns Hopkins
Bloomberg School of Public Health and from the ethical
committee in Burkina Faso, Comité d’éthique pour la recherche
en santé.

American Association for Public Opinion Research
Measures
Using the American Association for Public Opinion Research
(AAPOR) call disposition codes [16] and study-specific
considerations, we defined 8 respondent categories. All
participants were eligible and were categorized as respondents
or nonrespondents. Our outcome of interest was completing the
phone survey, defined as respondents answering 50% or more
of the relevant survey questions (eg, those assigned partial and
complete call disposition codes). The follow-up data were only
used to classify respondents into 8 groups (disposition codes)
and thus calculate survey outcome rates.

Greenleaf et al

Respondent Characteristics Measures
Sociodemographic information was collected during PMA2020
R4 and therefore available for all eligible women, regardless of
whether the woman responded to the phone follow-up survey.
Sociodemographic variables included age, categorized into
5-year age groups for descriptive analysis and into 4 age groups
for logistic regressions (15-19, 20-29, 30-39, and 40-49 years).
Additional covariates were current union status (in union—ie,
currently married or living with a partner vs not in union),
residential area (urban vs rural), highest grade level attended
(none, primary, and secondary or higher), household wealth
(lowest, middle, and highest tertiles), having electricity (yes vs
no), and parity (ever given birth vs never given birth).
Household wealth in PMA2020 surveys is a summary measure
of the relative wealth of a household in the country based on
household assets and housing conditions. The indicator is
constructed using a principal component analysis, which is
widely used in population-based surveys such as DHS surveys
[17].

Statistical Analysis
To examine whether randomized groups (women assigned to
the CATI vs hybrid IVR survey) were similar according to their
background characteristics at baseline (PMA2020 R4 survey),
we explored the distribution of selected demographic and
socioeconomic variables by mode. We used American
Association for Public Opinion Research call disposition
classifications [16] to classify respondents and calculated 4
AAPOR’s phone survey outcome rates (Table 1).

Table 1. Final disposition code by study arm (computer-assisted telephone interview vs hybrid interactive voice response) among female cell phone
owners in Burkina Faso.
Participants, American Association for Public Opinion Research categorizationa, and
explanation

Hybrid interactive voice re- Computer-assisted telephone
sponse (n=882), n (%)
interview (n=884), n (%)

Nonrespondents
NCb (2.20) Noncontact (did not pick up)

225 (25.5)

228 (25.8)

Oc (2.36)

Noncontact (someone picked up the phone call, but interviewer never
spoke with the woman)

173 (19.6)

134 (15.2)

Rd (2.12)

Refusal preconsent

90 (10.2)

54 (6.1)

R (2.111)

Refusal

14 (1.6)

6 (0.7)

R (2.121)

Break-off interactive voice response

31 (3.5)

N/Ae

R (2.12)

Break-off (consented but <50% of relevant questions answered)

174 (19.7)

17 (1.9)

Pf (1.2)

Partial (50%-80% of relevant questions answered)

18 (2.0)

5 (0.6)

Ig (1.1)

Complete (more than 80% of relevant questions answered)

157 (17.8)

440 (49.8)

Respondents

a

Final disposition codes for random digit dial telephone surveys.

b

NC: noncontact.

c

O: other.

d

R: refusal and break-off.

e

N/A: not applicable.

f

P: partial interview.

g

I: complete interview.
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Analyses were stratified by mode of data collection (CATI and
hybrid IVR). All eligible women were included in the analysis.
We compared the distribution of the sociodemographic
characteristics between completers and noncompleters using
chi-square tests. We then conducted multivariable logistic
regression models to identify the independent factors associated
with survey completion. We fitted the models separately for
each survey mode (hybrid IVR and CATI). We did not include
marital status or parity in the multivariable models because
these characteristics were not significantly related to completion
in the bivariate analyses. Electricity was also not included
because of its high correlation with wealth. Finally, using
multivariable logistic regression, we pooled hybrid IVR and
CATI survey completers to compare the distribution of survey
mode by background characteristics to evaluate whether
background characteristics were different by mode. All analyses
were conducted using Stata version 15.
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Results
Respondent Characteristics
The average age of the 1766 women enrolled in this study—all
of whom were contacted by phone at least once between
November 5 and 17, 2017—was 28.5 years (SD 8.9) (Table 2).
Overall, 42.02% (742/1766) of women had never attended
school, 19.85% (351/1766) had attended primary school, and
38.12% (674/1766) had secondary or higher education. Of these,
65.27% (1154/1766) were married and 71.91% (1270/1766)
were parous. Moreover, 66.57% (1177/1766) of the women
were living in rural areas and 61.99% (1096/1766) had
electricity in the household. Finally, 66.57% (1177/1766) were
in the highest wealth tertile, with 18.10% (320/1766) in the
middle tertile and 15.33% (271/1766) in the lowest tertile. After
randomization, women in the hybrid IVR and CATI groups
were similar across all sociodemographic characteristics
examined in this study (Table 2).
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Table 2. Sample characteristics of female cell phone owners in Burkina Faso, overall and by study arm.
Characteristics

Total study population (N=1766)

Hybrid interactive voice response
arm (n=882)

Computer-assisted telephone
interview arm (n=884)

28.5 (8.9)

28.6 (9.1)

28.4 (8.7)

15-19

338 (19.12)

163 (18.5)

175 (19.8)

20-24

351 (19.85)

175 (19.8)

175 (19.8)

25-29

342 (19.34)

176 (19.9)

166 (18.8)

30-34

265 (14.99)

126 (14.3)

139 (15.7)

35-39

207 (11.71)

192 (11.6)

105 (11.9)

40-44

158 (8.94)

82 (9.3)

76 (8.6)

45-49

107 (6.05)

58 (6.6)

48 (5.4)

Urban

591 (33.43)

294 (33.3)

295 (33.4)

Rural

1177 (66.57)

588 (66.7)

589 (66.6)

Currently not in union

614 (34.73)

312 (35.4)

301 (34.1)

Currently in union

1154 (65.27)

568 (64.4)

583 (65.9)

Never

743 (42.02)

370 (42.0)

370 (41.9)

Primary

351 (19.85)

181 (20.5)

170 (19.2)

Secondary or higher

674 (38.12)

330 (37.4)

344 (38.9)

Lowest

271 (15.33)

137 (15.5)

133 (15.1)

Middle

320 (18.10)

155 (17.6)

165 (18.7)

High

1177 (66.57)

590 (66.9)

586 (66.3)

Yes

1270 (71.91)

639 (72.5)

630 (71.3)

No

496 (28.08)

243 (27.5)

254 (28.7)

Yes

1096 (61.99)

548 (62.1)

548 (62.0)

No

672 (38.01)

334 (37.9)

336 (38.0)

Age (years)
Mean (SD)
Range, n (%)

Residential area, n (%)

Marital status, n (%)

Highest school attended, n (%)

HHa wealth (tertile), n (%)

Parity, n (%)

HH electricity, n (%)

a

HH: household.

American Association for Public Opinion Research
Outcomes
The percentage of eligible women who did not answer any of
the 6 calls was the same among the 2 modes (hybrid IVR: 25.5%
(225/882); and CATI: 25.8% (228/884); NC in Table 1). Overall,
47.11% (832/1766) women consented to participate in the phone
interview when called: 43.1% (380/882) of women in the hybrid
IVR arm and 52.2% (462/884) of women in the CATI arm
(P<.001; AAPOR categories: R [2.121], R [2.12], P [1.2], and
I [1.1] in Table 1). Break-off, defined as consenting but
answering less than 50% of the questions, was substantially
higher for the women in the hybrid IVR arm 23.2% (205/882)
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than those in the CATI arm 1.9% (17/884). Altogether, among
all women randomized to the hybrid IVR arm, 19.8% (175/882)
completed the survey (partial interviews: 18/882, 2.0%;
complete interviews: 157/882, 17.8%), whereas 50.4% (445/884)
of those randomized to the CATI arm completed the survey
(partial interviews: 5/884, 0.6%; and complete interviews:
440/884, 49.8%).
The 4 essential AAPOR survey outcome rates (response,
cooperation, refusal, and contact) based on disposition codes
are presented in Table 3. The contact rate, the proportion of all
cases in which a responsible member of the unit was reached
by the survey, was similar between the 2 modes (54.8% for
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17891 | p.285
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hybrid IVR and 59.1% for CATI). The refusal rate for hybrid
IVR surveys (11.9%) was almost double the refusal rate for
CATI (6.8%), although the difference was not statistically
significant (P=.23). The cooperation rate, defined as completed
interviews over contacted respondents, for CATIs (85.2%)
dwarfs the cooperation rate for hybrid IVR surveys (35.9%;
cooperation rate 2). Finally, the response rate, a measure of the

Greenleaf et al
number of partial or completed interviews over all eligible
respondents, was twice as high in the CATI arm compared with
the hybrid IVR arm. Specifically, the response rate among
women in the CATI arm was 50.3%, compared with a response
rate of 19.8% among women in the hybrid IVR arm (response
rate 6).

Table 3. Follow-up phone call outcome rates by study arm (computer-assisted telephone interview vs hybrid interactive voice response) among female
cell phone owners in Burkina Faso.
Outcome rates

Hybrid interactive voice response
arm (n=882)

Computer-assisted telephone interview arm (n=884)

156 (17.7)

439 (49.7)

175 (19.8)

445 (50.3)

284 (32.2)

743 (84.0)

317 (35.9)

753 (85.2)

105 (11.9)

60 (6.8)

483 (54.8)

522 (59.1)

Response rates
Response rate 5:
Response rate 6:
Cooperation rates
Cooperation rate 1:
Cooperation rate 2:
Refusal rate
Refusal rate 3:
Contact rate
Contact rate 3:

Bivariate and Multivariable Logistic Regressions
In the bivariate analyses (Table 4), we found that among hybrid
IVR respondents, survey completion was not dependent on age
(P=.48) but was lower among women living in rural areas than
those living in urban areas (27/294, 9.2% vs 148/588, 25%;
P=.002). The proportion of women who completed the survey
was lower among women with no education compared with
those with secondary education or higher (46/371, 12.4% vs
94/330, 28.5%; P<.001). Twice as many women who had
household electricity completed the survey compared with
women who had no electricity in the household (133/548, 24.3%
vs 42/334, 12.6%; P<.001), and 3 times as many women in the
highest tertile completed the survey compared with those in the
lowest tertile (12/137, 8.8% vs 146/590, 25%; P<.001).
The patterns of completion were similar for CATIs, with
residential area, wealth tertile, and household electricity being
associated with completion. However, education was unrelated
to CATI completion 45.9%, (170/370) of those with no
education vs 53.8% (185/344) of those with secondary education
or higher; P=.84. On the other hand, survey completion was
dependent on age, with only 33% of women aged 15 to 19 years
completing the survey, compared with 45.1% to 63.3% of
women aged 20 to 49 years (P<.001). The proportion of urban
women who completed the survey was greater than the
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proportion of rural women who completed the survey (333/589,
56.5% vs 112/295, 38.0%; P<.001).
The results from the multivariable logistic regression models
comparing women who completed and those who did not
complete the hybrid IVR survey and CATI are presented in
Table 5. Women who were aged 30 years and older were more
likely to complete the hybrid IVR survey than women aged 15
to 19 years, as well as women with secondary education, who
had 2.5 times the odds of completing the survey relative to
women with no education (95% CI 1.6-3.9). Urban women had
twice the odds of completing the survey compared with rural
women (95% CI 1.1. 3.6).
The odds of CATI completion were elevated for women aged
20 years and older compared with teenagers. Women in urban
communities were more likely to complete the CATI survey
compared with their rural counterparts (odds ratio [OR] 1.7,
95% CI 1.1-2.5) as were women with a secondary education or
more who had 40% higher odds of completing the survey than
women with no education (OR 1.4, 95% CI 1.1-2.0).
In multivariable logistic regression among survey completers
(n=620), which assessed the survey mode according to women’s
background characteristics, the only significant difference was
education: women who attended secondary or higher education
were 70% more likely to be hybrid IVR completers than those
who had no education (OR 1.7, 95% CI 1.1-2.6; Table 6).
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Table 4. Percent completing the hybrid interactive voice response or computer-assisted telephone interview survey by women’s sociodemographic
characteristics among female cell phone owners randomized to each arm.
Characteristics

Total, n (%)

Hybrid interactive voice response

Computer-assisted telephone interview

Participants who did not
complete the survey

Participants who com- P value
pleted the survey

Participants who did not
complete the survey

Participants who com- P value
pleted the survey

707 (80)

175 (20)

439 (49)

445 (51)

Age (years), n (%)

.48
137 (84.1)

26 (15.9)

116 (66.3)

59 (33.7)

20-24

137 (78.3)

38 (21.7)

96 (54.9)

79 (45.1)

25-29

145 (82.4)

31 (17.6)

66 (39.8)

100 (60.2)

30-34

94 (74.6)

32 (25.4)

55 (39.6)

84 (60.4)

35-39

84 (82.4)

18 (17.6)

56 (53.3)

49 (46.7)

40-44

65 (79.3)

17 (20.7)

28 (36.8)

48 (63.2)

45-49

45 (77.6)

13 (22.4)

22 (45.8)

26 (54.2)

<.001

<.001

Rural

267 (90.8)

27 (9.2)

183 (62.0)

112 (38.0)

Urban

440 (74.8)

148 (25.2)

256 (43.5)

333 (56.5)

Marital status, n (%)

.28

.94

Currently not in
union

244 (78.2)

68 (21.8)

150 (49.8)

151 (50.2)

Currently in union

463 (81.2)

107 (18.8)

289 (49.6)

294 (50.4)

Highest school attended, n (%)

<.001

.08

Never

325 (87.6)

46 (12.4)

200 (54.1)

170 (45.9)

Primary

146 (80.7)

35 (19.3)

80 (47.1)

90 (52.9)

Secondary or higher 236 (71.5)

94 (28.5)

159 (46.2)

185 (53.8)

HHa wealth (tertile), n (%)

<.001

<.001

Lowest

125 (91.2)

12 (8.8)

86 (64.7)

47 (35.3)

Middle

138 (89.0)

17 (11.0)

92 (55.8)

73 (44.2)

Highest

444 (75.3)

146 (24.7)

261 (44.5)

325 (55.5)

Parity, n (%)

.50

.13

No

200 (78.7)

54 (21.3)

143 (53.6)

124 (46.4)

Yes

507 (80.7)

121 (19.3)

296 (48.0)

321 (52.0)

HH electricity, n (%)

N/A
<.001

15-19

Residential area, n (%)

a

N/Ac

<.001

.005

No

292 (87.4)

42 (12.6)

187 (55.7)

149 (44.3)

Yes

415 (75.7)

133 (24.3)

252 (46.0)

296 (54.0)

HH: household.
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Table 5. Odds of completing the phone follow-up survey by background characteristics: multivariable logistic regression analyses among the 2 study
arms. Italics indicates P<.05.
Characteristics

Hybrid interactive voice response completers versus Computer-assisted telephone interview completers
noncompleters (n=882), adjusted odds ratio (95% versus noncompleters (n=884), adjusted odds ratio
CI)
(95% CI)

Age group (years)
15-19

Reference

Reference

20-29

1.4 (0.8-2.3)

2.3 (1.5-3.4)

30-39

2.1 (1.2-3.8)

2.7 (1.8-4.2)

40-49

2.1 (1.1-4.0)

3.8 (2.3-6.4)

Rural

Reference

Reference

Urban

2.0 (1.1-3.6)

1.7 (1.1-2.5)

No education

Reference

Reference

Primary

1.5 (0.9-2.4)

1.3 (0.9-1.9)

Secondary or more

2.5 (1.6-3.9)

1.4 (1.1-2.0)

Lowest (reference all other groups)

0.8 (0.4-1.8)

0.7 (0.4-1.2)

Highest (reference all other groups)

1.3 (0.7-2.5)

1.1 (0.7-1.7)

Residential area

Highest school attended

Household wealth (tertile)

Table 6. Odds of completing the hybrid interactive voice response survey compared with completing the computer-assisted telephone interview survey
by background characteristics: multivariable logistic regression analyses. Italics indicates P value below .05.
Characteristics

Hybrid interactive voice response versus computer-assisted telephone interview among survey
completers (N=620; reference group: CATI), adjusted odds ratio (95% CI)

Age group (years)
15-19

Reference

20-29

0.9 (0.5-1.5)

30-39

0.9 (0.5-1.7)

40-49

1.1 (0.5-2.1)

Residential area
Rural

Reference

Urban

1.4 (0.8-2.4)

Highest school attended
No education

Reference

Primary

1.3 (0.8-2.2)

Secondary or more

1.7 (1.1-2.6)

Household wealth (tertile)
Lowest (reference: all other groups)

1.1 (0.5-2.5)

Highest (reference: all other groups)

1.4 (0.8-2.7)

Discussion
This analysis offers 3 main findings. First, we found that the
CATI response and cooperation rates were more than double
the rates for hybrid IVR surveys because of high break-off
postconsent among women assigned to the hybrid IVR arm.
Second, the low contact rates resulted in sample distortion for
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both modes. Third, hybrid IVR survey completers had higher
odds of having secondary education than the CATI completers,
indicating additional sample distortion for hybrid IVR surveys.
Therefore, we identified CATIs as a better approach for phone
surveys in settings similar to Burkina Faso because of the less
profound distortion of completers. Greater sample distortion
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among those randomized to the hybrid IVR survey is expected
because the mode requires participants to answer the
questionnaire without assistance, creating a higher cognitive
burden on respondents than the CATI. Thus, responding is more
difficult for those with lower education or who do not speak a
majority language [18]. In this study, the response rate among
women with no education randomized to the hybrid IVR survey
was 12.3% compared with the response rate of 28.5% among
women with a secondary or higher level of education. In the
CATI survey, the response rates were comparable in all
education groups.
This study illustrates that CATI phone follow-up surveys among
women are feasible but suffer from noteworthy nonresponse.
Failure to contact the sampled participants was the main cause
of nonresponse, with 46% of hybrid IVR survey and 41% of
CATI participants classified as noncontacts. Noncontact is also
the main cause of nonresponse in high-income countries [8].
Refusal to participate was minimal in both arms. Finally, the
hybrid IVR survey had increased nonresponse because of
difficulties in responding to a phone keypad, with 3.5% of all
eligible participants willing to participate but unable to navigate
the phone keypad to begin the survey. Recent random digit dial
(RDD) studies in the United States lost 9% [19] and 7% [18]
of the sample when transferring respondents from the CATI to
IVR survey. Among the hybrid IVR survey participants who
were able to press 1 (and be transferred to IVR), there was a
substantial break-off, with 20% answering less than half of the
survey questions.
Studies using CATIs for remote data collection in Lebanon [20],
Honduras, and Peru [21] have examined response rates and
related sample distortion. These studies enrolled men and
women during a baseline FTF survey who were recontacted
using CATIs. The study in Lebanon had an 82% response rate
but did not compare respondent and nonrespondent profiles
[20]. The profile of completers in our study had a similar pattern
as completers of phone surveys in Peru and Honduras, with the
wealthy, educated, and urban also more likely to complete the
phone follow-up [21]. The response rate at first contact was
33% in Peru and 59% in Honduras. However, these surveys,
administered as part of a study conducted by the World Bank,
found that young participants were more likely to complete the
survey. Our results found an opposite association most likely
because we enrolled only women [21]. We believe this is
because gender norms result in different ownership and access
in a context such as Burkina Faso. Young men may have the
financial and social freedom to own a cell phone, whereas young
women are less likely to be economically independent and to
be given a phone by a parent, as their actions are more closely
monitored. Female cell phone owners may still have less
opportunity to use their phones compared with male cell phone
owners because of the lack of resources to pay for
communications and due to the possibility that women are more
likely to have a gatekeeper to receive a phone call.
The study has notable strengths. The 2 modes used in our
research, IVR and CATI, are rarely compared in low- or
high-income countries [22]. Not only is the direct comparison
of two remote modes rare but also it is uncommon for IVR
studies in SSA to have a known sampling frame. Our sampling
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frame was a population-based FTF sample that allowed us to
assess the characteristics related to completion, regardless of
the woman’s participation in the phone follow-up. The FTF
survey provided identical measures for phone survey
respondents and nonrespondents, whereas many studies
evaluating nonresponse error rely on surveys that do not have
directly comparable indicators for nonrespondents. Knowledge
of the characteristics of phone nonrespondents is also valuable
for the survey design to oversample women who are less likely
to respond and adjust remote data collection estimates through
weighting. The study design also allows us to compare
respondents with the full FTF sample (including women who
do not own cell phones), where we see a dramatic difference in
demographic profile. For example, among hybrid IVR survey
completers, 54% of the population had a secondary education
(data not shown), whereas only 19% of the full FTF female
sample had a secondary education [14]. Finally, the
randomization of respondents to CATIs or hybrid IVR surveys
allows a more robust comparison of nonresponse by phone
survey mode.
The follow-up design of the survey meant that women had
already participated in a PMA2020 survey and consented to
follow-up, yielding higher response rates than an RDD survey.
Thus, our four survey outcomes rates must be interpreted with
caution. Phone follow-up surveys conducted after an FTF survey
in SSA have only investigated response rates among populations,
including both male and female respondents, but have generally
found higher response rates than those in our CATI survey [6].
Our CATI response rate was likely much lower because of the
11-month span between enrollment and follow-up and because
women are harder to reach than men via cell phones [23].
Research from LMICs shows that rapid follow-up (defined as
less than a month since the first contact) after enrolling in an
FTF survey is key to reduce noncontact, the main cause of
nonresponse in our survey [21,24]. Thus, our response rate
highlights the difference in response rates when following up
after a greater amount of time to create a new cross-sectional
study originating from an FTF compared with a cohort quickly
contacted for phone follow-up after an FTF interview. The
response rate for the hybrid IVR survey was higher than that of
other IVR surveys in SSA, most likely because of the selection
of cell phone owners in our survey and because live interviewers
introduced the survey. The only response rates available for
comparison with our hybrid IVR survey rates are from surveys
that use RDD sampling, not follow-up surveys, and use IVR
without human introduction. Surveys in Mozambique and
Zimbabwe had response rates of 9% and 8% [3,23], respectively,
and a more recent RDD in Ghana had a response rate of 21%
[12].
The context of Burkina Faso is unique in some areas pertinent
to cell phone–based data collection, including high language
fractionalization, making remote data collection more difficult
because of language discordance between respondents and
interviewers. Low female literacy reduces cell phone survey
modes to those relying on interviewers. However, these
contextual factors are similar across many West African
countries.
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The compound annual growth rate (CAGR) for cell phone
ownership in SSA was in double digits at the beginning of the
decade [1]. However, the CAGR is now half the previous level.
Future cell phone ownership growth will be among rural and
young people, but the time of rapid increase is waning: the
percentage of cell phone owners in SSA is projected to only
increase by 2% between 2023 and 2025 to 52% of the population
[1]. Thus, the differences in phone owners and nonowners will
not be quickly erased, and caution must be exercised when
trying to create nationally representative estimates from phone
surveys.

Greenleaf et al

Conclusions
We identified the characteristics related to CATI and hybrid
IVR survey completion and concluded that among PMA2020’s
target population, that is, women of reproductive age, CATI
results in a more representative sample yet still greatly distorted
sample. CATI and hybrid IVR survey completers were not
reflective of the target population’s characteristics, in particular,
education, geographic location, and age. This study is among
the first to analyze phone survey nonresponse errors and to
compare CATI and hybrid IVR surveys in SSA. Our results
underscore that enrolling a representative sample of women in
a phone survey in West Africa is challenging, regardless of cell
phone mode, and should inform remote data collection efforts
in West Africa.
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Abstract
Background: Mobile phone apps for health promotion have expanded in many low- and middle-income countries. Afghanistan,
with high maternal and newborn morbidity and mortality rates, a fragile health infrastructure, and high levels of mobile phone
ownership, is an ideal setting to examine the utility of such programs. We adapted messages of the Mobile Alliance for Maternal
Action (MAMA) program, which was designed to promote healthy behaviors during pregnancy and a newborn’s first year of
life, to the Afghan context. We then piloted and assessed the program in the provinces of Kabul, Herat, Kandahar, and Balkh.
Objective: The aim of this study was to assess the feasibility and acceptability of the MAMA pilot program, and to examine
changes in reported maternal, newborn, and child health (MNCH) knowledge and attitudes among participants from baseline to
follow up.
Methods: We conducted a single-group study with data collected within 10 weeks of enrollment, and data collection was
repeated approximately 6 months later. Data were collected through face-to-face interviews using structured questionnaires.
Eligible participants included pregnant women who had registered to receive fully automated mobile health messages and their
husbands. Assessment questionnaires queried sociodemographic details; knowledge, attitudes, and health care-seeking practices;
and intervention experience and acceptability at follow up. The number of messages received by a given phone number was
extracted from the program database. We descriptively analyzed the feasibility and acceptability data and compared the change
in MNCH knowledge between baseline and follow-up measures using the McNemar Chi square test.
Results: Overall, 895 women were enrolled in the MAMA program. Data from 453/625 women (72.5% of the pretest sample)
who received voice (n=302) or text (n=151) messages, and 276/427 men (64.6% of the pretest sample) who received voice (n=185)
or text (n=91) messages contributing data at both time points were analyzed. At follow up, 699/729 (95.9%) participants were
still enrolled in the MAMA program; voice message and SMS text messaging subscribers received 43 and 69 messages on average
over the 6-month period, respectively. Participants who were voice message subscribers and female participants more commonly
reported missing messages compared with the text message subscribers and men; predominant reasons for missed messages were
the subscribers being busy with chores or not having their shared phone with them. Over 90% of men and women reported
experiencing benefits from the program, mainly increased knowledge, and 226/453 (49.9%) of the female participants reported
referring someone else to the program. Most of the participants (377/453, 83.2% women and 258/276, 93.5% men) believed it
was beneficial to include husbands in the program. Joint decision making regarding maternal and child health care increased
https://mhealth.jmir.org/2020/7/e17535
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overall. The proportions of participants with correct knowledge significantly increased for all but one MNCH measure at follow
up.
Conclusions: This assessment indicates that the pilot MAMA program is feasible and acceptable in the Afghan context. Further
research should be conducted to determine whether program participation leads to improved MNCH knowledge, health practices,
and health service utilization in this fragile setting prior to larger scale up.
(JMIR Mhealth Uhealth 2020;8(7):e17535) doi:10.2196/17535
KEYWORDS
Afghanistan; mobile apps; pregnant women; maternal health; newborn health; social and behavior change; mHealth; voice
message; SMS

Introduction
Afghanistan has one of the highest maternal, newborn, and child
mortality rates among Asian countries [1] and faces important
challenges to improving these and other health indicators [2].
Despite substantial investment in training and deploying large
numbers of health workers, there is uneven geographic and
socioeconomic coverage of essential interventions in the
country, including antenatal care, skilled birth attendance,
immunization, and family planning [3]. Uptake of these services,
where available, is also suboptimal. Only 18% of women had
at least 4 antenatal care visits and 51% reported skilled birth
attendance at their last delivery in the 2015 Demographic and
Health Survey [4]. A 2013 survey found that 51% of children
aged 12-23 months were fully immunized based on
Afghanistan’s national immunization schedule [5]. Additionally,
the contraceptive prevalence rate has stagnated at approximately
20% since 2010 [3,4].
Among the factors associated with low uptake of essential
maternal, newborn, and child health (MNCH) interventions are
illiteracy and lack of education [6]. Maternal and infant
morbidity and mortality rates are disproportionately higher
among rural populations, which have lower literacy levels and
are less likely to access health services or to be reached by health
messaging through mass media or health providers [4,7,8].
Women’s access to health services is also hampered by
traditional social norms, which position men as the primary
health decision makers and limit women’s freedom of movement
[9,10]. Health decision making occurs within the family
structure with men, and sometimes older women such as
mothers-in-law, serving as gatekeepers who determine when
and where health services for pregnant women and infants are
sought [5,11-13].
Within Afghanistan, mobile phone ownership and use have
expanded markedly in the last decade, creating a potential
channel to reach women and their families with health
information. In a recent nationally representative survey, 91%
of households reported owning a mobile phone [14]. Mobile
phone ownership is higher among men compared to women;
however, a 2012 cross-sectional survey found that 80% of
women reported routinely using a mobile phone [15], and
evidence suggests that their phone use is increasing. A 2015
cross-sectional survey in Nangarhar province found that 92%
of women routinely used mobile phones [16]. Mobile
phone–based programming for various health education
purposes has been documented globally with mixed success;
https://mhealth.jmir.org/2020/7/e17535
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however, to date, there is no literature on the use of such
programs in Afghanistan. Short message service (SMS) text
messaging recommendations and appointment reminders during
pregnancy have been positively received and were shown to
improve antenatal and postnatal care attendance in other lowand middle- income countries [17-20]; recorded voice messages
in addition to, or in place of, SMS text messaging enable low
literacy populations to access health information [21]. The 2019
World Health Organization guideline “Recommendations for
digital interventions for health system strengthening”
recommends targeted client communications through digital
channels, including mobile phone messages, to promote
reproductive, maternal, and newborn health [22].
The Mobile Alliance for Maternal Action (MAMA) program
was launched in 2012 as a public-private partnership to scale
up an evidence-based mobile health (mHealth) program that is
already being used in two countries [23]. With support from
Baby Center, Johnson & Johnson, the United States Agency for
International Development (USAID), the mHealth Alliance,
and the United Nations Foundation [23-25], MAMA
implemented its mHealth approach focused on age- and
stage-based messaging directed toward pregnant women and
their family members in Bangladesh [24,25], India, South Africa
[26], and Nigeria. The MAMA program relays essential MNCH
messages promoting healthy practices and care-seeking for
pregnant women and their infants up to 12 months of age [23].
These messages are available for adaptation and use through
an application process to interested groups in different countries.
Countries employing the program have developed
context-appropriate business models and message delivery
channels, and have also identified and targeted subpopulations
for program promotion [23].
In this study, we assessed a pilot implementation of the MAMA
program in four provinces of Afghanistan to determine whether
it was feasible and acceptable to Afghan users, and whether
users report changes in MNCH attitudes, health decision making,
and knowledge of key MNCH concepts. The data from this
assessment will guide program refinement, and are intended to
improve program use and potential effectiveness at scale up in
Afghanistan and adaptation in similar contexts.

Methods
Study Design
We conducted a single-group, baseline/follow-up study to assess
the feasibility, acceptability, and potential effect of the MAMA
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17535 | p.294
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program on MNCH knowledge. The MAMA pilot program was
implemented in 80 health post catchment areas in the Balkh,
Herat, Kabul, Kandahar, and Nangarhar provinces of
Afghanistan. Nangarhar province was not included in the
program assessment as baseline recruitment was not possible
within the study time frame due to insecurity. The selected pilot
districts were semiurban or rural and predominantly agrarian.
Eligible study participants included pregnant women and their
husbands who enrolled in the MAMA program with the help
of a community health worker between May and July 2018.
The study was reviewed and approved by the FHI 360 Protection
of Human Subjects Committee (#1240522-2) and was approved
by the Afghanistan Ministry of Public Health (MOPH)
Institutional Review Board (protocol #444670) prior to
implementation.

Program Design
The MAMA message program relays essential MNCH
information to guide actions for pregnant women and families
with children under 12 months of age through mobile phones.
Educational messages are sent twice weekly and are timed to
the stage of pregnancy or age of the newborn. In a report
exploring MAMA program implementation experiences in four
countries, several factors were noted that may impact feasibility
and acceptability [23]. Specifically, the report highlights the
need to adapt the content to specific contexts with local
stakeholder inputs; customer enrollment requires partners with
local presence; and the need for client-centered message
delivery, such as selecting the best time for calls [23]. In 2018,
MAMA program messages were adapted to the Afghan context
by technical specialists in social and behavior change, MNCH,
and community health from the USAID-funded Helping Mothers
and Children Thrive in Afghanistan (HEMAYAT) project, the
Health Promotions and Reproductive Health Departments of
the Afghanistan MOPH, and members of the Health Promotions
Technical Working Group. The resulting adapted and translated
messages were recorded by female native Dari and Pashto
speakers as voice messages, pretested, and revised. Following
pretesting, final messages were reviewed and approved by the
Health Promotions Technical Working Group. An automated
messaging platform was developed by Parsa Technology in
Kabul, Afghanistan, which allowed user selection of preferred
time of day to receive twice-weekly messages, message type
(voice message or SMS text message), and language (Dari or
Pashto) that then sent messages to subscriber phone numbers
across a variety of mobile networks.
For pilot program implementation, female community health
workers were selected from communities with active health
posts. Each selected community health worker was trained to
recruit and enroll 10 pregnant women and offer enrollment to
their husbands, in collaboration with the Provincial Health
Directorate and the Basic Package of Health Services
implementer. Recruitment was primarily achieved through home
visits to prospective clients, although some participants were
recruited at locations such as health posts and adult literacy
classes. For this pilot program, eligibility for registration was
confined to pregnant women and their husbands who lived
within the catchment area of the health post of the recruiting
https://mhealth.jmir.org/2020/7/e17535
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community health worker and had access to a functional mobile
phone. Potential clients were informed that program staff might
call them to confirm message receipt and program functionality.
The community health workers ensured that women and men
who registered were eligible and provided clients with a choice
of written text (SMS) messages or automated recorded voice
calls, as well as a choice for time of day to receive the calls or
text messages. If the couple shared a phone, the woman was
offered these choices, as she was considered the primary
subscriber. The first message was timed to the woman’s current
week of pregnancy and continued sequentially from that point.
Messages encouraged clients to discuss MNCH care with their
spouses and families, and promoted healthy practices such as
exclusive breastfeeding and seeking health care services,
including antenatal care, skilled attendance at delivery, and
infant immunization.
Monitoring was conducted by HEMAYAT program staff and
community health supervisors through three approaches: direct
field supervision and mentoring during the community health
worker-led registration process; monitoring of the data
dashboard incorporated with the MAMA platform reflecting
the number of messages sent, received, and nonresponsive
numbers; and project staff calls to registered clients to confirm
number validity, message receipt, and whether the registered
client met the criteria for the pilot registration process. As the
first and third approaches were employed early in pilot program
implementation, system errors such as some mobile networks
not receiving messages were identified and repaired.

Sampling and Recruitment
For baseline data collection, all households that had enrolled in
the MAMA program in the four included provinces were
approached and program subscribers were recruited to
participate in the study no more than 10 weeks after enrolling
in the MAMA program. The community health workers who
had promoted the program and registered subscribers introduced
the data collection team to female subscribers and their husbands
or male heads of household. Eligible participants were pregnant
women and their husbands subscribing to the pilot program at
least 4 weeks earlier and verbally consenting to study
participation. Following explanation of the assessment,
participation was offered, and verbal informed consent was
obtained from subscribers interested in study participation by
data collectors of the same sex. For follow-up data collection,
households were revisited approximately 6 months after the
baseline survey.

Measures and Data Collection
Structured interviews using paper questionnaires were conducted
with study participants by trained, sex-matched data collectors
fluent in the language(s) predominantly spoken in that province.
Translated questionnaires for women and men were field-tested
with volunteers from different ethnic groups across
implementation sites. The baseline questionnaire included
sections detailing household characteristics, the program
registration process, and MNCH-related knowledge and
attitudes. Interviewers asked program participants about their
attitudes toward discussing MNCH and specific practices,
household decision making about MNCH care, and their
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17535 | p.295
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knowledge of several maternal and newborn health issues
featured in MAMA messages. We developed the knowledge
questions based on content used to measure MNCH knowledge
among men and women in assessments and evaluations
performed in Afghanistan both within our group and in larger
household-level surveys [4,27]. Knowledge questions were
closed-ended and were in the form of single-response (for
questions that have one correct answer such as the number of
months for which infants should be exclusively breastfed) or
multiple-response (for questions with more than one correct
answer, such as serious health problems that can occur during
pregnancy) questions. Answer choices were not read to the
participant. Knowledge scores for multiple-response questions
were converted to a binary score with 1 assigned to any correct
answer and 0 assigned to no correct answers.
Feasibility measures included the proportion of female
respondents who had to ask permission to register and from
whom they asked permission; whether they were asked what
time of day they prefer to receive messages and whether they
received messages at their preferred time; continued to subscribe
and receive messages after 6 months and the number of
messages that respondents reported receiving per week on
average; and reports of missed messages with stated reasons
for missing the MAMA messages. Acceptability measures
included the proportion of respondents who reported any and
specific benefits to their participation in MAMA; reported that
a member of their household listened to or read the messages
and who it was (eg, husband, mother-in-law); stated that
including their husband or their mother-in-law was beneficial;
recommended MAMA use to someone else; and discussed
MAMA with other pregnant women or new mothers.
Trained male and female data collectors administered the study
instruments to consenting participants of the same sex in a
private room in the household. The same data collectors
conducted interviews at baseline and follow-up sessions;
community health workers introduced the data collection team
at households during study recruitment and at baseline data
collection, consistent with cultural norms. Baseline data were
collected in July and August 2018. Follow-up interviews were
conducted with the same participants in January and February
2019, using a similar structured questionnaire including the
same knowledge and attitude questions and adding questions
on exposure to and acceptability of the MAMA program.
Additionally, the MAMA mobile platform and database
automatically recorded the dates and time of messages that were
sent and received. We extracted the overall number of messages
received for each participant at follow-up data collection.
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characteristics, message exposure, and acceptability measures,
disaggregated by sex and message type (SMS text or voice
message). Results were summarized at baseline and at follow
up for attitudes, decision making, and knowledge of MNCH
topics. Additionally, we conducted exploratory analyses to
examine the change in selected MNCH knowledge measures
between baseline and follow up using the McNemar Chi square
test for paired data, with a two-sided alpha of .05 and 80%
power.

Data Availability
The datasets generated and analyzed during the current study
are available from the corresponding author on reasonable
request.

Results
Participant Characteristics
Across the four provinces sampled, 895 pregnant women were
registered in the MAMA pilot program from May to August
2018. Over two-thirds (625/895, 69.8%) of female program
participants and 427 husbands who were confirmed subscribers
to the program agreed to participate in the study. A total of
499/625 (79.8%) women and 306/427 (71.7%) men completed
both baseline and follow-up questionnaires. In some households,
more than one woman or man enrolled in the study. However,
because telephone numbers were used as the unique identifier
to link baseline and follow-up data for participants, if more than
one person of the same sex had the same phone number, it was
impossible to link the data from the two time points to the
correct participant. Thus, due to this uncertainty, we removed
records for both participants from the final dataset. Therefore,
we present results from 453/625 women (72.5% of the pretest
sample) and 276/427 men (64.6% of the pretest sample) with
complete baseline and follow-up data, disaggregated by sex.
Among both women and men, about two-thirds of participants
(487/729, 66.8% ) opted to receive voice messages and one-third
(242/729, 33.2%) chose to receive SMS text messages.
Sociodemographic and household characteristics of participants
indicate that many women did not own a phone and used
someone else’s phone to access the program, and most of the
participants had primary-level or no education (Table 1). Over
three-quarters of women who chose voice messages reported
having no formal education, compared to one-third of women
who selected SMS text messages. High numbers of SMS text
message recipients reported having electricity, televisions, and
mobile phones with internet access in their households compared
to participants who chose to receive voice messages.

Data Analysis
We used STATA Version 15 (StataCorp LP, College Station,
TX, USA) to descriptively analyze sociodemographic
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Table 1. Sociodemographic characteristics of participants, by sex and message modality, across four provinces in Afghanistan (N=729).
Characteristic

Women

Men

Voice (n=302)

Text messaging (n=151)

Voice (n=185)

Text messaging (N=91)

Balkh

77 (25.5)

56 (37.1)

58 (31.4)

42 (46.2)

Herat

73 (24.2)

48 (31.8)

36 (19.5)

29 (31.9)

Kabul

66 (21.9)

38 (25.2)

28 (15.1)

12 (13.2)

Kandahar

86 (28.5)

9 (6.0)

63 (34.1)

8 (8.8)

Age (years), mean (SD)

28.6 (12.7)

26.3 (10.9)

32.5 (9.6)

30.5 (7.5)

Phone ownership, n (%)

176 (58.3)

104 (68.9)

185 (100.0)

88 (96.7)

Own

123 (40.7)

70 (46.4)

134 (72.4)

57 (62.6)

Spouse’s

146 (48.3)

67 (44.4)

42 (22.7)

29 (31.9)

Mother/father’s

1 (0.3)

6 (4.0)

3 (1.6)

3 (3.3)

Mother-in-law/father-in-law’s

20 (6.6)

1 (0.7)

3 (1.6)

0 (0)

Brother/sister’s

2 (0.7)

5 (3.3)

1 (0.5)

2 (2.2)

Brother-in-law/sister-in-law’s

7 (2.3)

2 (1.3)

0 (0)

0 (0)

No formal education

234 (77.5)

46 (30.5)

84 (45.4)

29 (31.9)

Primary

31 (10.3)

25 (16.5)

38 (20.5)

12 (13.2)

Secondary

25 (8.3)

25 (16.6)

19 (10.3)

14 (15.4)

High school

10 (3.3)

40 (26.5)

25 (13.5)

21 (23.1)

Higher

1 (0.3)

13 (8.6)

12 (6.5)

12 (13.2)

Vocational or Madrassa

1 (0.3)

2 (1.3)

7 (3.8)

3 (3.3)

0

53 (17.6)

37 (24.5)

39 (21.1)

26 (28.6)

1-2

82 (27.2)

56 (37.1)

40 (21.6)

35 (38.5)

3-4

84 (27.8)

40 (26.5)

54 (29.2)

19 (20.9)

5 or more

83 (27.5)

18 (11.9)

52 (28.1)

11 (12.1)

Electricity

228 (75.5)

136 (90.1)

153 (82.7)

85 (93.4)

Radio

72 (23.8)

36 (23.8)

69 (37.3)

24 (26.4)

Television

168 (55.6)

116 (76.8)

102 (55.1)

76 (83.5)

Mobile phone with internet

53 (17.6)

61 (40.4)

57 (30.8)

32 (35.2)

Mobile phone without internet

268 (88.7)

121 (80.1)

173 (93.5)

86 (94.5)

Born alive and healthy

272 (89.2)

138 (95.6)

165 (89.2)

87 (95.6)

Stillbirth

13 (4.9)

4 (1.1)

9 (4.9)

1 (1.1)

Otherc

17 (6.0)

9 (3.3)

11 (6.0)

3 (3.3)

Province, n (%)

Phone used to access MAMAa, n (%)

Education level, n (%)

Number of living children at pretest, n (%)

Household wealth status indicatorsb, n (%)

Birth outcome at posttest, n (%)

a

MAMA: Mobile Alliance for Maternal Action.

b

Multiple responses allowed.

c

Other responses included abortion, miscarriage, and women who had not yet given birth.
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MAMA Program Feasibility
The majority (312/453, 68.9%) of female participants overall
reported that they had to seek the permission of a gatekeeper to
enroll in the MAMA program; this gatekeeper was usually the
woman’s husband, although in some cases it was the
mother-in-law (Table 2). Some subscribers reported not being
offered a preferred time to receive messages by the community
health worker during MAMA registration, but most of the
women who chose a time preferred to receive messages in the
morning or at night (Table 2).
After 6 months of program participation, the automated database
confirmed that across groups, 95%-97% of respondents had not
cancelled their subscription and were continuing to receive
messages (Table 2). Of the 22 women and 8 men who were no
longer subscribers at follow up, the majority (21/30, 70%) did
not have the phone or SIM card used at registration or it was
broken; a few women (3/30, 10%) had problems related to phone
sharing. The program was designed to send 2 messages each
week, with a few exceptions; however, some respondents
reported receiving more than 2 messages per week. A software
error that was not detected during beta testing caused the
automated system to erroneously send multiple messages per
day to the same phone number. Affected subscribers notified
the project through a helpline or by telling the community health
workers who then called HEMAYAT project staff to report the
error. This problem was identified and corrected within 48 hours
of reporting. Subscribers of voice messages received fewer total
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messages and were more likely to report occasionally missing
messages compared to those who received text messages;
women also stated more often than men that they missed
messages. Common reasons for missing messages included
being busy with chores or that someone else had the phone, and
these reasons were equally common for both sexes.

MAMA Program Acceptability
Most women and men cited multiple benefits when asked about
perceived program benefits (Table 3); gaining information about
health care for themselves (women), their wives (men), or their
children were the most frequently stated benefits. Women often
reported that the ability to obtain health information at home
was also a benefit, and about one-quarter of the respondents of
both sexes spontaneously mentioned that they learned new
health information by subscribing to MAMA. Nearly all men
and over 80% of women (n=377) agreed that it was beneficial
to include husbands in the MAMA program; the majority of
women in the voice message group and approximately half of
the women in the SMS text messaging group said their husbands
had listened to or read the messages (Table 3). More than half
of the participants agreed that including their mothers-in-law
was beneficial, but 119 women (about 25%) stated that it was
not beneficial. Most women reported having discussed the
program with a peer, with about half of women and over
one-third of men reporting having recommended the program
to a friend or relative.
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Table 2. Feasibility of Mobile Alliance for Maternal Action (MAMA) program registration and use among participants, by sex and message modality,
in four provinces of Afghanistan (N=729).
Feasibility measure

Women

Men

Voice (n=302)

Text messaging (n=151)

Voice (n=185) Text messaging (n=91)

213 (70.5)

99 (65.6)

131 (70.8)

47 (51.7)

Husband

174 (78.4)

83 (79.8)

96 (69.6)

34 (66.7)

Mother-in-law

32 (14.4)

18 (17.3)

34 (24.6)

14 (27.5)

Father-in-law

13 (5.9)

3 (2.9)

8 (5.8)

3 (5.9)

Brother-in-law

2 (0.9)

0 (0)

0 (0)

0 (0)

Other (specify):

1 (0.45)

0 (0)

0 (0)

0 (0)

Not offered the choice of a preferred time

101 (33.4)

39 (25.8)

40 (21.6)

18 (19.8)

Yes

136 (45.0)

89 (58.9)

76 (41.1)

38 (41.8)

No

49 (16.2)

18 (11.9)

11 (5.9)

9 (9.9)

Refused or don’t know

16 (5.3)

10 (6.6)

58 (31.4)

26 (28.6)

Morning

88 (29.1)

43 (28.5)

40 (21.6)

23 (25.3)

Afternoon

27 (8.9)

18 (11.9)

18 (9.7)

8 (8.8)

Evening

31 (10.3)

9 (6)

17 (9.2)

2 (2.2)

Night

55 (18.2)

39 (25.8)

12 (6.5)

7 (7.7)

Anytime

0 (0)

3 (2)

9 (4.9)

9 (9.9)

No choice given/don’t know

101 (33.4)

39 (25.8)

89 (48.1)

42 (46.2)

Current MAMA subscription at posttestc, n (%)

286 (94.7)

145 (96)

180 (97.3)

88 (96.7)

Total messages received, mean (SD)

43 (17.6)

69.4 (13)

43.7 (17.7)

68.5 (12.5)

0

2 (0.7)

2 (1.3)

5 (2.7)

1 (1.1)

1-2

240 (79.5)

137 (90.7)

104 (56.2)

62 (68.1)

3-5

47 (15.6)

12 (8)

63 (34.1)

25 (27.5)

6+

13 (4.3)

0 (0)

13 (7)

3 (3.3)

142 (47)

36 (23.8)

49 (26.5)

14 (15.4)

N=36

N=49

N=14

Woman had to ask permission to register

a

Who was asked for permissionb

Received message at preferred time at baseline, n (%)

Time of day preferred (baseline), n (%)

d

Typical number messages received per week , n (%)

Ever missed messages, n (%)

Reasons for missing messages, among those who reported N=142
missingb, n (%)

a

No balance or charge

14 (7.7)

1 (2.3)

13 (17.8)

4 (19.1)

Busy with chores

73 (40.3)

18 (41.9)

37 (50.7)

8 (38.1)

Someone else had phone

67 (37)

18 (41.9)

19 (26)

7 (33.3)

Wrong time

7 (3.9)

0 (0)

0 (0)

1 (4.8)

Someone else took the call

5 (2.8)

3 (7)

0 (0)

0 (0)

Other

15 (8.3)

3 (7)

4 (5.5)

1 (4.8)

Male participants were asked whether their wives were required to obtain permission to register.

b

Multiple responses allowed.

c

Subscription and messages received data were extracted from the MAMA system database. All other data presented were based on self-reporting.

d

Men were asked how many messages their wives received per week.
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Table 3. Mobile Alliance for Maternal Action (MAMA) program acceptability among participants, by sex and message type, in four provinces of
Afghanistan (N=729).
Acceptability measure

Women

Men

Voice (n=302) Text messaging (n=151)

Voice (n=185) Text messaging (n=91)

Information for own (wife’s) health

218 (72.2)

108 (71.5)

109 (58.9)

60 (65.9)

Information for child’s health

201 (66.6)

107 (70.9)

114 (61.6)

58 (63.7)

Able to get health information at home

121 (40.1)

47 (31.1)

56 (30.3)

23 (25.3)

Learned new health information

85 (28.2)

39 (25.8)

47 (25.4)

14 (15.4)

Other

11 (3.6)

2 (1.3)

10 (5.4)

8 (8.8)

None

10 (3.3)

4 (2.7)

8 (6)

0 (0)

79 (26.2)

53 (35.1)

116 (62.7)

64 (70.3)

b

a

Reported benefits of MAMA , n (%)

Others in household have listened to/read messages, n (%)
No one
Husband

182 (60.3)

73 (48.3)

N/A

N/A

Mother-in-law/Mother (for husband)

76 (25.2)

16 (10.6)

47 (25.4)

17 (18.7)

Sister(s)-in-law

28 (9.3)

14 (9.3)

9 (4.9)

6 (6.6)

Sister(s)

26 (8.6)

9 (6)

12 (6.5)

14 (15.4)

Father-in-law/father (for husband)

19 (6.3)

2 (1.3)

14 (7.6)

3 (3.3)

Other

12 (4)

2 (1.3)

17 (9.2)

5 (5.5)

Yes

256 (84.8)

121 (80.1)

173 (93.5)

85 (93.1)

No

31 (10.3)

21 (13.9)

4 (2.2)

2 (2.2)

Don’t know

15 (5)

9 (6)

8 (4.3)

4 (4.4)

Agree that including husband is beneficial, n (%)

Agree that including mother-in-law (husband’s mother) in program is beneficial, n (%)
Yes

151 (50)

77 (51)

114 (61.6)

62 (68.1)

No

76 (25.2)

43 (28.5)

38 (20.5)

15 (16.5)

Don’t know

29 (9.6)

6 (4)

33 (17.8)

14 (15.4)

Mother-in-law didn’t listen to messages

46 (15.2)

25 (16.7)

N/A

N/A

Mother-in-law helps participant understand messages

89 (29.5)

52 (34.4)

65 (35.1)

36 (39.6)

Helps participant follow instructions in messages

48 (15.9)

25 (16.6)

35 (18.9)

27 (29.7)

Increased mother-in-law’s awareness of participant’s health 64 (21.2)
needs

26 (17.2)

63 (34.1)

21 (23.1)

Needs information on health care during pregnancy

68 (22.5)

17 (11.3)

25 (13.5)

8 (8.8)

Other

1 (0.3)

2 (1.3)

1 (0.5)

3 (3.3)

Discussed MAMA with other pregnant women or new mothers, 175 (58)
n (%)

88 (58.3)

N/A

N/A

Recommended the MAMA program, n (%)

145 (48)

81 (53.6)

67 (36.2)

39 (42.9)

Family member

66 (45.5)

41 (50.6)

24 (35.8)

17 (43.6)

Friend

55 (37.9)

32 (39.5)

42 (62.7)

17 (43.6)

Neighbor

68 (46.9)

31 (38.3)

39 (58.2)

12 (30.8)

Others

3 (2.1)

0

2 (3.0)

3 (7.7)

Benefits of including mother-in-lawa, n (%)

Who MAMA was recommended toa, n (%)

a

Multiple responses possible.
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b

N/A: not applicable; option/item not asked of men.

Attitudes, Decision Making, and Knowledge
We assessed attitudes toward MNCH, including comfort
discussing maternal and newborn care with family members,
correct knowledge and acceptance of exclusive breastfeeding
and birth spacing, and attitudes about utilizing facility-based
care during pregnancy and delivery (Table 4). The proportion
of participants who agreed that they feel knowledgeable
discussing health care for pregnancy and newborns with their
spouse was high at baseline and increased slightly at follow up;
however, there was little or no change in women feeling
knowledgeable in discussing pregnancy or infant care with their
mothers-in-law. Participant attitudes about breastfeeding and
birth spacing improved between measures for both women and
men; however, 118 (42.8%) of men at follow up still agreed
that exclusive breastfeeding will not result in appropriate infant
growth. The proportion of respondents who agreed that their
mother-in-law or mother (for men) supported delivering their
babies in a health facility decreased at posttest.
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With respect to decision making about MNCH care, and when
to seek services, reported joint decision making by respondents
and their spouses together increased between time points (Table
5). In general, there was a wide range of responses to questions
about who makes health care decisions with “respondent,”
“spouse,”
“respondent
and
spouse
jointly,”
and
“mother-in-law/mother” all being common choices.
We examined differences between baseline and follow up in
participants’ MNCH knowledge that overlapped with the
MAMA message content. Generally, knowledge was higher for
all indicators among women compared to men at both time
points (Table 6). Knowledge for all measured topics increased
between time points for both sexes with one exception,
knowledge of the maximum time the lactational amenorrhea
method has a reliable contraceptive effect; knowledge
differences between women and men diminished on several
items at follow up. Knowledge of applying chlorhexidine to a
newborn’s umbilical cord stump improved substantially and
knowing to start breastfeeding within 1 hour after delivery
improved substantially among men.
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Table 4. Attitudes toward maternal, newborn, and child health care at baseline and follow up, by participant sex, in four provinces of Afghanistan
(N=729).
Item

Women (n=453)

Men (n=276)

Baseline, n (%)

Follow up, n (%)

Baseline, n (%)

Follow up, n (%)

Agree

395 (87.2)

405 (89.4)

228 (82.6)

247 (89.5)

Neutral

33 (7.3)

25 (5.5)

21 (7.6)

18 (6.5)

Disagree

19 (4.2)

20 (4.4)

10 (3.6)

5 (1.8)

Refused

6 (1.3)

3 (0.7)

17 (6.2)

6 (2.2)

Agree

395 (87.2)

413 (91.2)

224 (81.2)

248 (89.9)

Neutral

33 (7.3)

24 (5.3)

28 (10.1)

13 (4.7)

Disagree

19 (4.2)

14 (3.1)

12 (4.4)

11 (4)

Refused

6 (1.3)

2 (0.4)

12 (4.4)

4 (1.5)

Feel knowledgeable discussing health care for pregnancy with spouse

Feel knowledgeable discussing health care for baby with spouse

Feel knowledgeable discussing pregnancy health care with mother-in-law (mother)
Agree

333 (73.5)

334 (73.7)

206 (74.6)

222 (80.4)

Neutral

42 (9.3)

62 (13.7)

29 (10.5)

11 (4)

Disagree

35 (7.7)

32 (7.1)

21 (7.6)

29 (10.5)

Refused

43 (9.5)

25 (5.5)

20 (7.3)

14 (5.1)

Feel knowledgeable discussing baby health care with mother-in-law (mother)
Agree

333 (73.5)

327 (72.2)

215 (77.9)

219 (79.4)

Neutral

42 (9.3)

56 (12.4)

27 (9.8)

11 (4)

Disagree

36 (8)

43 (9.5)

18 (6.5)

33 (12)

Refused

42 (9.3)

27 (6)

16 (5.8)

13 (4.7)

Agree

94 (20.8)

67 (14.8)

73 (26.5)

35 (12.7)

Neutral

31 (6.8)

12 (2.7)

26 (9.4)

17 (6.2)

Disagree

310 (68.4)

359 (79.3)

158 (57.3)

205 (74.3)

Refused

18 (4)

15 (3.3)

19 (6.9)

19 (6.9)

Believe it is against Islam to use birth-spacing methods

Believe exclusive breastfeeding is inadequate; babies need supplemental foods/liquids
Agree

171 (37.8)

76 (16.8)

138 (50)

118 (42.8)

Neutral

44 (9.7)

31 (6.8)

29 (10.5)

39 (14.1)

Disagree

220 (48.6)

341 (75.3)

95 (34.4)

113 (40.9)

Refused

18 (4)

5 (1.1)

14 (5.1)

6 (2.2)

Agree

360 (79.5)

340 (75.1)

236 (85.5)

226 (81.9)

Neutral

26 (5.7)

47 (10.4)

11 (4)

13 (4.7)

Disagree

32 (7.1)

40 (8.8)

19 (6.9)

16 (5.8)

Refused

35 (7.7)

26 (5.7)

10 (3.6)

21 (7.6)

Believe mother-in-law (mother) supports health facility delivery
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Table 5. Reported health decision makers within the household among participants, by sex, across four provinces in Afghanistan (N=729).
Health decision maker

Women (n=453)

Men (n=276)

Baseline,

Follow up,

n (%)

n (%)

Baseline, n (%)

Follow up, n (%)

Respondent

100 (22.1)

83 (18.3)

65 (23.6)

79 (28.6)

Spouse

151 (33.3)

139 (30.7)

41 (14.9)

29 (10.5)

Respondent and spouse jointly

73 (16.1)

114 (25.2)

89 (32.3)

104 (37.7)

Mother-in-law/mother

80 (17.7)

76 (16.8)

57 (20.7)

42 (15.2)

Husband/wife and mother-in-law/mother jointly

18 (4)

8 (1.8)

4 (1.5)

0 (0)

Other relative

27 (6)

33 (7.3)

17 (6.2)

21 (7.6)

No response/refused

4 (0.9)

0 (0)

3 (1.1)

1 (0.4)

Respondent

106 (23.4)

110 (24.3)

54 (19.6)

49 (17.8)

Spouse

125 (27.6)

109 (24.1)

60 (21.7)

49 (17.8)

Respondent and spouse jointly

93 (20.5)

127 (28)

89 (32.3)

116 (42)

Mother-in-law/mother

86 (19)

73 (16.1)

55 (19.9)

41 (14.9)

Husband/wife and mother-in-law/mother jointly

21 (4.6)

3 (0.7)

2 (0.7)

4 (1.5)

Other relative

16 (3.5)

31 (6.8)

15 (5.4)

17 (6.2)

No response/refused

6 (1.3)

0 (0)

1 (0.4)

0 (0)

Respondent

82 (18.1)

81 (17.9)

90 (32.6)

74 (26.8)

Spouse

214 (47.2)

152 (33.6)

28 (10.1)

27 (9.8)

Respondent and spouse jointly

64 (14.1)

115 (25.4)

93 (33.7)

118 (42.8)

Mother-in-law/mother

48 (10.6)

64 (14.1)

34 (12.3)

28 (10.1)

Husband/wife and mother-in-law/mother jointly

11 (2.4)

12 (2.7)

2 (0.7)

4 (1.5)

Other relative

31 (6.8)

29 (6.4)

27 (9.8)

24 (8.7)

No response/refused

3 (0.7)

0 (0)

2 (0.7)

1 (0.4)

Regarding mother’s health

Regarding infant/child health

Regarding care-seeking

Table 6. Comparison of reported maternal, newborn, and child health care awareness and knowledge differences by time point and sex across four
provinces in Afghanistan with the paired McNemar Chi square test (N=729).
Item

a

Women (n=453)

Men (n=276)

Baseline, n (%)

Follow up, n (%)

P value

Baseline, n (%)

Follow up, n (%)

P value

Knew any reason to take iron supplements

265 (58.5)

377 (83.2)

<.001

129 (46.7)

161 (58.3)

.004

Knew ≥4 antenatal care visits recommended

297 (65.6)

345 (76.2)

<.001

164 (59.4)

188 (68.1)

.03

Knew ≥1 pregnancy warning signs

382 (84.3)

436 (96.3)

<.001

197 (71.4)

246 (89.1)

<.001

Knew ≥1 childbirth warning signs

395 (87.2)

433 (95.6)

<.001

211 (76.5)

252 (91.3)

<.001

Knew ≥1 way to keep baby warm

351 (77.5)

427 (94.3)

<.001

185 (67.0)

242 (87.7)

<.001

Knew to apply chlorhexidine to cord

201 (44.4)

303 (66.9)

<.001

80 (29.0)

183 (66.3)

<.001

Knew when to start breastfeeding

400 (88.3)

422 (93.2)

.01

151 (54.7)

222 (80.4)

<.001

Knew recommended duration to practice exclu- 392 (86.5)
sive breastfeeding

427 (94.3)

<.001

130 (47.1)

207 (75.0)

<.001

Knew maximum time LAMa can be practiced

57 (12.6)

.50

22 (8.0)

39 (14.1)

.02

63 (13.9)

LAM: lactational amenorrhea method.
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Discussion
Principal Results
Our results indicate that the adapted MAMA program was
feasible and acceptable to implement in Afghanistan. Consistent
with other evidence from Afghanistan, most participants
preferred to receive voice calls rather than SMS text messages
[16]. Nearly all participants continued to receive messages 6 to
8 months after enrollment and reported that they benefitted from
the program. Women who received voice messages more often
reported that their husband or mother-in-law engaged with the
messages compared to women who received text messages.
Text message recipients received more messages on average
than those who received voice messages, but this is explained
by the fact that the character limit for text messages required
some MAMA messages to be divided into two or three separate
texts. In open-ended responses, participants who said that they
had missed messages or were no longer subscribers usually
cited reasons related to not having the phone or SIM card that
was used to enroll in the program. Phone sharing within
households also appears to have contributed to missed messages.
However, at follow up, less than 3% of women and men stated
they were not receiving any messages on a weekly basis,
suggesting technical viability of the program in this and possibly
other fragile contexts. Men reported that they felt more
knowledgeable discussing MNCH topics at follow up. Reported
joint decision making between spouses about MNCH care
modestly increased. Knowledge of several lifesaving MNCH
issues and interventions, including pregnancy warning signs,
newborn umbilical cord care, and breastfeeding, improved over
the 6-month assessment period among both women and men.

Comparison With Prior Work
The proliferation of mobile phones is an important development
in the Afghan context [4,28]; however, phone sharing practices,
low literacy, a weak communications infrastructure, and social
norms that limit women’s ability to communicate, make, and
act on health decisions are all factors that may hinder the success
of an mHealth program in such a context. This study is one of
few conducted in fragile settings such as Afghanistan to examine
the feasibility and acceptability of using mobile phones for
health education and to promote behavior change. Moreover,
despite evidence of the primacy of male heads-of-household in
health decision making [13], this is the only study conducted
in Afghanistan to date that describes the implementation of an
mHealth program that includes both women and men.
A recent review found mixed results and insufficient evidence
that mHealth interventions improve MNCH outcomes [29].
However, many studies have tried to assess changes in health
outcomes such as rates of antenatal care attendance, as opposed
to more proximal measures such as knowledge and attitudes
[26]. Additionally, most interventions have focused on only one
stage of MNCH care (pregnancy, birth, postpartum, or infant
care) [29], whereas the present evaluation spans the pregnancy
and postpartum periods.
Another unique aspect of this study is the comparison of voice
to SMS text message formats regarding participant
characteristics, feasibility, and acceptability measures. In several
https://mhealth.jmir.org/2020/7/e17535
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studies conducted in a variety of contexts, voice calls were
preferred over SMS text messages [30]; however, only one study
conducted in Malawi compared SMS text and voice messages
for improving the knowledge and uptake of maternal and
newborn health practices [21]. The authors found that SMS text
messages had a higher rate of successful message delivery and
SMS participants were significantly more likely to report a
behavior change compared to voice message participants;
however, some participants could only access voice messages
due to low literacy. In our study, a surprisingly large number
of MAMA subscribers opted to receive text messages, despite
low literacy. Additional research is needed to better understand
the factors influencing message format selection and the benefits
and limitations of each of these methods of message delivery
in this context.
Two papers have presented findings from different analyses of
the MAMA program in Bangladesh, called Aponjon, which is
operated by the nonprofit social enterprise Dnet [24,25]. The
first reported results were from a cross-sectional survey
conducted among 255 women who had subscribed to Aponjon
during pregnancy for at least 3 months and 389 matched controls
for each subscriber, as well as 345 women who subscribed to
Aponjon during the postpartum period and 455 matched
nonsubscribers [24]. The researchers compared results on >75
knowledge and behavioral indicators between exposed and
nonexposed women, finding statistically significant differences
for 24 of the indicators. However, there was no clear pattern in
the results to indicate an association between a specific
knowledge area or behavior and the intervention. The authors
reported that when comparing degrees of exposure (categorized
as nonexposure, 3-5 months exposure, and 6-12 months
exposure), they observed statistically significant associations
between 6-12 month exposure and scoring in the 50th percentile
or greater on composite measures of newborn knowledge and
newborn health practices compared to those with no program
exposure [25]. The second paper reported the results of a
subanalysis comparing perinatal outcomes between women who
started using the Aponjon program during pregnancy with those
of women who enrolled in Aponjon postpartum. The authors
found that exposure to program messages during pregnancy
was not associated with skilled birth attendance, initiating
breastfeeding within 2 hours after delivery, timing of the first
bath for the baby, or frequency of postnatal care visits [24].
Although our study design precludes attributing changes in
knowledge or attitudes to the intervention, the changes observed
among both sexes are promising and warrant further study with
research designed to test the effectiveness of the intervention
on knowledge and behavioral outcomes.

Limitations
There are several limitations of this study. We acknowledge
that the single-group study design precludes attributing changes
in knowledge, attitudes, and decision making to the MAMA
intervention, and therefore we treat these results as exploratory.
The ability to generalize our findings is also limited. Those who
opted to subscribe to the MAMA program may differ
substantially from those who opted not to subscribe; however,
community health workers reported that very few of the women
they approached did not subscribe. Additionally, our analyses
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included only 55% of women who subscribed to the pilot
program; therefore, these results may not reflect subscribers as
a whole. Participants who could be located and consented to be
interviewed at both time points may have had higher engagement
and more positive views of the program. Our measurement of
MNCH knowledge items reflects participant knowledge at
different stages of partial exposure to the program. Because the
baseline interview was administered in some cases up to 10
weeks after enrollment and participants were at various stages
of pregnancy, some participants were already exposed to some
of the knowledge items we assessed at baseline, while others
were not. At follow up, participants had similarly varying
exposure to newborn care messages. Similarly, due to phone
sharing within households, we elected not to assess whether
knowledge change was proportionate to the number of messages
received. Finally, there may have been confounding effects
through exposure to other MNCH information channels during
the pilot program. Community health workers at the community
level and health care providers are the primary sources of
MNCH messages and education in rural Afghanistan, although
some households may also receive health information from
other community-level volunteers (eg, Family Health Action
Group members), radio, or television [31,32]. We are unaware
of any other new health education programs implemented in
the same communities at the same time as the MAMA pilot

Lebrun et al
program. The existing sources may have created some bias,
which we cannot rule out due to lack of a comparator group.

Conclusions
We found that Afghan women and men welcomed an mHealth
MNCH educational program and were largely able to enroll and
access weekly voice or text messages with few technological
complications, and continued program use from pregnancy
through early infancy. Participants reported that they benefited
by gaining health knowledge, and many stated that they
discussed the messages with their family and peers. Joint
decision making between spouses appears to have increased
during the intervention period, and including husbands in the
program was more often described as beneficial by participants
when compared with the discussion of messages with
mothers-in-law; both are potential areas for further research in
this cultural context. There were improvements in MNCH
knowledge measures among both male and female participants;
however, given the important limitations of the research that
has been conducted on this approach, future research of this and
similar programs should be designed to rigorously evaluate the
effect of the intervention on MNCH knowledge and health
behaviors. Prior to further effectiveness evaluation, we hope
that the data from this assessment will be used to secure ongoing
and sustained support to allow the MAMA program to be refined
and implemented at a greater scale in Afghanistan.
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Abstract
Background: Text or voice messages have been used as a popular method for improving women’s knowledge on birth
preparedness and newborn health care practices worldwide. The Aponjon service in Bangladesh provides twice-weekly messages
to female subscribers about their pregnancy and newborn care on mobile phones that they own or share with family members. It
is important to understand whether women’s singular access to a phone affects their service satisfaction and the adoption of health
messages before deploying such interventions in resource-limited settings.
Objective: This study aims to evaluate the effect of women’s singular and shared access to mobile phone messages on their
service utilization and perceived behavioral change around birth preparedness and pregnancy care.
Methods: In 2014, Aponjon conducted a retrospective cross-sectional survey of 459 female subscribers who received text or
voice messages during their pregnancy by themselves (n=253) or with family members (n=206). We performed multivariable
regression analyses to investigate the association between pregnant women’s differential access to messages and other socioeconomic
factors and outcomes of service satisfaction, ability to recall service short code, ability to identify danger signs of pregnancy,
preference for skilled delivery, arrangement of a blood donor for delivery and pregnancy complications, maternal nutrition, use
of potable drinking water, and washing hands with soap for hygiene.
Results: In the multivariable analysis, women who had singular access to messages had higher odds of reporting high satisfaction
(odds ratio [OR] 1.72, 95% CI 1.12-2.63; P=.01), recalling the service short code (OR 2.88, 95% CI 1.90-4.36; P<.001), consuming
nutritious food 5 times a day (OR 1.58, 95% CI 1.04-2.40; P=.03), and following the instructions of Aponjon on drinking potable
water (OR 1.90, 95% CI 1.17-3.09; P=.01) than women who shared access with family members. Women’s differential access
to messages did not affect their knowledge of danger signs and preparedness around delivery. Adolescent women and women
aged 20-24 years had lower odds of planning safe deliveries than older women (aged≥25 years). Secondary education was
statistically significantly associated with women’s ability to recall the short code and pregnancy danger signs, plan safe delivery,
and select blood donors for emergencies. Higher family income was associated with women’s satisfaction, recognition of danger
signs, and arrangement of blood donors and nutritious diet. Women who received more than 4 antenatal care visits had higher
odds of liking the service, preferring skilled delivery, recalling danger signs, and consuming nutritious food.
Conclusions: The capacity of women to independently access mobile phone messages can improve their adoption of mobile
health services and some pregnancy health care practices. A holistic approach and equitable support are required to improve
access to resources and knowledge of delivery preparedness among low-literate and younger women in low-income households.
(JMIR Mhealth Uhealth 2020;8(7):e17665) doi:10.2196/17665
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mHealth; inequality; access; pregnancy
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Introduction
Background
The World Health Organization (WHO) defined mobile health
(mHealth) as a medical and public health practice that is
supported by mobile devices and other wireless devices [1].
Many developing countries around the world have recognized
that mHealth can provide crucial lifesaving information in
remote settings where the health workforce is scarce and have
adopted appropriate mHealth interventions [1]. Mobile phone
reminders and text messages have helped improve facility
utilization for maternal and neonatal care in developing countries
[2,3]. However, mHealth implementers have had difficulty
reaching out to women who had no access to phones [2].
Approximately 21% of women worldwide have no phone,
mainly because of cost, husband’s disapproval, and lack of
technical knowledge on how to operate a phone [4]. Women’s
non–phone ownership is most prevalent in Africa, the Middle
East, and South Asia [5], regions known to contribute heavily
to the global burden of maternal and neonatal deaths [6-8].
Bangladesh, a South Asian country with a population of
approximately 160 million people in an area of 147,570 km2,
has made significant progress in reducing the under-5 mortality
rate and the maternal mortality ratio (MMR), which used to be
one of the highest in the world [9,10]. However, MMR and
neonatal mortality rate (NMR) remain at 170 per 100,000 live
births and 23 per 1000 live births, respectively, which are far
behind the targets set by the millennium development goals
[9,10]. Similar to other member countries of the United Nations,
Bangladesh needs continued investment and innovative
approaches to reduce the MMR to 70 per 100,000 live births
and NMR to 12 per 1000 live births, including improving health
and well-being of all people of all ages by 2030 under the
postmillennium sustainable development agenda [11,12].
mHealth initiatives could boost Bangladesh’s progress as mobile
phone subscription has increased exponentially since its
introduction in the early 90s [13]. Low-income households in
rural settings are increasingly subscribing to mobile phones
because of competitive pricing among telecom operators and
mobile phone manufacturers [13]. Although the gender gap in
mobile phone ownership is closing, it still exists. A study in
rural Bangladesh revealed that ownership of mobile phones was
almost 1.8 times more among men than women, and men were
more likely to own a phone at an earlier age [14]. Women in
low-income households are expected to share phones with
family members more often than men [4,14,15]. Mobile phone
acquisition was higher in households where only the husband
was literate compared with households where only the wife was
literate [13].
Inequity in access to technology such as mobile phones because
of social, cultural, and economic differences is broadly known
as the digital divide [13]. mHealth implementers in
resource-limited settings need to address the digital divide, as
women with shared or no access to phones and limited education
may never receive health messages, especially voice messages
that cannot be stored and read later like text messages [14-16].
In resource-limited settings where women do not have personal
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mobile phones, providing health workers or midwives with
mobile phones for improved counseling and referrals has been
tested [17,18]. However, this approach does not address the
severe scarcity of skilled health workforce in remote areas [19].
As phone sharing is a common scenario in low-income
households, it is important to understand how shared access to
mHealth messages impacts women’s adoption of recommended
maternal and newborn health and well-being practices [15].
Previous studies reported low to moderate changes in maternal
facility utilization among women who had any form of access
to mobile phones compared with women with no access [20-22].
There is a dearth of literature evaluating women’s independent
and shared access to targeted messages on well-being practices
during maternity.

Objectives
To cover the gap in existing knowledge on the impact of the
digital divide on pregnancy and birth preparedness, we
conducted a study of female subscribers enrolled in a mobile
phone–based health education messaging service during their
pregnancy. The objective of our study was to investigate the
association between how women accessed messages and their
(1) satisfaction and intention to access the mHealth service and
(2) their knowledge and practice around birth preparedness and
pregnancy wellness.

Methods
The Intervention
The Aponjon (meaning someone very dear or close in Bangla)
service was the first national mobile phone–based health
education service for pregnant women and mothers of 0- to
11-month-old babies in Bangladesh that was deployed as the
first project of the global initiative the Mobile Alliance for
Maternal Action in 2012 and had received endorsement from
the Bangladeshi government and financial support from the
United States Agency for International Development [23,24].
The Aponjon service typically provides a range of maternal and
newborn well-being information to registered Bangladeshi
women according to their gestational stage [23]. Any pregnant
woman can enroll in the service at any stage of her pregnancy
to receive pregnancy messages and then in the postpartum
service for another year after childbirth [23]. Usually during
pregnancy or after childbirth, potential subscribers are contacted
by community health workers of partner nongovernment
organizations and included in the service with their consents
[23,25]. Alternatively, potential subscribers can enroll in the
service by directly calling the service short code, which has
been advertised widely through television commercials,
billboards, newspaper advertisements, and leaflets [23,25].
Ideally, it is expected that a pregnant woman will enroll in the
service during pregnancy and, at the end of her pregnancy, will
be upgraded to the maternal service for another year on
successful birth of a child. Subscribers are reminded to contact
the service call center by dialing the service short code for a
service upgrade and complain or queries.
Pregnant women receive a range of information on birth
preparedness, including recognition of danger symptoms of
pregnancy, labor and delivery, decision making around delivery
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places and skilled birth attendants, arrangement of blood donors
for complications during delivery and pregnancy-related
emergencies, nutrition during pregnancy, hand washing
procedure before eating, food preparation, and toilet and safe
drinking water. The service was piloted for a year before rolling
out in 2012 [23]. Subscriber women may choose between
interactive voice resonance (IVR) and text messages as a service
mode [25]. Each IVR message in Bangla is 1 min long, whereas
text messages are in transliterated Bangla to support all mobile
phone and contain up to 161 characters [25].
Aponjon female subscribers are enrolled in the service on
confirmation that they have at least one mobile phone (own or
shared) in their house that they can access at a certain time of
the day. During enrollment, subscribers are asked to indicate
the preferred time and days of the week to receive messages.
The idea is that subscribers would have the handset for accessing
messages at the specified time [23]. A female subscriber
typically receives 2 messages a week from the service and an
additional message for her husband or family member on a
separate or the same mobile number if she includes them in the
service [23,25]. The messages have been designed in accordance
with the national and international guidelines on maternal,
neonatal, and infant health care by accredited content experts
[23,24].
Subscribers are typically charged 2.3 Bangladeshi Taka (BDT;
US $0.03) per message with a no fees option for marginalized
households [23,24]. Since mid-2013, the service has offered
consultations with medically trained doctors through a 24-hour
call center for clients [26]. Subscribers can consult doctors on
maternal and newborn health issues for as long as they want,
while being charged the normal call rate per minute [26]. In
2014, the service had more than one million subscriber bases
[25].

Study Area
We analyzed data obtained from a cross-sectional survey as part
of routine operations research conducted by Dnet, the
implementing agency of Aponjon. The survey was conducted
between February and April 2014 in selected subdistricts of
Bogura, Bagerhat, Patuakhali, Chittagong, and Laxmipur
districts in Bangladesh, which were purposively selected to
reflect the remoteness, cultural diversity, geographical
dispersion, and maximum acquisition of subscribers [25].
Administratively, Bangladesh is divided into 8 divisions, 64
districts (zillas), and 545 subdistricts (upazillas) [9,27]. The
subdistricts or upazillas are further divided into urban and rural
areas; rural areas in an upazilla consist of union parishads (UP),
whereas mouzas (cluster of villages) make up each UP [28,29].
Urban areas in an upazilla are divided into wards and mahallas
(cluster of households) within wards [28,29]. Bogura is a
northern district in Bangladesh, which is also known as the
industrial powerhouse of the North Bengal [30]. Bagerhat and
Patuakhali are 2 districts in southwestern Bangladesh and lie
in the fringe of Bay of Bengal [31,32]. Chittagong (Chattagram)
is a district in the southeastern part of Bangladesh, known for
the sea port and hill tracts [33], whereas Laxmipur is a district
in the southern part of Bangladesh [34]. The average size of
households in these districts varied from 3.8 to 5.1 (Bogura:
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3.8, Bagerhat: 4.13, Chittagong: 5.1, Laxmipur: 4.71, and
Patuakhali: 4.41) in 2011 [30-34]. Among the selected districts,
Bagerhat and Chittagong have the highest average literacy rate
at 58.98% (male: 59.97% and female: 57.99%) and 58.90%
(male: 61.1% and female: 56.7%), respectively [31,33].

Sampling
The survey included subscriber women at different stages of
pregnancy. Pregnant women were eligible to participate if they
received pregnancy messages for at least two months and did
not undergo a planned or unplanned pregnancy termination.
Pregnant women who had just given birth to newborn baby but
had not upgraded the service for the postpartum period were
also eligible for the survey. Adolescent women aged less than
18 years were excluded from the survey.
A sampling frame with details of approximately 2274 potential
survey respondents (who matched the inclusion criteria) was
prepared from the Aponjon service database. The survey
database contained information such as subscriber’s name,
address, cell phone number, age, date of beginning of last
menstruation period, enrollment date, and type of access and
socioeconomic information. On the basis of formative research
experience, Dnet estimated a priori that a sample size of
approximately 400 respondents was required, with an anticipated
ratio of shared to independent access of 1:2, to detect a
difference in proportions with outcomes of interest between
shared and independent access of 15%, with 80% power and a
5% significance level. Assuming availability of pregnant women
at home and consent rate of 60%, it was expected that 660
subscribers would need to be contacted for the study.
Owing to the lack of availability of an adequate number of
community health workers who could assist field researchers
in identifying households of subscribers, only 839 subscribers
were potentially available to be contacted from the list. Eligible
subscribers were randomly sampled district by district from the
existing list until the proposed number of respondents had been
recruited. A group of 24 field researchers, 2 field supervisors,
and 1 central coordinator conducted the survey. A pair of male
and female researchers conducted each interview at the
respondent woman’s house after ensuring privacy [25]. Each
interview lasted approximately 1 hour. Before visiting the
respondents at their home, researchers contacted the respondents
over the phone to make an appointment. Initially, researchers
read aloud information on the survey, confidentiality issues,
benefits, and possible risks associated with participating in the
survey. Respondents had the right to withdraw from the survey
at any time and could refuse to answer any question. Verbal
and written consents were received before each interview.
Identification of respondents such as name, location, and cell
phone number was replaced with IDs to maintain anonymity.
The interviews were conducted in Bangla. Eligible respondents
who could not be reached over the phone for an appointment
or were not at home when field researchers visited or who did
not want to participate were excluded from the survey [25].
Mostly, pregnant women who had relocated to have their birth
at their parent’s house outside the study area could not be
interviewed.
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Respondents were administered semistructured questionnaires
that contained questions regarding pregnancy behavioral
outcomes as well as service-related questions such as how
women accessed the service, satisfaction with the service, recall
of service short code, and perceived knowledge and benefits
from the service.
All research instruments and consent forms for this service were
reviewed by an international institutional review board (IRB)
and received an exemption from IRB review. The authors
received approval to analyze the survey data of Aponjon service
from Dnet, the implementing agency of Aponjon service, and
the Science and Medical Delegated Ethics Review Committee
of the Australian National University.

Measures
The explanatory variable type of access was derived from the
question, “Who accessed messages?,” with responses options
being “me,” “me and family member,” or “family member.”
We recorded the responses to women=1 and women or family
member=0. We hypothesized that women who accessed
messages alone were more empowered and would access
messages more regularly than women who shared access with
family members, which would impact women’s adoption of
recommended practices in these 2 groups.
Our outcome of interest, satisfaction of respondents, was
measured by asking them to rate the service on a 5-point Likert
scale, ranging from 1 (very bad) to 5 (excellent). We recoded
high satisfaction by categorizing scores 4 and 5 as high=1 and
scores 1 to 3 as low=0.
The outcome variable recalls short code was determined from
a service-related question, “Please tell me the service short code
(the number you see flash on your mobile phone when Aponjon
messages come).” Respondents who were able to recall the 5
digits correctly were coded as knows short code=1 and who
could not were codes as does not know short code=0. We
considered this variable to demonstrate women’s familiarity
with the service.
We measured the respondents’ knowledge of pregnancy danger
signs. They were asked, “Can you tell me the danger signs?”
These included high fever, severe headache, blurry vision,
convulsions, vaginal bleeding, severe lower abdominal pain,
swelling in hands and feet, hypertension, and less fetal
movement. We generated a binary variable able to recall danger
signs defined as yes=1 if respondents could recall at least two
signs and no=0 for respondents who could not recall.
WHO’s birth preparedness and complication readiness (BPCR)
plan recommends that pregnant women and their families are
aware of planning the following elements before delivery: the
place of birth, the birth attendant who will provide assistance
during delivery, the location of the closest facility for delivery
and emergency, arrangement of funds for any expenses related
to delivery and emergency, supplies and materials necessary to
bring to the facility, an identified labor and birth companion,
an identified person who will look after the home and other
children while pregnant woman is away, arrangement of
transport to a facility for delivery and emergency, and the
identification of compatible blood donors for delivery and
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emergency [35]. The outcome variable regarding birth
preparedness around delivery for our study was derived from
3 sequential questions asked to pregnant women. The first
question was, “Have you decided where your baby will be
born?,” with 2 responses yes or no, and the second question for
women who responded yes to first question, “(If decided) where
do you want your baby to be born?” with 2 possible responses
hospital or health facility and home. The third question was,
“(For home based delivery) who will deliver your baby?,” with
2 responses untrained birth attendant/relatives and trained birth
attendant. Responses to these 3 questions were grouped into
binary responses as Planned skilled delivery=1 and Planned
untrained birth attendants at home or made no plans yet=0.
Outcome variable “selected blood donor for delivery or
pregnancy emergency” was derived from the question, “Did
you select a blood donor for delivery or complications during
pregnancy?” Responses such as “yes I did” was coded as yes=1,
and other responses such as “no,” “I did not know,” “haven’t
thought about it,” or “I don’t find it’s necessary” were coded
as no=0.
Having a balanced diet with essential macro and micronutrients
is immensely important for pregnant women. Malnourished
mothers are likely to give birth to premature babies with low
birth weights who are at risk of dying within the first week of
birth [9,36,37]. A maternal nutritional behavior–related binary
outcome variable consumed nutritious food 5 times a day was
derived from the question, “How many times in a day you eat
one of these food items-vegetables, fruits, protein (such as milk,
fish, meat, chicken, egg)?,” with count responses such as 1, 2,
3, 4, 5, and 6. Reponses 5 and above were recoded as consumed
nutritious food 5 times a day=1, and responses less than 5 were
recoded as no=0.
Bangladesh, similar to other South Asian countries, has a supply
of poor-quality drinking water, which is contaminated with
microbial pathogens and pollutants (such as arsenic) that are
responsible for diarrheal and other infectious diseases [38].
Aponjon advises female subscribers to ensure a clean source of
drinking water and treat the water before drinking. A binary
variable “followed Aponjon’s instruction on drinking water”
was constructed from 2 questions. The first question was, “What
is your source of drinking water?,” with 2 responses “I drink
water that has been properly treated with various methods (such
as boiling, filter)” and “I drink surface water directly from
source (such as tap, pond).” The second question was, “Where
did you learn about treating drinking water?,” with 2 response
options Aponjon and Other. The responses of these 2 questions
were grouped into yes=1 and no=0 for our outcome variable.
Aponjon provides information on washing hands properly before
food handling, taking meals, and after cleaning body parts.
Women were asked, “How do you clean your hands for hygiene
purposes?,” with possible answers such as “only water” and
“with soap or disinfectants.” Women who replied “with soap
or disinfectants” were asked, “Where did you learn to wash
your hands in this way?,” with possible answers “Aponjon,”
“Aponjon and others,” and “other sources.” Women who
answered “Aponjon” or “Aponjon and others” were classified
as “followed Aponjon’s hand-washing procedure=1” and who
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answered “other sources” as “followed hand-washing procedure
learnt from other sources=0.”
Other covariates considered for this study were respondent
women’s age (<20, 20-24, and ≥25 years), education (none or
primary, junior secondary, and secondary or above), family
income (BDT ≤10,000; 10,0001-20,000; and >20,000), first-time
pregnancy (yes or no), place of residence (urban and rural), and
districts (A, B, C, D, and E). We labeled district names to
maintain anonymity. We also considered the frequency of
antenatal care (ANC) visits (>4 ANC visits and ≤4 ANC visits)
for all models. All these variables were selected because of their
importance in the study or because of their demonstrated
association with maternal and newborn health-related outcomes
in mHealth interventions in previous research [9,20].

Statistical Analysis
The respondent characteristics are described using frequencies
and percentages overall and by differential access groups
(women and women or family members). Chi-squared tests were
performed to examine the distribution of sample background
characteristics and outcome variables by explanatory variables
(who accessed messages).
We undertook multiple multivariable logistic regression analysis
to investigate the relationship between who accessed messages
and the outcomes of interest. Multicollinearity tests were
performed using the variance inflation factor (VIF) test to assess
the correlation between covariates. A VIF score of greater than
2 was set as a threshold, and variables at this threshold were
dropped from the final models. We performed logistic regression
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for the following outcomes of interest: high satisfaction on the
service, recalled short code, planned delivery by skilled
attendant at home or a hospital, able to recall danger signs,
selected a blood donor for delivery or pregnancy complications,
consumed nutritious food 5 times a day, followed Aponjon
instruction on potable drinking water, and followed Aponjon’s
instruction on hand-washing. Multivariable models were
adjusted for women’s age, education, family income, first
pregnancy, ANC visits, place of residence, and district (to
account for the sampling strategy). The Hosmer-Lemeshow test
was used to test the goodness of fit for the models, and a model
was considered a good fit when the P value was nonsignificant.
Statistical significance was determined at a P value of less than
.05. We used IBM SPSS Statistics for Windows version 24.0
for the analysis. The results are expressed as adjusted odds ratio
(OR) with 95% CIs.

Results
Background Information of Respondents
Of the 687 subscribers contacted, approximately 66.8%
(459/687) of them who had a successful live birth recently
(209/459, 45.5%) or were in different stages of pregnancy
(250/459, 54.5%) were interviewed. Socioeconomic
characteristics of respondents are described in Table 1. Women’s
differential access to messages showed statistically significant
differences in women’s educational levels and districts.
Approximately 98.9% (454/459) of women received voice
messages over text. The outcome variables are described in
Table 2.
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Table 1. Background characteristics of participants by access to messages (N=459).
Variables

Who accessed messages
Women (n=253), n (%)

P value
Women or family member (n=206), n (%)

Age of respondents (years)

.35

<20

41 (16.2)

44 (21.4)

20-24

127 (50.2)

95 (46.1)

≥25

85 (33.6)

67 (32.5)

Educational qualification of women

.005

None or primary education

77 (30.4)

88 (42.7)

Junior secondary education

90 (35.6)

73 (35.4)

Secondary school or higher

86 (34.0)

45 (21.9)

Family monthly income, BDTa (US $)

.10

≤10,000 (118.15)

105 (41.5)

100 (48.5)

10,000-20,000 (118.15-236.30)

95 (37.5)

87 (42.2)

>20,000 (236.30)

53 (21.0)

19 (9.3)

First-time pregnancy

.97

Yes

131 (51.8)

107 (51.9)

No

122 (48.2)

99 (48.1)

Place of residence

.99

Urban

140 (55.3)

114 (55.3)

Rural

113 (44.7)

92 (44.7)

Districts

.03

District A

30 (11.9)

31 (15.0)

District B

68 (26.9)

39 (18.9)

District C

65 (25.7)

41 (20.0)

District D

36 (14.2)

29 (14.1)

District E

54 (21.3)

66 (32.0)

Number of antenatal care visits

a

.42

>4

153 (60.5)

132 (64.1)

≤4

100 (39.5)

74 (35.9)

BDT: Bangladeshi Taka.

https://mhealth.jmir.org/2020/7/e17665

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17665 | p.313
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Alam et al

Table 2. Unadjusted outcome variables by type of access.
Outcome variables

Who accessed messages
Women, n (%)

P value
Women or family member, n (%)

High satisfaction (N=459)

.004

Yes

181 (71.5)

121 (58.7)

No

72 (28.5)

85 (41.3)

Recalled short code (n=458)

<.001

Yes

175 (69.4)

88 (42.7)

No

77 (30.6)

118 (57.3)

Able to recall danger signs (N=459)

.19

Yes

149 (58.9)

109 (52.9)

No

104 (41.1)

97 (47.1)

Planned skilled delivery (n=248)

.77

Yes

73 (49.7)

52 (51.5)

No

74 (50.3)

49 (48.5)

Identified blood donor (n=249)

.03

Yes

34 (22.8)

12 (12.0)

No

115 (77.2)

88 (88.0)

Consumed nutritious food 5 times a day (n=454)

.04

Yes

135 (54.4)

92 (44.7)

No

113 (45.6)

114 (55.3)

Followed instruction on potable drinking water (n=457)

.005

Yes

79 (31.2)

40 (19.6)

No

174 (68.8)

164 (80.4)

Followed Aponjon messages on hand washing (n=453)

.31

Yes

65 (26.1)

45 (22.1)

No

184 (73.9)

159 (77.9)

Effect on the Adoption of Mobile Health Services
Whether female subscribers were the sole receivers of the
messages had statistically significantly increased their
satisfaction with the service (OR 1.72, 95% CI 1.12-2.63; P=.01)
and ability to recall the service short code correctly (OR 2.88;
95% CI 1.90-4.36; P<.001; Table 3).
Multivariable analysis of service satisfaction suggests that
besides the type of access, women’s middle-income (OR 1.96,
95% CI 1.24-3.11; P=.004) and higher-income (OR 2.48, 95%
CI 1.25-4.93; P=.009) background and completion of more than
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4 ANC visits (OR 2.86, 95% CI 1.82-4.48; P<.001) significantly
impacted their satisfaction with the service than their
counterparts (Table 3). Similarly, covariates such as completion
of secondary education (OR 2.28, 95% CI 1.30-4.02; P=.004)
and age group (20-24 years) were statistically significantly
associated with women’s ability to recall the short code correctly
(OR 1.81, 95% CI 1.08-3.04; P=.02). Women from districts A
(OR 3.88, 95% CI 1.50-10.00; P=.005), B (OR 2.39, 95% CI
1.17-4.86; P=.01), and D (OR 3.19, 95% CI 1.25-8.15; P=.01)
had higher odds of expressing higher satisfaction than women
from district E.
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Table 3. Predictors of women’s adoption of mobile health service.
Variables

High satisfaction

Recalled short code

Adjusted ORa (95% CI)

P value

Adjusted OR (95% CI)

P value

Women

1.72 (1.12-2.63)

.01

2.88 (1.90-4.36)

<.001

Women or family member (reference)

1 (N/Ab)

N/A

1 (N/A)

N/A

<20

0.88 (0.43-1.85)

.89

1.01 (0.50-2.03)

.97

20-24

0.84 (0.49-1.43)

.84

1.81 (1.08-3.04)

.02

≥25 (reference)

1 (N/A)

N/A

1 (N/A)

N/A

No/primary (reference)

1 (N/A)

N/A

1 (N/A)

N/A

Junior secondary

0.96 (0.58-1.59)

.88

1.17 (0.72-1.90)

.51

Secondary or higher

1.08 (0.60-1.92)

.80

2.28 (1.30-4.02)

.004

≤10,000 (118.15; reference)

1 (N/A)

N/A

1 (N/A)

N/A

10,001-20,000 (118.15-236.30)

1.96 (1.24-3.11)

.004

1.44 (0.92-2.26)

.11

>20,000 (236.30)

2.48 (1.25-4.93)

.009

1.66 (0.86-3.20)

.13

Yes

1.12 (0.66-1.89)

.66

1.10 (0.65-1.80)

.71

No (reference)

1 (N/A)

N/A

1 (N/A)

N/A

>4

2.86 (1.82-4.48)

<.001

1.17 (0.75-1.82)

.48

≤4 (reference)

1 (N/A)

N/A

1 (N/A)

N/A

Urban

0.56 (0.29-1.09)

.09

1.34 (0.74-2.45)

.33

Rural (reference)

1 (N/A)

N/A

1 (N/A)

N/A

District A

3.88 (1.50-10.00)

.005

1.49 (0.65-3.44)

.35

District B

2.39 (1.17-4.86)

.01

0.99 (0.52-1.93)

.99

District C

1.70 (0.73-3.95)

.16

1.08 (0.48-2.41)

.85

District D

3.19 (1.25-8.15)

.01

1.44 (0.60-3.44)

.41

District E (reference)

1 (N/A)

N/A

1 (N/A)

N/A

Who accessed messages

Age of respondents (years)

Educational qualification of women

Family monthly income, BDTc (US $)

First-time pregnancy

Number of antenatal care visits

Place of residence

Districts

a

OR: odds ratio.

b

Not applicable.

c

BDT: Bangladeshi Taka.

Effect on Readiness for Pregnancy and Delivery
Complications
The type of access to messages did not show a statistically
significant effect on women’s readiness for pregnancy and
delivery complications (Table 4). However, completion of
secondary education was associated with women’s ability to
recall danger signs (OR 2.44, 95% CI 1.40-4.26; P=.001) and
arrange skilled delivery (OR 2.37, 95% CI 1.05-5.32; P=.02)
and blood donors (OR 5.33, 95% CI 1.74-16.32; P=.003).
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Similarly, women who received more than 4 ANC visits had
higher odds of showing the expected behavioral outcomes
(danger signs: OR 1.86, 95% CI 1.21-2.86; P=.004; skilled
delivery: OR 2.13, 95% CI 1.15-3.96; P=.02; and blood donor:
OR 3.71, 95% CI 1.52-9.02; P=.004) than women who had
lower number of ANC visits. In addition, women from
higher-income households had higher odds of recalling danger
signs (OR 3.15, 95% CI 1.63-6.06; P=.001) and selecting blood
donors (OR 4.48, 95% CI 1.42-14.08; P=.01) than women from
the lower-income households. Age was statistically significantly
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associated with women’s delivery decisions; pregnant women
who were aged less than 20 years (OR 0.17, 95% CI 0.06-0.47;
P=.001) or aged 20 to 24 years (OR 0.31, 95% CI 0.15-0.63;
P=.001) had lower odds of planning delivery with skilled birth
attendant at home or a hospital than women who were aged 25

years or older. District was a confounder for 2 behavioral
outcomes; women residing in district B had higher odds of
planning skilled delivery (OR 4.59, 95% CI 1.77-11.90; P=.002)
and arranging blood donors (OR 10.87, 95% CI 2.97-39.78;
P<.001) than women from district E.

Table 4. Predictors of subscribers’ readiness for pregnancy and delivery complications.
Variables

Able to recall danger signs

Planned skilled delivery

Selected blood donor for delivery and
emergency

Adjusted (ORa 95% CI) P value

Adjusted (OR 95% CI) P value

Adjusted (OR 95% CI)

P value

1.07 (0.71-1.61)

.71

0.76 (0.42-1.37)

.37

1.62 (0.70-3.75)

.25

b

1 (N/A )

N/A

1 (N/A)

N/A

1 (N/A)

N/A

<20

0.74 (0.37-1.47)

.40

0.17 (0.06-0.47)

.001

1.34 (0.35-5.06)

.66

20-24

0.81 (0.48-1.35)

.43

0.31 (0.15-0.63)

.001

0.87 (0.34-2.21)

.77

≥25 (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

Who accessed messages
Women
Women or family member
(reference)
Age of respondents (years)

Educational qualification of women
No/primary (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

Junior secondary

0.99 (0.62-1.59)

.97

1.34 (0.66-2.71)

.34

1.54 (0.54-4.44)

.41

2.44 (1.40-4.26)

.001

2.37 (1.05-5.32)

.02

5.33 (1.74-16.32)

.003

Secondary or higher
c

Family monthly income, BDT (US $)
≤10,000 (118.15; reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

10,001-20,000 (118.15236.30)

2.08 (1.35-3.21)

.001

0.89 (0.47-1.70)

.74

1.86 (0.72-4.77)

.19

>20,000 (236.30)

3.15 (1.63-6.06)

.001

1.52 (0.62-3.68)

.35

4.48 (1.42-14.08)

.01

Yes

0.86 (0.52-1.41)

.55

1.61 (0.80-3.20)

.17

1.18 (0.46-3.03)

.72

No (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

>4

1.86 (1.21-2.86)

.004

2.13 (1.15-3.96)

.016

3.71 (1.52-9.02)

.004

≤4 (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

Urban

1.00 (0.55-1.80)

.99

0.70 (0.32-1.55)

.38

0.45 (0.16-1.20)

.11

Rural (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

District A

0.80 (0.36-1.81)

.60

0.82 (0.25-2.66)

.74

2.21 (0.43-11.27)

.33

District B

1.11 (0.58-2.13)

.74

4.59 (1.77-11.90)

.002

10.87 (2.97-39.78)

<.001

District C

1.14 (0.51-2.52)

.74

0.94 (0.30-2.87)

.91

0.45 (0.08-2.46)

.36

District D

1.39 (0.59-3.29)

.44

1.56 (0.43-5.64)

.49

2.02 (0.38-10.62)

.40

District E (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

First-time pregnancy

Number of antenatal care visits

Place of residence

Districts

a

OR: odds ratio.

b

Not applicable.

c

BDT: Bangladeshi Taka.
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Effect on Maternal Wellness Behavior at the Household
Level
Women’s sole access to mobile phone–based educational
messages showed a statistically significant effect on the
availability of nutritional elements 5 times a day (OR 1.58, 95%
CI 1.04-2.40; P=.03) and access to potable drinking water (OR
1.90, 95% CI 1.17-3.09; P=.01; Table 5). Whether women solely
accessed phone messages did not show a statistically significant
association with their hand washing practices.
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Higher family income (OR 2.40, 95% CI 1.25-4.61; P=.008)
and more than 4 ANC visits (OR 3.46, 95% CI 2.22-5.40;
P<.001) were other determinants of women’s improved food
consumption behavior (Table 5). District was a confounder for
pregnant women’s self-reported wellness behavioral outcomes
at home; women from districts C (hand washing: OR 3.24, 95%
CI 1.15-9.12; P=.02) and D (nutrition: OR 0.31, 95% CI
0.13-0.74; P=.008; drinking water: OR 7.26, 95% CI 2.78-18.9;
P<.001; and hand washing: OR 10.73, 95% CI 3.75-30.63;
P<.001) had higher odds of showing improved behavior than
women from district E.
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Table 5. Predictors of following maternal wellness instructions at the household level.
Variables

Consumed nutritious food 5 or more
times per day

Followed Aponjon messages on
drinking water

Followed Aponjon messages on hand
washing

Adjusted ORa (95% CI)

P value

Adjusted OR (95% CI)

P value

Adjusted OR (95% CI)

P value

Women

1.58 (1.04-2.40)

.03

1.90 (1.17-3.09)

.01

1.31 (0.80-2.13)

.28

Women or family member (reference)

1 (N/Ab)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

<20

1.72 (0.85-3.48)

.13

1.19 (0.54-2.60)

.66

1.03 (0.46-2.34)

.93

20-24

1.11 (0.66-1.86)

.68

0.91 (0.51-1.64)

.77

0.82 (0.44-1.50)

.52

≥25 (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

No or primary (reference) 1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

Junior secondary

1.52 (0.93-2.49)

.09

0.87 (0.49-1.53)

.63

0.82 (0.46-1.48)

.52

Secondary or higher

1.73 (0.99-3.03)

.05

0.80 (0.42-1.55)

.51

0.66 (0.34-1.28)

.22

Who accessed messages

Age of respondents (years)

Educational qualification of women

Family monthly income, BDTc (US $)
≤10,000 (118.15; reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

10,001-20,000 (118.15236.30)

1.53 (0.98-2.40)

.06

1.25 (0.74-2.09)

.39

1.43 (0.85-2.42)

.17

>20,000 (236.30)

2.40 (1.25-4.61)

.008

0.80 (0.38-1.66)

.55

0.57 (0.24-1.31)

.18

Yes

0.87 (0.52-1.44)

.60

1.20 (0.68-2.12)

.51

0.95 (0.53-1.71)

.87

No (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

First-time pregnancy

Number of antenatal care visits
>4

3.46 (2.22-5.40)

<.001

0.94 (0.58-1.52)

.80

0.66 (0.40-1.09)

.11

≤4 (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

Urban

1.26 (0.69-2.31)

.44

1.42 (0.73-2.74)

.29

1.59 (0.78-3.21)

.19

Rural (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

District A

0.89 (0.39-2.06)

.79

0.44 (0.13-1.47)

.18

1.49 (0.49-4.52)

.47

District B

0.52 (0.26-1.02)

.06

2.23 (1.01-4.94)

.04

1.74 (0.69-4.38)

.23

District C

0.62 (0.28-1.40)

.26

1.92 (0.75-4.92)

.17

3.24 (1.15-9.12)

.02

District D

0.31 (0.13-0.74)

.008

7.26 (2.78-18.9)

<.001

10.73 (3.75-30.63)

<.001

District E (reference)

1 (N/A)

N/A

1 (N/A)

N/A

1 (N/A)

N/A

Place of residence

Districts

a

OR: odds ratio.

b

Not applicable.

c

BDT: Bangladeshi Taka.

Discussion
Principal Findings
We evaluated the association between women’s unequal access
to mobile phones and their perception about using mobile
phone–based health services for pregnancy and birth
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preparedness in their socioeconomic context. Understanding
the socioeconomic factors that contribute to women’s access to
mHealth services has implementation benefits in low-income
settings where sharing a single phone among family members
is a common phenomenon [4,14,15].
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Our findings suggest that women’s differential access to targeted
messages positively affects their satisfaction and familiarity
with the service short code and the adoption of certain
recommended practices around pregnancy wellness, such as
inclusion of nutritious elements in regular diets and drinking
potable water. These findings were consistent when the models
were adjusted for all covariates (age, education, income, first
pregnancy, ANC frequency, and place of residence) and district.
These findings confirm 2 aspects of the adoption of mobile
phone–based educational service for pregnancy: (1) sole and
uninterrupted access to messages provide target women an
understanding of the service before they decide to adopt or reject
a new innovation (mHealth) [39,40] and (2) women who access
messages by themselves are in a better position to evaluate the
context, need, complexity, and relative advantage of the
information provided by mobile phones than women who
occasionally or never access messages [39]. Our findings also
suggest that women’s age, education, and family income were
statistically significantly associated with their mHealth
experience. Although national initiatives and investment to
improve employment opportunities and secondary school
education should continue, mHealth implementers could ensure
equity in accessing messages among subscribers by facilitating
equitable approaches such as lending mobile phones to women
from underprivileged households for the entire service period
and program-specific training of clients, especially older women
(aged ≥25 years) and women who have not completed secondary
education, on operating mobile phones and accessing messages
at the established times. We recommend additional equitable
approaches, such as mHealth-supported cash vouchers for
pregnant women and infants [41], to address prevailing food
shortages in underprivileged households [42]. Furthermore,
mobile phone–based messaging services have the potential to
increase awareness of public health problems such as
water-borne diseases and arsenic contamination in groundwater
[38].
In our study, women’s differential access to messages did not
affect their choice of skilled birth attendant at home or a
hospital, knowledge about the danger signs of pregnancy, and
arrangement of blood donors for delivery and complications.
Instead, we found, similar to previous studies, higher frequency
of ANC visits and women’s privileged background to have
significantly improved maternal knowledge about the danger
signs and adoption of BPCR measures [9,43]. We need to
evaluate these findings carefully, as these behavioral outcomes
may have been influenced by existing national campaigns and
overall improvements in the utilization of maternal and child
health care facilities [19,28,44]. For example, the rate of
facility-based delivery has almost doubled from 23% in 2010
to 47% in 2016 [45], which could be a result of the
government-funded voucher schemes to support marginalized
pregnant women to have facility-based deliveries, checkups,
tests, and arrangement of transport to facilities at free of cost
[44]. Our recent exploratory study suggested that women, in
general, were well informed about delivery and postpartum care
guidelines by their community health workers, hospital staff,
and national media during their regular ANC visits and were
rather interested in receiving information on newborn care and
nutrition from Aponjon service [46]. The study also suggested
https://mhealth.jmir.org/2020/7/e17665

XSL• FO
RenderX

Alam et al
that although women from higher-income households could
afford services at private hospitals, home-based deliveries were
usually preferred by low-income households for uncomplicated
births because of convenience, cost, and fear of C-section and
were organized by elderly female family members and local
(untrained) birth attendants [46,47].
Our findings are concerning though as younger women,
especially who were in their late teens, did not have a plan for
delivery with skilled birth attendant or at a facility. The national
survey estimates that pregnancy-related mortality ratio among
15- to 19-year-old women has almost doubled from 75 deaths
in 2010 to 144 deaths per 100,000 live births in 2016 and that
first-time mothers are at increased risk of maternal deaths (215
per 100,000 live births) compared with mothers with live
children [45]. Educating a large population of teenaged pregnant
women on safe motherhood is challenging for the Bangladeshi
government, especially in a situation where one-third of 15- to
19-year-old girls are likely to experience pregnancy before
reaching adulthood [9,48]. Hence, the importance of repeat
visits and family counseling of community health workers
during pregnancy in low-income households, especially for
adolescent women who are likely to rely on husbands and
mothers-in-laws for delivery decisions, is undeniable
[25,43,48,49].
Our research is limited by a number of factors. First, the results
would be strengthened by a randomized control trial or pre-post
quasi-experimental design rather than a cross-sectional survey.
Small differences in the behavioral outcome associated with
women’s type of access could not be captured because of the
power of the study that was designed a priori based on a
moderate to large association; the study required a larger sample
size for greater generalizability of our findings. Second, the
study relied on respondents’ self-reported behavioral outcomes
rather than their attendance report at facilities or actual habits,
and there may be problems with recall bias and overreporting.
Third, the study could have benefited from system-generated
data on the actual number of messages accessed by these 2
different groups of respondents, as a study in the United States
reported a positive association between access to high frequency
of messages and abstinence from alcohol consumption during
the postpartum period [50].

Way Forward
Nevertheless, our research will be helpful for mHealth
implementers who are working to reduce maternal and neonatal
deaths in developing countries. Our research confirms that
women’s sole access to messages can change their perception
of the service and adoption of maternal wellness messages. We
infer from our findings that irrespective of how women access
messages, one-way (voice) messages alone may not improve
delivery decisions, which are controlled by socioeconomic
circumstances of individual families and their personal
experiences [46]. Therefore, mHealth implementers working
in resource-limited settings need to consider cultural and
socioeconomic constraints that limit women’s access to mHealth
services and all other maternal health care services and should
adopt a holistic approach to ensure equity in their service. ANC
visits (more than 4) remain an independent factor for women’s
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
knowledge about pregnancy danger signs, birth preparedness,
and maternal dietary diversity. mHealth services such as
Aponjon may consider introducing mobile phone apps for health
workers and a linked referral system to increase their efficiency
in identifying high-risk mothers during monthly door-to-door
ANC visits, maintaining follow-up visits, minimizing workload,
and referring pregnant women to proper facilities [18,51-54].
Future studies should include anthropometric measurement and
hospital data to understand the effect of pregnancy messages
on birth outcomes [55,56].

Alam et al

Conclusions
Socioeconomic and cultural barriers to mobile phone access by
women can be problematic for implementing mHealth services
in resource-limited settings. Although the national policy
targeting poverty alleviation and women’s empowerment
requires revisions, stand-alone mHealth implementers need to
integrate with local health infrastructure and invest in building
women’s capacity to access mobile phones. We suggest ongoing
research to monitor temporal trends in women’s differential
access to mobile phone messages in South Asian countries.
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Abstract
Background: Globally, the rapid growth of technology and its use as a development solution has generated much interest in
digital health. In line with global trends, Bangladesh is also integrating technology into its health system to address disparities.
Strong political endorsement and uptake of digital platforms by the government has influenced the rapid proliferation of such
initiatives in the country. This paper aims to examine the implications of digital health on access to health care in Bangladesh,
considering who uses electronic devices to access health information and services and why.
Objective: This study aims to understand how access to health care and related information through electronic means (digital
health) is affected by sociodemographic determinants (ie, age, gender, education, socioeconomic status, and personal and household
ownership of mobile phones) in a semiurban community in Bangladesh.
Methods: A cross-sectional survey of 854 households (between October 2013 and February 2014) and 20 focus group discussions
(between February 2017 and March 2017) were conducted to understand (1) who owns electronic devices; (2) who, among the
owners, uses these to access health information and services and why; (3) the awareness of electronic sources of health information;
and (4) the role of intermediaries (family members or peers who helped to look for health information using electronic devices).
Results: A total of 90.3% (771/854) of households (471/854, 55.2% of respondents) owned electronic devices, mostly mobile
phones. Among these, 7.2% (34/471) used them to access health information or services. Middle-aged (35-54 years), female, less
(or not) educated, and poorer people used these devices the least (α=.05, α is the level of significance). The lack of awareness,
discomfort, differences with regular care-seeking habits, lack of understanding and skills, and proximity to a health facility were
the main reasons for not using devices to access digital health.
Conclusions: Although influenced by sociodemographic traits, access to digital health is not merely related to device ownership
and technical skill. Rather, it is a combination of general health literacy, phone ownership, material resources, and technical skill
as well as social recognition of health needs and inequity. This study’s findings should serve as a basis for better integrating
technology within the health system and ensuring equitable access to health care.
(JMIR Mhealth Uhealth 2020;8(7):e16473) doi:10.2196/16473
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health equity; eHealth; mHealth; digital health; health technology; Bangladesh; developing countries
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Introduction
Background
Globally, there has been an impressive growth in the number
of cell phones and internet users, and the price of services and
devices has decreased [1,2]. Mobile phones have become a
thriving market, characterized by 7.7 billion (estimated)
subscribers in 2017. Globally, the proportion of the population
covered by at least a second generation (2G) network grew from
58% in 2001 to 95% in 2015. Internet penetration grew from
6.5% in 2000 to 43% in 2015, and the proportion of households
with internet access at home increased from 18% in 2005 to
46% in 2015 [3,4]. The mobile-cellular subscription per 100
inhabitants has exceeded 100% in developed countries, and
both developing and least developed countries (LDCs) are racing
toward similar levels. Since 2005, most subscriptions have come
from developing countries and LDCs, and the gap between these
and developed countries is reducing (Figure 1) [3].
According to the International Telecommunication Union, a
10% increase in internet speed can increase economic growth
by 1.3% in low- and middle-income countries (LMICs) [5,6].
Given such growth and potential, both national and personal
spheres are now influenced by digital innovations, as
governments strategize to expand coverage of developmental
initiatives by reaching remote areas or individuals who engage
in web-based shopping or personal banking. In 2014, the
mobile-cellular industry generated US $3 trillion, which
contributed to 3.8% of the global gross domestic product, and
this number is expected to rise to 4.2% by 2020 [7]. This
economic contribution came about largely by linking previously
unconnected communities, financial inclusion through
eCommerce (use of electronic means including mobile phones
for financial purposes such as transferring money, everyday
banking etc), and designing and delivering innovative solutions
for improving quality of life (eg, sharing information, providing
services, technologies for mass production). Examples include
Tigo Kilimo by Tigo in Tanzania (launched in 2013) [7] and
Airtel Green SIM in India (launched in 2007) for eAgriculture
(use of electronic means including mobile phones to provide
and access information regarding farming techniques and related
products and market) [8,9] and TradeNet in Ghana [10] and
bKash in Bangladesh [11,12] for eCommerce and mCommerce
(using technology including mobile phones for financial
transactions) as mobile wallets. M-Pesa by Vodafone is one of
the largest mobile-based financial services in the world, used
by millions across Africa, Europe, and Asia [13-15]. The
information and communications technology (ICT) industry is
now a popular area for employment worldwide. In 2014, the
mobile industry directly employed approximately 13 million
people and indirectly supported 12 million more [7,16-18].
Similar to other development domains, health is also exploring
the potential of technology in improving the well-being of
people, including health-related well-being, which can range
from improvement in health ailments to acquiring the necessary
information about health conditions or services.
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The integration of technology within health began as electronic
health (eHealth), the use of electronic platforms for the provision
of health information and services, data collection and
management, etc. When mobile phones are used to do the same,
it is called mobile health (mHealth) [19]. Currently, because of
the advent of artificial intelligence (AI) and big data, eHealth
and mHealth are now called digital health. Although digital
health indicates a much broader and smarter technology horizon,
eHealth and mHealth remain the major forms of technology
that are being endorsed for system integration to improve health
system performance and increase peoples’ access to health care
[20]. Therefore, there is a growing number of conferences,
workshops, websites, apps, and publications regarding how
electronic platforms can be implemented and integrated within
the health domain [1,2,21-23]. Bangladesh is also in the process
of doing the same. Currently, the country has 4 mobile cellular
operators and a significant subscription base (149 million).
Evidence suggests that a large proportion of households own
mobile phones (81%) [24-28]. The government’s commitment
to digital development, popularly known as Digital Bangladesh,
has helped in fostering strategic and policy direction to adopt
ICT in health care (and other development domains) [29-32].
Due to the large subscription base and strong political mandate,
there are ≥42 internet-, SMS text messaging–, and call
center–based eHealth and mHealth initiatives in the country
providing awareness regarding maternal health, drug and alcohol
abuse, smoking cessation, HIV/AIDS, and general health care
[19,29,33-36]. Despite these initiatives, there is little systematic
evidence of the impact of technology on equitable access to
health services and information, especially in resource-poor
settings such as Bangladesh.
Access to health includes availability, geographic location,
affordability, and acceptability (by the community) of services.
Considering these dimensions, the challenge is to ensure that
everyone, irrespective of their social group, gender, etc, can
access the required health care [37]. Bangladesh, despite its
successes, has several health system challenges and prevailing
health disparities, resulting in limited access to and utilization
of quality health care [38,39]. Globally, one of the assumptions
of the integration of technology for health care (and other
development initiatives) is that digital health can contribute to
equitable access to health care, especially in LMICs. However,
there is evidence that access to electronic platforms can be
hindered because of sociodemographic, gender, and geographic
barriers—a state of disparity called the digital divide [40,41].
This divide bears great importance, especially when technology
is being endorsed for system integration to improve access to
health that can ensure universal health coverage (UHC) in
Bangladesh [42]. Considering the growth of ICTs and the
proliferation of digital health initiatives, a framework that
defines the dimensions of access to health information and
services through electronic means can contribute and is crucial
to this integration. This is because the rapid growth of ICTs and
related development solutions can often be misinterpreted as
being equivalent to access and use.
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Figure 1. Mobile-cellular subscription per 100 people by developed, developing, and least developed countries. LDC: least developed country.

Objective
This study aims to understand the degree to which ICTs enable
Bangladeshi people to increase their access to information and
improve their well-being by exploring the factors that influence
whether people have access to, and use, digital health
information and services (this refers to non-AI–, machine
learning–, or big data–based initiatives, previously called
eHealth and mHealth). It focuses on who owns electronic
devices and uses their device to access health services and/or
information and the implications of this for health equity. The
findings can be useful in devising a framework to ensure
equitable access to digital health information and services in
Bangladesh and relevant contexts.

Methods
Study Setting, Population and Data Collection Tools
and Techniques
The data presented in this paper were collected using a mixed
methods design. The quantitative data, supported by research
funding from the UK Economic and Social Research Council,
comes from a household survey to understand the role of ICTs
in health information seeking conducted between October 2013
and February 2014 in a subdistrict of Bangladesh called
Mirzapur in the Tangail district. Mirzapur was chosen because
it is semiurban with typical sociodemographic characteristics
of other such periurban subdistricts in the country [43]. As there
were no previous variance estimates of outcome variables, 0.5
was used to calculate the required sample size to obtain 95%
CIs with plus or minus 10% precision and a design effect of 2.
Thus, a sample size of 2401 was obtained, which finally became
2527, considering a 5% nonresponse rate. This was calculated
for 3 settings: urban (Dhaka), rural (Chakaria), and semiurban
(Mirzapur). Therefore, each setting ended up with a subsample
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of 842. In Mirzapur, the sample size reached 854 households.
Sample households were selected from 28 villages (30
households per village) using systematic cluster sampling from
a Health and Demographic Surveillance System (HDSS) [44].
Approximately 81% of the information was gathered from the
household head or the spouse of the head. Where neither the
head nor the spouse was present or able to take part, an adult
child of the head or the child’s spouse was interviewed. The
survey questionnaire was developed and pretested both in
Bangla and English (the Bangla version was used to collect
actual data) on a browser-based, open-source platform using
locally available 7-inch tablets with Android version 4.0. The
use of digital means to seek health information or services was
explained to the respondents as if the respondent (and/or any
member of the household) had heard of or used phones or
computers to seek information about any health issues or
services via voice call, SMS text messaging, or internet
browsing.
To further unpack the survey patterns and findings, 20 focus
group discussions (FGDs) were conducted from February to
March 2017 as part of the first author’s PhD fieldwork.
Respondents, who had never used electronic devices to seek
health services or information, were selected from 6 FGD groups
constructed from the HDSS using typical demographic and
economic traits: 8 rich and poor young female and male (college
students) groups, 8 rich and poor middle-aged female and male
groups, and 4 rich and poor elderly female and male groups.

Data Analysis
The principal component analysis technique was used to elicit
asset scores, and its distribution was arranged in quintiles to
create the income groups. The lowest 2 quintiles were grouped
as poor, and the highest 2 quintiles were grouped as rich. The
distribution of the middle quintile was halved, and the lower
half added to the poor group and the upper half to the rich group
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to remove the complexity of constructing the FGD groups. As
it was a qualitative exercise, further discussion was conducted
with the group during the FGDs to subjectively triangulate the
accuracy and related homogeneity of the participants' income
status. Each group consisted of 4 to 5 participants, and the
discussions took place at locations preferred by the participants,
that is, households (for female respondents) and local gathering
places (for men). Each session lasted approximately 30 min,
facilitated by the first author (male and a PhD student). During
discussions, although agreements in opinions were sought,
disagreements were also noted along with the respondents’ body
language. A female notetaker was present during discussions
of the female groups. Discussions were conducted and later
transcribed in Bangla and then into English for internal
consistency.
The sociodemographic analysis was conducted by identifying
the frequencies of the respective characteristics/traits.
Information on socioeconomic status (SES) was collected from
the HDSS as asset scores, a popular method called the asset
index. The range of scores was divided into 3 equal categories
(lowest as poor, middle, and highest as rich), and frequencies
of a sample belonging to the respective categories were
identified. The ownership of electronic devices and the use of
devices were analyzed for (1) seeking information; (2) health
services or information; and (3) demographic factors such as
age, gender, education, and income to stratify the results. A
quantitative analysis, including tests of significant, was
performed using STATA version 14 (made by StataCorp), and
Microsoft Excel was used to construct graphs and some amount
of data management. The patterns indicated by the quantitative
analysis were further explored qualitatively using content
analysis techniques [45,46]. Altogether, 3 broad themes
emerged: (1) reasons for not using mobile phones or other
electronic devices, (2) the extent of awareness of electronic
sources of health information, and (3) the role of intermediaries
(family members or peers who helped to look for health
information using electronic devices). These were analyzed by
reference to the gender, SES, and education of respondents.
Both analyses were part of PhD studies supported by the
International Development Research Centre.

Ethical Consideration
Ethical approval was obtained from the institutional review
boards of the survey partners: International Centre for Diarrhoeal
Disease Research, Bangladesh, and Institute of Development
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Studies, University of Sussex (for qualitative data collection).
Before data collection, the study was explained to the
participants, and written consent or thumbprints were obtained.
During data collection (both qualitative and quantitative),
informed consent was obtained from all participants.

Results
Sociemographic Profile of the Respondents and
Ownership of Electronic Devices
Tables 1-3 show the sociodemographic characteristics and
ownership of electronic devices of the survey households and
respondents. The mean age of the respondents was 41.3 (SD
14.5) years, and 67.2% (574/854) of the respondents were
between the ages of 25 and 54 years. A total of 38.3% (327/854)
had less than primary education, and a small proportion (26/854,
3.0%) were graduates and above. More than half (494/854,
57.9%) of the households had 4 to 6 members, representing the
usual Bangladeshi family size [47]. In all, 71.9% (614/854) of
the respondents were female. There were more female
respondents because the survey was conducted during the
daytime when male members were away. A total of 73.1%
(625/854) of the respondents were not employed (being a
housewife is not considered a job in Bangladesh), which was
not intentional. Conversely, 77.3% (660/854) of the household
heads were employed. A total of 95.9% (819/854) of households
had a regular income, and 92.6% (791/854) of households had
no social security card (in Bangladesh, having a social security
card indicates that the corresponding household belongs to the
extremely poor socioeconomic group), a common feature of
semiurban Bangladesh. In all, 55.2% (471/854) of respondents
had personal electronic devices and 90.3% (771/854) of the
households owned at least one, which was almost always a
mobile phone. The personal ownership was considerably low,
perhaps because the survey population had male:female ratio
of 1:3 and in a context like Bangladesh, women have less access
(in this case ownership) to devices compared with men.
However, in the case of household device ownership, family
members tend to share electronic devices, and there was always
a chance of a lack or less use of devices due to the influence of
other family members. Therefore, to understand the equity
implications of access to electronic devices, although lower,
personal ownership was considered in this study rather than
shared ownership.

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16473 | p.327
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Ahmed et al

Table 1. Demographic statistics of the respondent (N=854).
Parameter

Values

Age (years), mean (SD)

41.3 (14.5)

16-24, n (%)

97 (11.4)

25-34, n (%)

215 (25.2)

35-44, n (%)

190 (22.3)

45-54, n (%)

169 (19.8)

55-64, n (%)

110 (12.9)

>65, n (%)

73 (8.6)

Gender, n (%)
Male

240 (28.1)

Female

614 (71.9)

Education, n (%)
Less than primary

327 (38.3)

Primary

206 (24.1)

Secondary

254 (29.7)

Higher secondary

41 (4.8)

Graduation and above

26 (3.0)

Respondent employment status, n (%)
Yes

229 (26.9)

No

625 (73.1)

Table 2. Household-level information of the respondents (N=854).
Parameter

Values, n (%)

Members per household
1-3

257 (30.1)

4-6

494 (57.9)

>7

103 (12.1)

Household head working status
Yes

660 (77.3)

No

194 (22.7)

Socioeconomic status of the household
Poor

295 (34.5)

Middle

276 (32.3)

Rich

283 (33.1)

Presence of menial labora
Yes

35 (4.1)

No

819 (95.9)

Household’s social security card

a

Yes

61 (7.1)

No

791 (92.6)

Don’t know

2 (0.2)

Refers to jobs such as housemaid and unskilled day laborer.
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Table 3. Electronic device ownership of the respondents (N=854).
Parameter

Household, n (%)

Personal, n (%)

Total

771 (90.28)

471 (55.2)

Mobile

751 (87.9)

454 (53.2)

Laptop

2 (0.2)

0 (0.0)

Both

18 (2.1)

17 (2.0)

Ownership of devices

Access to Health-Related Information or Services by
Respondents Who Owned Electronic Devices and
Influence of Sociodemographic Characteristics
Tables 4 and 5 show that everyone who owned mobile phones
or laptops/computers had used those to communicate or seek
information, which included day-to-day conversations to seeking
specific services, such as agriculture or other government-related
information. It also showed that the predominant means of
seeking information was voice calls, followed by SMS text
messaging. Analysis of health information seeking for any health
concern, including information only, or services showed that
of all people who sought health information, a number (22/34,

65%) reported seeking information/services for minor health
issues. Although everyone had used their device to seek some
form of information, only 7.2% (34/471) sought health services
or health information.
The use of electronic devices by the people who owned personal
devices was stratified by sociodemographic characteristics of
age (P=.02), sex (P=.41), education (P=.004), and SES (P<.01;
Table 6). Although overall use was low, the pattern suggests
that among those who used their devices, people who were
middle-aged (35 to 54 years), women, and poorer people who
had less or no education used them less than others. The
difference in use was found to be significant on the chi-square
test.

Table 4. Percentage of use and awareness of the use of devices to communicate and seek information by personal device owners (cell phones, laptops,
or both; n=471).
Parametera

Used and aware, n (%)

Not used nor aware, n (%)

Total

471 (100.0)

0 (0.0)

Voice call

471 (100.0)

0 (0.0)

SMS text messaging

226 (48.0)

245 (52.0)

Internet

26 (6.0)

445 (94.5)

34 (7.0)

437 (92.8)

Any information

Health-related information
a

Multiple responses.

Table 5. Percentage of communication device use to seek health information (n=34).
Parameter

Values, n (%)

Minor health issues

22 (64.7)

Serious health issues

12 (35.3)
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Table 6. Percentage of personal device owners who sought health information or services by age, sex, education, and socioeconomic status in Mirzapur
(n=471).
Parameter

Used and aware, n (%)

Not used nor aware, n (%)

Age in yeara

.02

Young adult

5 (8.2)

56 (91.8)

Adult

15 (9.9)

137 (90.1)

Middle age

5 (2.8)

175 (97.2)

Elderly and above

9 (11.5)

69 (88.5)

Gender

.41

Male
Female
Education

13 (7.9)

151 (92.1)

21 (6.8)

286 (93.2)

a

.004

No education

5 (4)

120 (96)

Primary

4 (3.4)

113 (96.6)

Secondary

14 (8.4)

153 (91.6)

11 (17.7)

51 (82.3)

Higher secondary and above
a

Socioeconomic status

a

P value

<.001

Poor

2 (1.4)

137 (98.6)

Middle

8 (6)

126 (94)

Rich

24 (12.1)

174 (87.9)

Statistically significant (P value is less than .05).

Barriers to Accessing Health Information and/or
Services by the Owners of Electronic Devices
People who did not use electronic means to access health care
or information were further interviewed over FGDs to explore
their reasons. Almost everyone has accessed some form of
electronic information at some point using mobile phones,
mostly through voice calls to an office (ie, local agriculture
office or bank) to ask for information. However, despite ample
promotion and publicity, the provision of electronic health
information or services and the words digital health were
unfamiliar to many. One male student mentioned:
I have never heard the word digital health until today.
No one told us that one can get health-related
information in this way. But sometimes we make calls
to some office to know about things. In this way we
can get information easily.
Female students had slightly different views. They preferred to
call their friends and/or family for information, as one explained:
We use mobile phones to talk about many things. If
we need to know about something, we call our friends
or elders. But I can’t remember if we have ever talked
about digital health.
Nonetheless, some of them also use mobile phones to seek
health-related information despite a lack of familiarity with
formal words such as digital health. Most of the participants
had asked for advice from a family member or from someone
who had relevant knowledge. As a result, most were reluctant
to use electronic means, and only a few had used their device
http://mhealth.jmir.org/2020/7/e16473/
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to seek health information, such as the internet and call center.
This indicates that people use their phones to ask advice from
friends, family, or social acquaintances but are not aware of or
do not use formal digital health services. As one of the
middle-aged female participants said:
We are ignorant people, we don’t understand all
these. Besides we don’t need this [digital health], it’s
enough if you can receive and make a call using a
phone.
The reasons mentioned in the FGDs for not using electronic
means to seek health information and/or services can be
summarized into 4 major reasons.

Awareness of Digital Health Services
Many participants were not aware of eHealth services. This was
usual in Bangladesh, given the ongoing promotion of the
telecom industry in Bangladesh. A few younger respondents
could mention GrameenPhone’s health helpline (789), but most
of them had a general lack of understanding of eHealth services.
Respondents knew that 789 is a service to call physicians using
GrameenPhone mobile phones but did not know how it worked.
Other than lack of skill to navigate the device and the platform,
lack of awareness regarding associated costs and how to talk
about personal health ailments was a major concern for the
participants.
Most of the participants were confused by the promotional
activities undertaken by telecom companies. Mirzapur has an
abundance of kiosks and shops that offer a range of mobile
phone–related services and products with colorful banners and
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posters displaying information about these services. Considering
the overflow of information on display, FGD participants
described it as “difficult to distil information related to digital
health services.” One of the male participants said:
The local shops are full of pictures and words about
hundreds of offers. Among those, I don’t remember
any explaining the availability of such type of health
service [digital health]. If we can’t find one, how can
we be aware that such services exist?
The young and educated participants were more aware of digital
health services compared with others. However, even among
this group, most did not know much about these services. Some
of them were aware of social media–based health initiatives and
promotions. Almost everyone had a Facebook account and had
seen adverts and information related to health. Although social
media (including Facebook) mostly presented information on
diet, healthy lifestyles, and beauty tips, some serious issues such
as cancer, HIV, and AIDS have also been presented. As one of
the female students explained:
We don’t know what it is [eHealth] and how can we
get health information through it. Or how does it
work, how much money it takes etc. Most of us use
Facebook or at least have seen it. I sometimes get
posts related to beauty or diet-related tips. Sometimes
I get information on cancer. But I don’t know what
eHealth is. I think if digital health services can be
made as easy as Facebook, then everyone will come
to know about it.

Personal Comfort and Acceptance
During FGDs, respondents (mostly women) expressed specific
concerns regarding not knowing the counselor/provider
personally and were hesitant to talk about personal issues and
illnesses. One female respondent said:
We are rural ignorant people. How can we talk about
illnesses to someone, whom we don’t know or see?
We are shy and just can’t do it.
Middle-aged respondents expressed their lack of trust in the
accuracy and quality of digital health information and preferred
face-to-face interactions with the person providing the
information and advice. Almost everyone preferred to discuss
health care needs with their friends and family first, then with
local drug sellers and village doctors (quacks) before taking
them to formal medical providers. If someone advised them,
only then did they consider seeking health information or service
electronically. Young and educated respondents were more
inclined to use eHealth as they perceived it as ensuring one’s
confidentiality and privacy. However, they had concerns about
cost. A young male participant said:
It takes up money from mobile account balance. Both
internet and talk time are expensive. But it’s true that
you can say many things over a phone which is rather
difficult in a face to face consultation with a person
whom you know.
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Literacy and Skills
Some participants mentioned that they lacked the skills needed
to access digital health effectively. This ranged from proficiency
in and with English (and Roman letters) and technical ability
to navigate the device and its software (ie, specific app, browser,
and internet settings). For example, calling a call center entails
the ability to press specific numbers in response to questions
or directions. Alternatively, browsing the internet requires
English literacy and technical skills to set their devices for
internet use. One of the middle-aged participants said:
It’s easier for young people. They know how to do
this using their mobile phones or computers. They
also have the skills to do that. That’s why I don’t have
internet in my phone.
Some young participants also felt that lack of proficiency in
English is a barrier to accessing information and services
electronically. One of them mentioned:
We are Bengali people and Bangla is our language.
We are not very good at English which, in my opinion,
is our main problem
Some of the young participants mentioned that family members
had asked them (or their friends) to look for health information
electronically, but they never looked for it themselves. One of
the elderly respondents said:
We are old and that’s why we don’t know much about
it. We can only receive and make calls. Sometimes if
someone sends an SMS, we take the phone to the other
members of the house to find out what it is. We do the
same when we want to know something about the
phone.

Proximity to Health Facilities
One of the reasons why respondents did not engage with digital
health in Mirzapur was the availability of and access to
conventional, formal health services within their vicinity.
Mirzapur has a public hospital, the Upazila (subdistrict) Health
Complex, and a philanthropic hospital (Kumudini). For any
medical emergency, anyone can visit these hospitals instead of
using a call center or other digital health services. During
discussions, participants agreed that it could be one of the
reasons for their reluctance to use digital health services,
including information. One of the middle-aged participants
mentioned:
Kumudini hospital was established long time ago and
is just beside our house. It is much easier and more
comfortable for us to visit this hospital when needed.
Besides we also have the upazila hospital.

Discussion
Principal Findings
This study aims to examine the current linear understanding
that access to technology results in access to health care by all.
Considering digital health services as a proxy for the integration
and implementation of technology for providing health care and
information, it has used sociodemographic characteristics to
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explore which population groups have access to technology and
have accessed digital health services. In more elaborate terms,
it focuses on the degree to which ICT and technology has
enabled Bangladeshi people to increase their access to
information and improve their well-being by exploring the
factors that influence whether people have access to electronic
devices (namely, mobile phones or personal computers/laptops)
and use these devices to access health services and/or
information digitally. The findings show that although there is
high household ownership (771/854, 90.3%) of mobile phones,
personal ownership is much lower (471/854, 55.2%). Everyone
who owned a personal mobile phone used it to seek information
and services electronically, but only a small proportion (34/471,
7.2%) used it to seek health-related information or services.
Although the data suggested younger men and those with a
higher education and SES chose to use their devices to access
digital health, there was little statistical evidence that
sociodemographic factors influenced the use of digital health
information and services. According to the findings from the
FGDs, nonuse of devices to seek health-related information or
services was related to the perception of digital health as an
unfamiliar health care–seeking model. Other factors were lack
of technological skills and related literacy to seek electronic
information or services, associated cost of accessing information,
lack of awareness about digital health services, and proximity
to functioning health centers.
In the context of rural Bangladesh, previous works have reported
slightly lower household ownership of mobile phones, but with
an upward trend [28,31,48]. The data reported in this paper were
collected later, and in a semiurban context (Mirzapur), which
is adjacent to Dhaka. Mirzapur is thus likely to have greater
access to technology and resources than rural Bangladesh. The
high ownership of electronic devices found in this paper is
consistent with what others have reported. However, if
ownership of devices is used as a proxy for access to digital
technology, the data show that only about half of the respondents
have personal devices. As there is a dearth of evidence regarding
the personal ownership of devices in Bangladesh, it was not
possible to compare the findings with the situation in other parts
of the country. Nevertheless, the general idea that high
household ownership and subscription to mobile-cellular
networks means high access to technology needs to be
reconsidered and explored further.

Socio-Demography of the Use of Digital Health
Although this paper has shown that only a small proportion
(7.2%) of owners have used their phones to access digital health
for health services or information, in the rural context, use of
devices to access digital health has been reported to be even
lower (2%) [28]. The difference in the spread of technology
over time and context and related access (semiurban versus
rural) can be the reason for this difference. However, such low
use of devices generally to access digital health does not indicate
that everyone is unable to access services or information
digitally. In line with these findings, globally (including
Bangladesh), male, young, educated, and wealthier groups are
more likely to use their electronic devices to seek general
information and health information or services [49-52]. A
recently published paper, based on the findings from Mirzapur,
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reported that the use of mobile phones to access health
information at least once in the last 12 months was 45% in
college students (young and educated adults) compared with
18% in the general population. It also reported that internet
users were predominantly (two-third) male phone owners [26].
Therefore, this paper strongly argues that any attempt to
integrate technology in the health systems of Bangladesh (and
similar contexts) and to endorse related digital health
innovations must take into account sociodemographic attributes
and the fact that services are more likely to be accessed by
young, educated, and male populations. Although this represents
a potential disparity in access to digital health, it also positions
young and educated people to help the diffusion of technology
in the community as change agents and therefore paves the way
toward the much discussed and desired integration of technology
into the health system to meet the challenges of UHC in
Bangladesh and related contexts [42].

Other Factors Influencing the Use of Digital Health
The other reasons for the low uptake of digital health include
lack of awareness about digital health in terms of its modus
operandi and availability, lack of personal comfort and
acceptance of this form of health service or information, lack
of literacy and skill for using digital health technology, and
proximity to other health facilities that provide emergency care.
However, these reasons are not mutually exclusive, and the
relationship within and between them must be examined further
in terms of underlying equity challenges. Awareness regarding
digital health initiatives is possibly the first and foremost of
these reasons, yet communicating the potential of digital health
is not, as discussed above, straightforward. Many middle-aged
residents have access to household resources and the relevant
educational achievements (Table 1) that would make accessing
digital health possible, but they are not sufficiently informed
and do not have the technological skills (Table 2). They are
simultaneously disinclined to pursue health services or
information provided in this manner because they are unfamiliar
with and do not trust the mode of delivery. Moreover, should
they or their family members have a health need, particularly
an urgent or emergency one, they would be able to access
Mirzapur’s other health facilities. Young people, by contrast,
are aware of the potential of digital health and have the relevant
skills and literary sophistication required (Table 1). As indicated
by others, they do not have the material resources and influence
that would support and facilitate access to digital health (ie,
financial resources and decision-making capacity in health care
need) [26]. As a result, they tend to use this service when, as
shown above, older people who have the necessary resources
request that young people engage with digital health services
or information. Young people, like the older generations, have
access to Mirzapur health facilities when there is an emergency;
however, their primary health concerns are, as others have
reported and the earlier discussion indicates, private, nonurgent,
and often deemed unnecessary, such that their concerns are
dismissed and they are treated with disrespect [26].
The importance of sociodemographic and economic factors and
related material factors was highlighted in other
technology-based health interventions in Bangladesh. One of
the popular mHealth interventions in Bangladesh called
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Aponjon, supported by the United States Agency for
International Development and implemented in 2012, was
designed to provide voice or text message–based pregnancy
and newborn care. After studying the impact of the intervention,
it was concluded that exposure to Aponjon messages was not
associated with improved maternal and child health outcomes,
such as the presence of skilled birth attendance at birth,
breast-feeding practices, or facility delivery. Rather, higher
sociodemographic and income status of the mother was more
significantly associated with reported improvements [53].
Another intervention study was piloted to understand the
feasibility and acceptability of a mobile phone-based
intervention that combined counseling and the payment of cash
transfers to improve the perception of both maternal nutrition
during pregnancy and nutrition of the infant in rural Bangladesh.
Although the study could not conclude the intervention as
effective, it highlighted other material issues such as charging
the mobile phone or spending cash (obtained from the project)
to feed one’s family rather than focusing on the nutrition of the
pregnant mother or infant as major barriers to the effectiveness
of such mHealth interventions [54].

Conclusions
There is high awareness and use of electronic devices to access
electronic information and/or services across various
sociodemographic categories in Bangladesh. Global trends
suggest that access to the use of mobile phones and computers
is expanding, including contexts like Bangladesh [15,31].
However, Mirzapur’s respondents continued to avoid digital
health initiatives. Why? The only paper that has tried to explain
the reason for such low use in Bangladesh concluded that,
although the community has some technological readiness and
will to use mHealth, lack of adequate human resources and
technological abilities of the people may have restricted the use
of electronic devices for health services or information [55].
Inequitable access to health care is one of the major health
system concerns for LMICs, including Bangladesh. Expansion
of coverage of health care provision and implementing efficient
policy making and governance activities is critical for improving
population access to health care. At the same time, adopting an
equity focus can ensure the inclusion of various population
groups. The central question in this paper is, therefore, does
high access to technology mean that various sociodemographic
groups can access digital health services, thereby having higher
access to health care and information? The answer lies in how
technology interfaces with other social determinants of health
to produce equity and inequity. Shankardass et al [56] argued
that health inequities are caused by complex social, economic,
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and political factors (ie, the influence of gatekeepers,
affordability of services, provision of quality health care, and
strategies to secure access of poor and vulnerable groups to
health). These factors limit recognition of the need for and
creation of proequity policies. Digital health promises to address
access to health services and information [57], and, in
demonstrating substantial growth in technological access, it
gives the impression that challenges in access to health services
and information are being addressed, leading to a decrease in
the digital divide. However, as shown in this paper, this
approach of ubiquitous access to technology obscures how
inequity in access to health plays out. As Embrett and Randall
[58] argue, addressing health inequity is dependent on generating
public awareness to develop sufficient political incentives for
change. However, the lack of access to health services and health
information that, for instance, young people experience is not
socially acknowledged. Digital health information and services
offer some potential to address this challenge, with young people
having appropriate awareness, sufficient skills, education, and
literacy that would make this an attractive option, but they lack
the English sophistication required to articulate health needs
and use, and they do not have the necessary resources to turn
this into a reality. Addressing inequity in digital health requires
action to increase not only device ownership and the technical
skills necessary to operate these devices but also the material
resources to encourage their use and social recognition of health
needs and inequity.
This paper presents evidence on the implications of the adoption
of digital health services on equitable access to health. To
capitalize on the growth of technology, it is important to
recognize that without appropriate recognition, digital health
services may result in underused services and can influence
further disparities such as information-rich poor groups. This
means that without the required approach, whereas some social
groups will have more access to health care because of their
better health, technology, and general literacy, others may
become vulnerable and marginalized with restricted access.
This should serve as a basis for any future attempt in devising
(and adopting) operational frameworks that envision both
accountability and equity for effective integration of ICT
platforms (digital health) to address disparities and related health
systems challenges for Bangladesh and other LMICs.

Limitations of the Study
This survey was undertaken with the expectation of high levels
of digital health usage. As a result, insufficient attention was
paid to the use of mobile phones for health information through
casual conversations among peers and kin.
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Abstract
Background: Pregnancy during adolescence is prevalent in low- and middle-income countries (LMICs), which is associated
with various adverse outcomes that can be prevented with home visiting programs. However, testing these interventions in LMICs
can be challenging due to limited resources. The use of electronic data collection via smartphones can be an alternative and ideal
low-cost method to measure outcomes in an environment with adverse conditions.
Objective: Our study had two objectives: to test the efficacy of a nurse home visiting intervention on maternal parenting and
well-being measured by an electronic daily diary (eDiary), and to investigate the compliance rate of the eDiary measurement
method.
Methods: We conducted a randomized controlled trial to test the efficacy of Primeiros Laços, a nurse home visiting program,
for adolescent mothers living in an urban deprived area of São Paulo, Brazil. A total of 169 pregnant adolescents were assessed
for eligibility criteria, 80 of whom were included and randomized to the intervention (n=40) and control group (care as usual,
n=40). Primeiros Laços is a home visiting intervention delivered by trained nurses tailored to first-time pregnant adolescents and
their children, starting during the first 16 weeks of pregnancy until the child reaches 24 months of age. Participants were assessed
by blind interviewers at 8-16 weeks of pregnancy (baseline), 30 weeks of pregnancy, and when the child was 3, 6, and 12 months
of age. At 18 months, participants were assessed regarding maternal parenting and parental well-being using a 7-consecutive-day
eDiary. The smartphone app was programmed to notify participants every day at 9:00 PM over a period of seven days.
Results: We were able to contact 57/80 (71%) participants (29 from the intervention group and 28 from the control group) when
the child was 18 months of age. Forty-eight of the 57 participants (84%) completed at least one day of the eDiary protocol. The
daily compliance rate ranged from 49% to 70%. Our analyses showed a significant effect of the intervention on parental well-being
(B=0.32, 95% CI [0.06, 0.58], P=.02) and the maternal parenting behavior of the mother telling a story or singing to the child
(odds ratio=2.33, 95% CI [1.20, 4.50], P=.01).Our analyses showed a significant effect of the intervention on parental well-being
(B=0.32, P=.02) and the maternal parenting behavior of the mother telling a story or singing to the child (odds ratio=2.33, P=.01).
Conclusions: The Primeiros Laços intervention improved maternal parenting and parental well-being, demonstrating its promise
for low-income adolescent mothers. The compliance rate of the eDiary assessment showed that it was generally accepted by
adolescent mothers with limited resources. Future studies can implement ambulatory assessment in LMICs via smartphones to
measure mother and child behaviors.
Trial Registration: ClinicalTrials.gov NCT02807818; https://clinicaltrials.gov/ct2/show/NCT02807818
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Introduction
Every year, 16 million 15 to 19-year-old adolescents give birth,
predominantly in low and middle-income countries (LMICs)
[1]. Pregnancy during adolescence is associated with higher
risks of eclampsia, endometritis, infections, low birth weight
[2], increased maternal and neonatal mortality [3], and morbidity
such as maternal depression, parental stress, and insecure
attachment [4,5]. Children of adolescent mothers are also at
increased risk for impaired early childhood development and
behavioral functioning, as well as insecure and disorganized
attachment. Interaction between adolescent mothers and their
children is reported to be different from that of adult mothers.
In particular, adolescent mothers have been shown to provide
less verbal stimulation and are less sensitive to the child’s needs
[6]. Hence, developing and testing interventions focused on
preventing adverse outcomes among this high-risk group is a
timely need, especially in LMICs where an estimated 250
million children below the age of 5 do not meet their potential
[7]. The basis of robust intervention studies is the adequate and
accurate measurement of outcomes. However, testing early
childhood development (ECD) interventions in LMICs can be
challenging due to limited resources.
Studies focusing on maternal parenting usually rely on direct
or recorded observations of dyads by trained and certified
experts [8] or self-reported questionnaires based on retrospective
behavior. However, these methods have important limitations.
Observation of dyads is a lengthy and costly assessment, which
is difficult to implement in contexts where resources (eg, trained
experts, available space) are scarce and accessibility is limited,
such as in LMICs. Retrospective self-reported questionnaires
are subject to memory bias and lack ecological validity, resulting
in potentially inaccurate data (information bias). The use of
ambulatory assessment delivered via smartphones can be an
alternative data collection method to circumvent these problems.
Ambulatory assessment encompasses methods designed to study
people in their natural environment. Owing to the ubiquitous
presence of smartphones, ambulatory assessment methods are
now most commonly delivered via mobile technology. Subjects
can be notified to answer questions during specific times of the
day throughout days, weeks, or months. Given the numerous
advantages of ambulatory assessment, its use has recently grown
in many fields [9-11]. Nevertheless, the field of ECD has been
slow in adopting ambulatory assessment, with few initiatives
conducted in developed countries. One study used the
ambulatory assessment method to assess the relationship
between crying and fussing at 12 months of age along with the
physical health of the child and emotional security of the mother
[12]. Another study validated an ambulatory assessment protocol
to evaluate parental discipline in children aged 18-36 months
[13]. However, to our knowledge, no study conducted in an
LMIC has tested the potential of ambulatory assessment in the
context of ECD programs. Moreover, ambulatory assessment
https://mhealth.jmir.org/2020/7/e13686
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methods have only been adopted in observational studies to
date, and there has been no randomized trial in the ECD field
that used ambulatory assessment via mobile technology as an
outcome. Most studies testing mobile technology in the field
of ECD are interventions related to various outcomes such as
maternal depression [14], infant feeding [15-17], physical
activity [18], and maternal health [19-22].
Therefore, we implemented an electronic daily diary (eDiary),
a specific type of ambulatory assessment through which
participants report a set of behaviors that occurred during the
day to measure maternal parenting and parental well-being, in
the context of a randomized controlled trial. In particular, we
assessed the efficacy of Primeiros Laços, a nurse home visiting
program for adolescent mothers living in an urban deprived area
of São Paulo, Brazil. The intervention aimed to foster the
mother-child relationship and improve child development. The
present study had two objectives: (1) to test the efficacy of a
nurse home visiting intervention on child maternal parenting
and parental well-being measured by an eDiary, and (2) to
investigate the compliance rate of the eDiary measurement
method. The first hypothesis was that mothers who receive the
home visiting intervention will present a higher frequency of
maternal parenting behaviors and higher scores of well-being.
The second hypothesis was that the eDiary method will present
a compliance rate similar to that reported in previous studies,
despite the fact that our sample is composed of low-income
adolescent mothers living in adverse conditions.

Methods
Study Design and Participants
The present study is part of a parallel group randomized
controlled trial that was originally designed to test the efficacy
of Primeiros Laços, a nurse home visiting program for
adolescent mothers living in an urban deprived area of São
Paulo, Brazil. Previous findings from this trial can be found
elsewhere [23-26]. From June to September 2015, a total of 169
pregnant youth were assessed for eligibility criteria, 80 of whom
were included and randomized to the intervention (n=40) and
control (care as usual, n=40) groups. Inclusion criteria were:
(a) aged 14 to 19 years old, (b) first pregnancy, (c) between
8-16 weeks of gestation, (d) low socioeconomic status (classes
C, D, E according to the widely used Brazilian ABEP scale
[27]), and (e) living in the western region of the city of São
Paulo. Participants were recruited in the primary health care
system. To avoid unbalanced groups, randomization was
stratified according to the primary health care unit type and
grandmother years of schooling. The allocation ratio was 1:1.

Intervention
Primeiros Laços is a home visiting intervention delivered by
trained nurses that is tailored to first-time adolescent pregnant
women and their children, which starts during the first 16 weeks
of pregnancy until the child reaches 24 months of age. The
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frequency of visits was (a) biweekly during gestation and from
2 to 20 months of the child’s age; (b) weekly during the first
and last month of pregnancy, and during puerperium; and (c)
monthly from 21 to 24 months of the child’s age. The Primeiros
Laços program is based on three theoretical frameworks:
attachment theory [28], self-efficacy theory [29], and the
bioecological model [30]. This intervention adopts a
learning-based approach and aims to have the child at the center
of the mother’s life, fostering her capacity to perceive and react
to the child’s needs, with the objective of improving maternal
sensitivity to the child’s behaviors and emotions. Primeiros
Laços was developed by our team based on the Brazilian
program Janelas de Oportunidades [31,32], Minding the Baby
program [33], and Nurse-Family Partnership [34]. The
development of the program was also informed with input from
key national stakeholders involved in early childhood and
maternal health research and advocacy.
The content is directed to five domains. The first domain is
health and social care, in which the nurse provides education
regarding maternal and child health such as nutrition, hygiene,
common pathologies in childhood, domestic care, vaccination,
prevention of accidents, and child development. The second
domain is environmental health, in which the nurse provides
support and help to identify resources to guarantee adequate
living conditions, safe housing, daycare and school, and access
to health services. The third domain is life course, which
involves life course planning to help participants achieve life
goals such as finishing high school, finding a part-time job,
starting college, and postponing the birth of a second child. The
needs and goals of the participants were discussed individually
to respect their personal goals and wishes. Nurses also help
mothers gain access to primary care services and
government-sponsored social programs. The fourth domain
includes parenting skills, which involves education on parenting
skills and child behavior considering each development stage,
aiming to develop a sensitive and responsive pattern of care.
The last domain is family and social support, as nurses
frequently highlighted the role of family members and friends
to support parental needs. Nurses were supervised weekly by
the developers of the program (senior nurses and a child
psychologist) to discuss cases, plan visits, and to guarantee
fidelity and quality of visits. More details about the intervention
can be found elsewhere [35,36].

Care as Usual
Participants allocated to the control group received care from
Unified Health System (Sistema Único de Saúde), Brazil’s
public health system [37], according to national guidelines of
the Ministry of Health [38-40] in line with World Health
Organization guidelines. Prenatal and postnatal care is delivered
by health units of the primary care system free of charge,
focusing on preventive interventions, early detection of
gestational risk, and referral to specialized health services in
cases of high-risk pregnancies. Participants from the intervention
group also had access to public health care provided by the
Unified Health System.
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Assessment
Participants were assessed by interviewers blinded to group
allocation at 8-16 weeks of pregnancy (baseline), 30 weeks of
pregnancy, and when the child was 3, 6, 12, 18, and 24 months
of age. Interviews were conducted by trained psychologists who
underwent a 1-month training program provided by senior
psychiatrists, psychologists, and pediatricians. Before study
interviews commenced, interviewers trained by assessing
volunteers living in the western region of São Paulo. Ambulatory
assessment was administered when the child was 18 months
old. At baseline (8-16 weeks of pregnancy), we measured
depression symptoms using the Beck Depression Inventory
[41,42] and anxiety symptoms were assessed using the Beck
Anxiety Inventory [43,44], which have both been validated in
Brazil. Family food insecurity was measured using the abridged
version of the Brazilian Food Insecurity Scale (Escala de
Insegurança Alimentar) [45], a widely used scale adopted in
national epidemiological studies [46].

eDiary
We used the LifeData system [47], a mobile technology suite
for smartphone secure data collection available for Android and
iOS. Our eDiary protocol comprised a set of questions designed
via a web-based dashboard. The smartphone app was
programmed to notify participants every day at 9:00 PM over
a period of 7 days. Participants had up to 120 minutes to
complete the eDiary protocol and received up to three reminders.
Trained psychologists visited participants to provide support
on downloading, installing, and using the app. The eDiary
protocol was shown and explained to all participants using a
demonstration version installed on the psychologist’s
smartphone. Participants who did not own a smartphone were
provided one for the duration of the eDiary protocol (n=18).
The present study focused on the following questions of the
eDiary protocol: (1) How do you feel about the day today?
(score 1-100, general maternal well-being) (2) Did you take
care of your child or spend some time with him/her today? (3)
What was it like taking care of your child today? (score 1-100,
parental well-being) (4) Did you read or show a book to your
child today? (5) Did you tell stories or sing to your child today?
(6) Did you go out or go for a stroll with your child today? (7)
Did you play with your child today? (8) Did you talk to your
child today? (9) Did you eat or have a meal with your child
today? (10) Did you kiss, hug, tickle (or have any other physical
contact with) your child today? (11) How many hours did you
spend with your child today? Maternal parenting behavior was
operationalized as parenting practices related to mother-child
interaction and positive activities known to stimulate child
development. Questions 2, and 4 to 11 were related to maternal
parenting. Screenshots of the eDiary protocol can be found
elsewhere (imgur.com/a/eTMAp84).

Statistical Analysis
The sample size was calculated based on the difference in the
electroencephalogram alpha wave frequency between the groups
(30%) with a probability of type I error of 5% and statistical
power of 80%. Frequencies and distribution of eDiary outcomes
are provided for each of the 7 days of the intervention. The
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Fisher exact test and t tests were used to examine differences
between groups (intervention vs control) at each time point. To
examine intervention effects on eDiary outcomes, we used
generalized estimating equation models [48]. Continuous
outcomes were normalized using z-scores. Generalized
estimating equation models were used to examine mean
differences in normalized continuous outcomes and differences
in predictive probabilities for categorical outcomes, both over
multiple time points. The quasi-likelihood under the
independence model criterion was used to indicate adequate
correlation structures for longitudinal data that show a better
fit to each model [49]. Fitted models were used to estimate and
plot marginal mean scores for continuous outcomes and
predictive probabilities for categorical outcomes at each time
point. Time was entered as a continuous covariate in all models.
Time trends were verified, and all models presented a linear
trend [50]. All randomized participants that were contacted
when their child was 18 months of age were included in the
analysis, except for participants with missing data at all time
points (n=9). Statistical tests were all two-sided and P values
<.05 were considered statistically significant. Parameter
estimates are reported with the 95% CI. Analyses were
conducted using STATA 15.1 software.
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Ethical Considerations
Our study was approved by the Ethics Committee of the
University of São Paulo Medical School, University Hospital
of the University of São Paulo, and São Paulo Municipal Health
Department. All participants and their primary caregiver signed
written informed consent forms. The study was registered at
clinicaltrials.gov (NCT02807818).

Results
We were able to contact 57/80 (71%) participants (29 in the
intervention group and 28 in the control group) when the child
was 18 months old. Figure 1 shows the Consolidated Standards
of Reporting Trials (CONSORT) flow chart for participant
selection and grouping throughout the trial. Twenty participants
discontinued the intervention. Forty-eight of the 57 (84%)
participants completed at least one day of the eDiary protocol.
The daily compliance rate ranged from 49% to 70% (Figure 2).
We tested for potential baseline differences between the analysis
group (n=48) and the remaining participants (n=32) but did not
find statistically significant differences (Table 1). In addition,
there was no association of specific days of the week with
response status. Participants who received a smartphone for the
duration of the study (n=18) also did not show a different
response rate from those who already owned a smartphone.
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Figure 1. Consolidated Standards of Reporting Trials (CONSORT) diagram.
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Figure 2. eDiary compliance rate per day (n=57).

Table 1. Baseline sample characteristics (N=80).

a

Baseline characteristics

Included for analysis (n=48) Lost to follow up (n=32) P value

Intervention group, n (%)

23 (48)

17 (53)

.82

Maternal age, mean (SD)

17.0 (1.4)

17.2 (0.9)

.54

Family SESa (D and E status), n (%)

16 (33)

14 (44)

.36

Maternal educational level (illiterate), n (%)

5 (10)

7 (22)

.21

Grandmother educational level (illiterate), n (%)

24 (10)

19 (44)

.49

Family income (0-300), n (%)

2 (4)

1 (4)

.85

Substance use during gestation, n (%)

17 (35.)

10 (31)

.81

Food insecurity, n (%)

21 (44)

13 (41)

.82

Maternal depression, n (%)

12 (25)

5 (16)

.41

Maternal anxiety, n (%)

13 (27)

6 (19)

.43

Child sex (male), n (%)

25 (52)

15 (56)

.81

SES: socioeconomic status.

Tables 2 and 3 depict the total sample distribution of eDiary
data, as well as the distribution for each group. The total sample
grand mean for continuous outcomes across the 1-week period
was 80.3 for general well-being, 89.1 for parental well-being,
and 843.8 for time spent in minutes with the child. Univariate
analysis showed the following significant associations: time
spent with the child at day 4 (P=.02), read to child at day 6
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(P=.04), and telling a story or singing at day 2 (P=.04) and at
day 6 (P=.047). Figure 3 and Figure 4 depict the results of the
generalized estimating equations models with trajectories of
outcomes. Overall, the results showed a significant effect of the
intervention on parental well-being (B=0.32, 95% CI [0.06,
0.58], P=.01) and increased behavior of the mother telling a
story or singing to the child (odds ratio=2.33, 95% CI [1.20,
4.50], P=.01) (Figure 4).
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Table 2. Results of continuous outcomes per day.
Outcome

Day 1

Day 2

Day 3

Day 4

Day 5

Day 6

Day 7

General well-being, mean (SD)
TSa

80.1 (22.7)

84.0 (19.0)

72.1 (28.1)

74.1 (24.6)

86.1 (21.4)

84.7 (17.9)

81.3 (27.6)

Cb

79.3 (20.9)

83.8 (16.7)

68.9 (27.7)

72.4 (24.8)

87.3 (15.3)

79.7 (17.2)

77.3 (24.5)

Ic

80.8 (24.8)

84.0 (21.2)

74.9 (28.9)

76.3 (25.2)

84.9 (26.9)

89.1 (17.9)

84.3 (30.2)

Parental well-being, mean (SD)
TS

90.0 (14.0)

93.9 (10.7)

85.1 (20.5)

83.0 (20.3)

90.7 (12.1)

93.4 (12.6)

87.4 (18.8)

C

88.7 (13.8)

91.0 (13.1)

82.8 (22.1)

81.3 (20.8)

88.7 (13.6)

86.9 (16.1)

84.6 (15.6)

I

91.1 (14.4)

96.6 (7.1)

87.3 (19.1)

85.0 (20.2)

92.9 (10.3)

99.3 (1.5)

89.5 (21.1)

Time spent with child (minutes), mean (SD)

a

TS

868.7 (500.3)

819.2 (519.8)

676.2 (572.1)

978.5 (482.4)

921.0 (500.9)

867.4 (533.0)

775.5 (588.5)

C

851.1 (458.4)

817.5 (496.3)

691.0 (554.3)

804.4 (493.5)

955.7 (450.1)

712.4 (489.0)

821.8 (525.2)

I

884.4 (547.2)

820.7 (554.7)

663.0 (602.3)

1189.9 (386.6)

883.9 (563.6)

1010.5 (550.2)

742.5 (647.3)

TS: total sample.

b

C: control group.

c

I: intervention group.
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Table 3. Frequency of categorical outcomes per day.a
Outcome

Day 1

Day 2

Day 3

Day 4

Day 5

Day 6

Day 7

Taking care of the child, n (%)
TSb

36 (97)

37 (95)

37 (97)

32 (97)

31 (100)

25 (89)

24 (92)

Cc

17 (47)

18 (49)

18 (49)

17 (53)

16 (52)

12 (48)

10 (42)

Id

19 (53)

19 (51)

19 (51)

15 (47)

15 (48)

13 (52)

14 (58)

Reading or showing a book to the child, n (%)
TS

4 (11)

6 (16)

5 (14)

7 (22)

8 (26)

5 (20)

6 (25)

C

1 (25)

2 (33)

2 (40)

3 (43)

3 (38)

0

2 (33)

I

3 (75)

4 (67)

3 (60)

4 (57)

5 (63)

5 (100)

4 (67)

Telling stories or singing to the child, n (%)
TS

19 (53)

23 (62)

18 (49)

12 (38)

14 (45)

12 (48)

11 (46)

C

7 (37)

8 (35)

8 (44)

6 (50)

6 (43)

3 (25)

4 (36)

I

12 (63)

15 (65)

10 (56)

6 (50)

8 (57)

9 (75)

7 (64)

Going out or for a stroll with the child, n (%)
TS

29 (81)

18 (49)

23 (62)

20 (63)

23 (74)

12 (48)

12 (50)

C

16 (55)

8 (44)

14 (61)

12 (60)

12 (52)

4 (33)

3 (25)

I

13 (45)

10 (56)

9 (39)

8 (40)

11 (48)

8 (67)

9 (75)

Playing with the child, n (%)
TS

36 (100)

33 (89)

35 (46)

31 (97)

29 (94)

20 (80)

20 (83)

C

17 (47)

15 (45)

17 (49)

16 (52)

15 (52)

9 (45)

8 (40)

I

19 (53)

18 (53)

18 (51)

15 (48)

14 (48)

11 (55)

12 (60)

Talking to the child, n (%)
TS

36 (100)

37 (100)

36 (97)

31 (97)

30 (97)

23 (92)

19 (79)

C

17 (47)

18 (49)

17 (47)

16 (52)

15 (50)

10 (44)

7 (37)

I

19 (53)

19 (51)

19 (53)

15 (48)

15 (50)

13 (57)

12 (63)

Eating/ having meals with the child, n (%)
TS

34 (94)

34 (92)

32 (89)

29 (91)

30 (97)

22 (88)

20 (83)

C

17 (50)

17 (50)

15 (47)

16 (55)

16 (53)

10 (46)

8 (40)

I

17 (50)

17 (50)

17 (53)

13 (45)

14 (47)

12 (55)

12 (60)

Physical contact with the child, n (%)
TS

36 (100)

37 (100)

36 (100)

32 (100)

31 (100)

24 (96)

23 (96)

C

17 (47)

18 (49)

17 (47)

17 (53)

16 (52)

11 (46)

9 (39)

I

19 (53)

19 (51)

19 (53)

15 (47)

15 (48)

13 (54)

14 (61)

a

Sample size varied for different categories and days due to nonresponses, ranging from 10 to 18 and from 13 to 21 in the control and intervention
group, respectively.
b

TS: total sample.

c

C: control group.

d

I: intervention group.
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Figure 3. Effect of intervention on continuous outcomes: mother well-being (B=0.18, 95% CI [-0.15, 0.51],P=.286), parental well-being (B=0.32, 95%
CI [0.06, 0.58], P=.015), total time spent with the child (B=0.05, 95% CI [-0.43, 0.52], P=.845).
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Figure 4. Effect of intervention on categorical outcomes: mother taking care of the child (OR=0.71, 95% CI [0.19, 2.60], P=.61), mother reading or
showing a book to the child (OR=2.35, 95% CI [0.90, 6.11], P=.08), mother telling stories or singing to the child (OR=2.33, 95% CI [1.20, 4.50]. P=.01),
mother going out or for a stroll with the child (OR=0.76, 95% CI [0.33, 1.72], P=.51), mother playing with the child (OR=1.17, 95% CI [0.44, 3.17],
P=.75), mother talking to the child (OR=1.82, 95% CI [0.69. 4.77], P=.22), mother eating/having meals with the child (OR=0.65, 95% CI [0.22, 1.90],
P=.43).

Discussion
Principal Findings
This is the first ECD randomized controlled trial testing an
intervention using a smartphone-based ambulatory assessment
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to measure outcomes. The results showed that our nurse home
visiting program had a positive effect on parental well-being
and maternal parenting as measured by a smartphone eDiary.
Previous studies have shown that maternal parenting behaviors
in adolescent mothers [6] and low-income mothers [51,52] are
less frequent. Consequently, it was surprising to notice a ceiling
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effect on some maternal parenting behaviors such as taking care
of the child, talking to the child, and playing with the child,
regardless of being part of the intervention or control group.
Early childhood research specifically focused on maternal
parenting is surprisingly lacking in Brazil, making it difficult
to directly compare findings. Brazilian studies related to early
life outcomes conducted in the past decade have mainly focused
on maternal health [53] and older children [54]. However, we
observed that the frequencies of telling stories or singing to the
child and especially reading a book to the child were low overall
(38%-62% and 11%-26%, respectively).
It is worth mentioning that Brazil is a country currently facing
many educational challenges. The last report from the
Programme for International Student Assessment (PISA) showed
that reading performance among students has not improved in
the last 18 years [55]. In the last PISA, Brazil and other Latin
American countries ranked at the bottom of the international
ranking on reading skills, below the top 50. Overall, 29% of the
Brazilian population is functionally illiterate, presenting only
basic reading and writing skills [56], and 44% of the Brazilian
population have not fully or partially read a book in the last 3
months [57]. Telling stories and reading books are behaviors
deeply connected to past behaviors and previous experiences.
In a social context in which people have difficulties reading and
understanding books, the ability and practice of telling stories
may be impaired. Moreover, low-income families typically have
less access to libraries [52] and usually cannot afford to buy
books. Even though our intervention emphasized the importance
of reading and telling stories, these barriers may have prevented
participants from engaging in such activities.
We also found an intervention effect on daily reports of parental
well-being. Parenting a child is known to have positive effects
on adult parents such as higher levels of life satisfaction,
happiness, general feeling of positive emotion, and more
meaning in life [58]. However, adolescent mothers are at higher
risk for maternal depression and impairment in parenting [6,59],
and also experience more parental stress [60]. The effect of
Primeiros Laços on parental well-being may be related to the
parenting skills component of the intervention. After the child
was born, the content of the program emphasized child
development and early cognitive and socioemotional stimulation.
During home visits, nurses showed the participants activities
that were appropriate for the child’s age to enhance the
mother-child bond and to provide adequate stimulation. We
hypothesized that these specific activities would buffer the
effects of parental stress and have a positive influence on
parental well-being.
The compliance rate of the eDiary assessment was 84%
(participants who responded at least one day of assessment),
demonstrating that it was generally accepted by adolescent
mothers living in an urban deprived area. This compliance rate
was similar to that reported in other studies conducted with
participants in the same age range. For example, a study
conducted in Canada using a compliance criterion of participants
responding to questions less than 7 times reported a rate of
90.4% [12]. A recent review on ecological momentary
assessment studies with adolescents showed that among clinical
studies with less than 3 assessments per day, the average
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compliance rate was 73.5%. This same review also showed that
studies with more prompts per day (6 or more) had a higher
compliance rate [61], suggesting that future studies should
implement similar methods. Furthermore, a recent analysis of
a pooled dataset from 10 ambulatory assessment studies
comprising more than 1700 participants showed that compliance
declined across days [62], which is similar to the pattern in the
compliance rate observed in the present study. Even though a
higher compliance rate across days would be ideal, we believe
that our findings show that assessments conducted via
smartphones can be adequately conducted in low-income areas.
This method can be a low-cost alternative for clinical trials in
LMICs, as well as a potential monitoring method linked to the
public health system. In this way, health professionals could be
notified when the frequency of parenting behaviors falls below
the expectation to adequately stimulate child development,
potentially leading to customized interventions.

Limitations
Our findings should be viewed in light of some limitations. The
sample size calculation of our clinical trial was based on
different outcomes than those reported herein. The eDiary
outcomes that were analyzed are secondary outcomes of the
clinical trial, which were conceptualized and implemented after
the clinical trial started. Therefore, our study may not have had
sufficient power to find differences in these secondary outcomes,
resulting in potential false negatives when compared to primary
outcomes analyses. Additionally, our sample size limited the
scope of our analyses. For instance, it would be interesting to
use a structural equation modeling approach such as growth
curves to validate the constructs assessed; however, the small
sample sizes did not allow for convergence of these models.
Moreover, the lack of variability and a ceiling effect in some
variables may have also influenced these potential analyses.
Therefore, even though we presented findings suggesting that
we adequately measured the constructs of interest, we were not
able to validate these measures quantitatively. However, we
found that maternal parenting behaviors were negatively
associated with maternal depression measured at the same time
point [25], which is an expected finding since it is known that
depressive symptoms can influence parenting. In addition, our
assessment of maternal parenting was based exclusively on the
frequency of behaviors, and we did not collect data on the
quality of the interaction between the participants and their
children. The quality of maternal parenting is known to be
crucial for child development and the mother-child relationship.
In addition, the use of eDiary self-report assessment may have
influenced the findings due to effects of social desirability bias
[63] or the participants’ awareness of being part of an ECD
study [64]. However, this is unlikely since we detected low rates
of some maternal parenting behaviors that would be considered
socially approved. Moreover, we included a subgroup of
participants who did not own a smartphone at the time of trial
commencement. This was surprising since 86% of participants
reported owning a smartphone at baseline. We found that it is
a common practice among this population to frequently
exchange, borrow, or buy smartphones. Furthermore, some
participants owned old smartphones with limited hardware in
terms of performance as well as with old operating systems,
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preventing them from properly using the smartphone app. We
were able to include these participants by lending them a
smartphone, which could have influenced our results. However,
we did not find differences in outcomes between participants
with their own smartphone compared with those who borrowed
smartphones. Future implementations of smartphone-based
assessments in low-income areas should consider that some
people may not own a smartphone. This approach also may not
be suited for rural areas, especially in LMICs, where poverty
is more predominant.

Conclusion
Our findings demonstrate the efficacy of Primeiros Laços, a
nurse home visiting program for pregnant youth living in an
urban deprived area, on improving maternal parenting and
well-being assessed by an eDiary. Assessments with the eDiary

Fatori et al
were successfully conducted in this specific population. The
implications are two-fold. First, Primeiros Laços is a promising
intervention to promote maternal parenting and well-being
among low-income adolescent mothers. As a structured and
manualized intervention, this could be implemented in the
primary care system, potentially benefiting millions of Brazilian
mothers and children. Other LMICs similar to Brazil may also
benefit from the program given appropriate adaptations for
language, culture, and context. Second, our findings demonstrate
the potential for future ECD intervention studies to implement
ambulatory assessment in LMICs via smartphones for measuring
mother and child behaviors. More frequent assessments of
maternal parenting behaviors and well-being should be
implemented to further enhance temporal and ecological
validity, and to also expand the scope of measured behaviors.
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Abstract
Background: Mobile health (mHealth) interventions have the potential to transform the global health care landscape. The
processing power of mobile devices continues to increase, and growth of mobile phone use has been observed worldwide.
Uncertainty remains among key stakeholders and decision makers as to whether global health interventions can successfully tap
into this trend. However, when correctly implemented, mHealth can reduce geographic, financial, and social barriers to quality
health care.
Objective: The aim of this study was to design and test Beacon, a mobile phone–based tool for evaluating mHealth readiness
in global health interventions. Here, we present the results of an application validation study designed to understand the mobile
network landscape in and around Macha, Zambia, in 2019.
Methods: Beacon was developed as an automated mobile phone app that continually collects spatiotemporal data and measures
indicators of network performance. Beacon was used in and around Macha, Zambia, in 2019. Results were collected, even in the
absence of network connectivity, and asynchronously uploaded to a database for further analysis.
Results: Beacon was used to evaluate three mobile phone networks around Macha. Carriers A and B completed 6820/7034
(97.0%) and 6701/7034 (95.3%) downloads and 1349/1608 (83.9%) and 1431/1608 (89.0%) uploads, respectively, while Carrier
C completed only 62/1373 (4.5%) file downloads and 0/1373 (0.0%) file uploads. File downloads generally occurred within 4 to
12 seconds, and their maximum download speeds occurred between 2 AM and 5 AM. A decrease in network performance,
demonstrated by increases in upload and download durations, was observed beginning at 5 PM and continued throughout the
evening.
Conclusions: Beacon was able to compare the performance of different cellular networks, show times of day when cellular
networks experience heavy loads and slow down, and identify geographic “dead zones” with limited or no cellular service. Beacon
is a ready-to-use tool that could be used by organizations that are considering implementing mHealth interventions in low- and
middle-income countries but are questioning the feasibility of the interventions, including infrastructure and cost. It could also
be used by organizations that are looking to optimize the delivery of an existing mHealth intervention with improved logistics
management.
(JMIR Mhealth Uhealth 2020;8(7):e18413) doi:10.2196/18413
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mHealth; network readiness; network assessment; mobile network
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Introduction
A technological revolution is rapidly changing the way health
care is approached worldwide. Previously insurmountable
logistical challenges such as supply chain management [1], cold
reagent storage [2,3], and disease surveillance [4] are being
solved by a continuous stream of innovations [5,6]. These
solutions, which can range from simple SMS text message
appointment reminders [7,8] to more sophisticated approaches
such as mobile phone–based clinical-grade electrocardiograms
[9], have broad uses and can be tailored to address many
scenarios and user groups [5,6,10]. This new class of health
care interventions, called mobile health (mHealth), takes
advantage of the prevalence of network-connected mobile
devices and mobile apps and is being adapted to meet challenges
present in low- and middle-income countries to improve health
outcomes [11]. With 5.3 billion mobile subscribers worldwide
and 90% of the global population covered by wireless signals,
a niche has developed for the use of mobile phones in public
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health campaigns [12-14]. mHealth approaches are growing in
popularity in high-income countries, where they provide patients
with improved convenience and enable providers to engage
their patients in near real-time [15-17]. However, mHealth
approaches are also being used in global health settings, where
they are implemented to decrease costs, minimize barriers to
facilitating care, and provide more useful surveillance data
[18-20].
The growth of global mHealth has naturally followed the surge
in mobile phone uptake. The ubiquity of mobile devices in lowand middle-income countries increased significantly between
2000 and 2015, and it is expected to expand further [21]. In
Africa specifically, the average number of mobile phone
subscriptions per 100 people increased from 3 to 85 over that
same period [21]. In some low- and middle-income countries,
the number of mobile subscriptions per person is higher than
in many developed countries, including the United States (Figure
1).

Figure 1. The number of mobile subscriptions per 100 people in 2017 and the World Economic Forum Networked Readiness Index (NRI) for several
African nations, the United States, World Bank low- to middle-income countries, and World Bank high-income countries. Data for Zambia, the country
where this study was performed, are emphasized in red. The NRI data for low- to middle-income countries and high-income countries are averages of
the available NRIs for World Bank countries in each classification (several countries in each group do not have a listed NRI).

In Zambia, where we conducted our study, the World Bank
reported a prevalence of 78.6 mobile phone subscriptions per
100 people. Despite the availability of mobile phones in Zambia,
the country has a Networked Readiness Index (NRI) value of
3.2/6.0, ranking 116th worldwide. The NRI is a measurement
that quantifies a nation’s use of technology to increase
international competitiveness. Zambia has approximately
one-third fewer mobile phones per capita than the United States
and a conspicuously lower NRI score; therefore, it is easy to
formulate a skeptical opinion of the feasibility of mHealth in
http://mhealth.jmir.org/2020/7/e18413/
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countries such as Zambia. While it is important to note that
mobile phone penetration or mobile network performance alone
does not infer broad mHealth readiness, network performance
remains a critical factor in preparing for mHealth interventions.
Nontechnical factors such as uptake by policy makers and health
care practitioners as well as social and cultural acceptance
remain integral to the success of mHealth interventions;
however, we have chosen to focus on a specific technical
indicator [22].
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Although mobile phone use has penetrated developing nations
to an extent that was unimaginable two decades ago, the
implementation of new mHealth interventions in these nations
has been met with apprehension from key stakeholders and
decision makers [23-26]. Another major source of skepticism
is the lack of growth of current projects in the field. Concerns
regarding poor connectivity and limitations of accessibility have
hampered the success of previous mHealth interventions, and
these barriers prevent pilot projects from developing into
sustainable, large-scale programs. In Uganda alone, between
2008 and 2009, 23 mHealth projects did not progress beyond
pilot testing [12,27]. The failure of these programs to develop
beyond preliminary investigations into widespread, integrated
mHealth systems increases hesitation, and mobile networks
remain an underused health care resource in low- and
middle-income countries.
Pilot studies of mHealth interventions often fail to move forward
because they cannot overcome the limitations of working with
mobile devices in resource-limited settings. Each setting has a
unique mobile landscape, and successful strategies are
sometimes not generalizable not only from country to country
but even within a country or region of interest. Therefore,
although the network infrastructure may be in place, even with
its clear room for improvement, mHealth pilot studies have not
yet succeeded in harnessing that network to produce improved
health outcomes. While several factors contribute to overall
mHealth readiness, a need remains for tools that can be
employed to provide a more complete understanding of the
mobile landscape to inform mHealth interventions, particularly
in the more remote areas of low- and middle-income countries,
where this information is scarce. In this study, we present a
mobile phone–based tool, Beacon, to evaluate a setting’s
capacity for basic mHealth interventions.

Methods
Purpose
We envisioned the Beacon app as a platform to evaluate the
infrastructure of a global health setting for readiness to
implement mobile health interventions. While there are several
existing methods to measure cellular signals, these technologies
are often limited by a lack of generalizability, inability to
differentiate errors, failure to permanently record any data
collected, and requirement for repeated manual intervention to
initiate data collection. To rigorously document and assess a
region’s mHealth readiness, it is critical for the ideal tool to be
broadly accessible, reliable and to have automated data recording
capabilities. As such, the software was designed to collect
spatiotemporal data on cellular network capabilities and mimic
certain necessities, such as data transmission to and from
research databases or electronic medical records. In this case,
the files that were repeatedly uploaded and downloaded in the
software were small camera phone images (3.37 MB and 1.57
MB in size) of malaria rapid diagnostic tests (RDTs); upload
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and download of such images is a frequent occurrence in our
diagnostic work in malaria elimination campaigns. The images
were then used repeatedly to mimic RDT image transfer as an
example of a potential mHealth app. However, these files could
be readily modified to fit an alternative mHealth intervention,
including a mock patient record or a video file.

Software
A custom app was developed in the Swift programming
language using the XCode integrated development environment
and deployed through the Apple App Store’s beta testing
program, TestFlight. The app has two screens: a main screen
for data collection and a results screen for data transmission.
Collected data are reported as time, latitude, longitude, ping
duration, download latency, total download duration, download
speed, upload latency, total upload duration, and upload speed
(Multimedia Appendix 1). The main view of the app has a
simple interface with four components (Figure 2): 1) an on/off
switch that allows the user to start and stop data collection, 2)
a slider that allows the user to select the frequency of data
collection, 3) a table containing the most recent data, and 4) a
button to send the user to the Results table, where they can
transmit their results to the Research Electronic Data Capture
(REDCap) electronic research database [28]. The user can toggle
data collection on using the on/off switch, at which point a timer
is started with the duration specified by the frequency selected
by the user. When the timer expires, the software
asynchronously performs the following events using third party
libraries (Alamofire v4.7 and PlainPing v0.4): a timestamp is
recorded, GPS coordinates are recorded, a ping is sent to a
physical server located in the Wright Laboratory at Vanderbilt
University, a preloaded image of a rapid diagnostic test is
downloaded from the server to the mobile phone, and a different
preloaded rapid diagnostic test image is uploaded from the
mobile phone to the server. For work in remote regions with
unknown connectivity, the geolocation and timestamp are still
recorded in the event that an upload, download, or ping fails.
All the data describing each interaction between the mobile
phone and physical server are entered into a data structure that
can be visualized on the results screen. On the results screen, a
table displays an entry for each set of collected values. The table
row entry shows the timestamp of the data and a check/x symbol
depending on if there were any errors in the data entry in that
row. At the bottom of the screen, a button (“Check RC
Connection”) enables the user to check whether their mobile
device was able to connect to REDCap for long-term data
storage. If this connection failed, the user is notified, and the
user’s data remain in storage for later upload. If a connection
can be established, another button (“Send Data to RC”) is
enabled; when this button is clicked, the entire data structure
describing the interactions of the mobile phone with the VU
server is transferred from the app to the web-based REDCap
platform. Upon successful data upload to REDCap, the number
of data entries uploaded is shown and the data table is cleared.
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Figure 2. (Left) The two main screens in the Beacon app: the data collection screen and the results table and data transmission screen. (Right) A
representative signal trace from the Macha Research Trust to Vanderbilt University, adapted from [13]. Using Beacon, files were downloaded and
uploaded to a server at Vanderbilt University. After sufficient data aggregation, data were transferred to REDCap for storage. REDCap: Research
Electronic Data Capture.

Hardware
The software was tested for compatibility on multiple iOS
devices, including an iPhone 8 and an iPhone X. The data
collection in Macha was performed on multiple iPhone SE
(2017) phones, all running iOS 12.1.3. While Apple products
are less common globally than they are in the United States,
this model has comparable hardware to that in commonly used
mobile devices, including the processor, memory, and camera.
Therefore, this iPhone is a reasonable device for this testing,
with the understanding that the software can readily be ported
to Android devices, which are more common in low- and
middle-income countries. Data collection was performed on the
three primary cellular networks operating in and around Macha,
Zambia: Airtel, MTN, and Zamtel. While evaluation of the
performance of a particular carrier is an expected use of Beacon
in practice, in this work, we randomly assigned each network
an alphabetical code to avoid explicitly identifying network
performance.

Data Collection Using the Beacon App
After the timer was initiated in the app, the mobile device was
placed in Guided Access mode. This mode allows the user to
turn off interactions with the screen or device buttons, allowing
the app to collect data uninterrupted by inadvertent screen taps.
The app was iteratively and collaboratively refined over the
course of 2 weeks before data collection began. Data were
collected by three separate users during the course of routine
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field work in and around the Macha Research Trust between
the months of February and August 2019. Users were provided
instructions and documentation on how to use the app but were
not given any other instructions related to data collection
frequencies, locations to visit or to avoid, or how often to upload
their results to REDCap. Data were downloaded from REDCap
for offline statistical analysis.

Results
Screening Mobile Carrier Efficacy Using Beacon
The Beacon app was used to compare the three primary mobile
phone carriers operating in or near Macha, Zambia. Figure 3
shows the results of this comparison, delineated by the
transmission success rate of each individual modality:
downloads, uploads, and pings. Carriers A and B performed
with high success; Carrier A completed 6820/7034 (97.0%)
successful downloads and 1431/1608 (89.0%) successful
uploads, while Carrier B completed 6701/7034 (95.3%)
successful downloads and 1349/1608 (83.9%) successful
uploads. However, Carrier C was observed to successfully
complete only 62/1373 (4.5%) file downloads and 0/1373 (0.0%)
file uploads despite a high rate of successful pings. These results
agree with anecdotal evidence reported by Macha residents.
The remaining data shown in this report focus on Carrier
Network A and on upload duration and download duration as
two of the most tangible metrics of cellular network
performance.
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Figure 3. Success and error rates of different modalities of data transfer (download, upload, ping) across three different cellular provider networks.

Data collection was not fixed at a single defined frequency
throughout the entire study, resulting in a nonuniform
distribution of record counts based on the day and time of
collection (Figure 4). The largest amounts of data were collected
at midday and on weekends. As the system was designed, the
number of download attempts matched the number of upload
attempts (Multimedia Appendix 2). Errors were mostly observed
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to increase proportionally as the total data count increased; thus,
we did not see sampling bias in our results. However, there was
slight disagreement between the number of download errors
and the number of upload errors in our results, indicating that
success of one mode of transmission did not guarantee success
of another.
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Figure 4. Download (top) and upload (bottom) success and error counts for cellular network A grouped by hour of the day.

The distributions of the upload and download durations recorded
for successful data transmissions on Carrier A are shown in
Figure 5. On average, downloads occurred faster and in a
narrower time range than uploads. To this point, 50% of
downloads were completed in under 8.5 seconds and 75% were
completed in under 13 seconds, whereas 50% and 75% of
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uploads were completed in 21 and 30.5 seconds, respectively;
the fastest and slowest download times were 3.7 seconds and
21.2 seconds, respectively, while the fastest and slowest upload
times were 8.4 and 53.8 seconds, respectively. The average
download latency was larger than the average upload latency
(1.8 seconds and 0.8 seconds, respectively).
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Figure 5. Distributions of upload and download duration (top) and latency (bottom) recorded for Carrier A over the course of Beacon testing. Data
outside 1.5 times the interquartile range of the lower and upper quartiles were considered outliers and were removed from the analysis.

Spatial Resolution of Cellular Data Transfer
Capabilities in Rural Zambia
All data collected were tagged with both a GPS location and a
timestamp. A single representative day of data collection is
shown in Figure 6. As can be seen, the signal strength can be
overlaid on a map as a point map with respect to the coordinates
from which the data were collected. In and around our study
site, the signal strength was found to be high, with most
downloads lasting between 4 and 12 seconds. For the data
shown, an abrupt increase in upload duration begins just after
5 PM local time. These download durations were more than 1.5
times the upper quartile and are statistical outliers. More
variation, including several other outliers, can be observed in
the temporal upload duration results; however, the increased
variation shown in the representative data matches the overall
observed trends shown in Figure 5.
Our primary study site was located in Macha (a rural village in
the Southern Province of Zambia), and the overwhelming
majority of our data were collected in and around Macha.
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However, users were not geographically constrained, and data
were collected at other sites, including a larger town (Choma,
50 kilometers away) and a larger city (Livingstone, 190 km
away). The durations of successful downloads and uploads are
shown as a function of the haversine distance from the Macha
Research Trust in Figure 7. While the distance measured from
Macha does not have explicit directionality and thus cannot
explicitly confirm location by itself (eg, if a user traveled 50
km in the opposite direction, this plot would still show the data
points next to Choma), confirmation of the GPS coordinates
shows that the overwhelming majority of data points near 50
km and 190 km from the Macha Research Trust were collected
in Choma and Livingstone, respectively. Near the Macha
Research Trust, the full ranges of download and upload
durations were observed; meanwhile, in Choma and Livingstone,
the cellular signal was generally more consistent, but outliers
were still occasionally observed. In the regions between these
cities, higher numbers of errors were reported, which is probably
directly related to the distance from the cell towers along the
routes traveled and thus more indirectly related to the lack of
densely populated areas between cities.
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Figure 6. A representative 24-hour period of data collection: (top) download speed mapped by GPS coordinates, where download speed is denoted on
a scale from green (high) to yellow (low); (middle) download duration over time; and (bottom) upload duration over time for the same period. Errors
are denoted with red x symbols. DL: download; UL: upload

Figure 7. Download (top) and upload (bottom) durations and the errors in each mode as a function of the haversine distance from the Macha Research
Trust. DL: download; km: kilometers; MRT: Macha Research Trust; UL: upload.

Temporal Distribution of Cellular Data Transfer
Capabilities in Rural Zambia
When the data are grouped by hour of the day (Figure 8), the
download durations are short early in the morning (from 2 AM
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to 5 AM), followed by an increase from 5 AM to 8 AM. The
durations remain roughly constant from 8 AM to 4 PM, with a
slight decrease at 2 PM. Download durations experience a
significant increase in the evening hours beginning at 5 PM and
lasting through 11 PM, until they begin to decrease again (12
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18413 | p.360
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AM to 2 AM). A similar but slightly less pronounced and more
noisy trend was observed for upload duration. When the data
are grouped by day of the week, on average, the download
durations are fastest on Monday (10.8 seconds) and slowest on
Tuesday (15.5 seconds); on average, the upload durations are
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fastest on Sunday (21.8 seconds) and slowest on Friday (31.6
seconds; Multimedia Appendix 3). Upload and download latency
reflected a similar, although more noisy, trend (Multimedia
Appendix 4).

Figure 8. Average download and upload durations for each hour of the day.

Discussion
Principal Findings
In this study, we developed and validated a tool designed to
assist readiness evaluation of prospective sites for the
implementation of mHealth intervention. In this study, we
utilized the Beacon app to examine mobile network performance
in and around Macha, Zambia. During this study, we observed
several key characteristics of the Macha mobile network,
including hourly variations in the network signal and spatial
distribution of the signal strength. However, we note that each
mHealth site is unique and will have its own variations in
network performance. Our results in Macha, Zambia, may be
similar to those in other low- and middle-income countries;
however, we recommend that each new site be investigated
before mHealth interventions are pursued.
The Beacon app enables spatiotemporal mapping of two of the
most practical measures of network performance: upload speed
and download speed. We acknowledge that network
performance alone does not confer mHealth readiness; however,
understanding the digital landscape of a potential mHealth
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intervention site is a critical step in assessing the feasibility of
future mHealth studies. Data collection in Beacon is fully
automated, and data are stored remotely in an easily accessible
research database. The Beacon app can detect errors in either
upload or download attempts and log them with the same
geographic and temporal precision provided for successful
attempts. The app can be readily tailored based on the needs of
researchers to customize data collection and aggregation to fit
the intervention of interest.
Beacon was tested in Macha, Zambia, and was critical in
developing a more well-rounded understanding of the mobile
landscape around this rural village. In this study, we were able
to identify the best-performing cellular network for use in
potential mHealth interventions and, in this case, validate the
anecdotal experiences of Macha residents. Although we
observed significant differences between the available networks,
variations in network performance are to be expected in any
environment. Network performance is a function of many
elements, including but not limited to the number and locations
of available cell towers, obstructions between towers (eg,
buildings), cell tower hardware, mobile unit hardware, and
current network load at a given time [29]. Many of these factors
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18413 | p.361
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
can be determined before or during testing and, combined with
Beacon verification, can further influence decisions reached by
mHealth researchers.
In addition to a comparative evaluation of multiple networks,
Beacon was used to quantitatively measure upload and download
metrics around the test site. From anecdotal experience,
download speed in Macha was observed to be faster than upload
speed, and this was confirmed during data collection. In most
scenarios, this is to be expected due to the asymmetric design
and operation of cellular networks [30]. However, despite the
increased speed of downloads compared to uploads, download
latency was observed to be higher than upload latency. This
result is counterintuitive in light of the observed trends in total
download/upload duration but may be related to the asymmetry
of network configurations. However, overall latency in both
directions was low and did not exceed the acceptable latency
for single-item transfer, which is a positive finding given the
physical distance between the mobile phone (Macha, Zambia)
and the home server (Vanderbilt University, Nashville, TN)
[31].
Even the simple raw data from Beacon can be transformed into
more information-dense results; for instance, data can be
grouped temporally (by time of day and day of week). We saw
no discernible trend for upload or download speed based on the
day of the week; however, the hourly data did appear to correlate
with times of high human activity in the catchment area.
Between approximately midnight and 6 AM, upload and
download durations were at their lowest level, and they began
to increase between 6 AM and 8 AM. This is presumably related
to many people waking and beginning to use their mobile
devices. During working hours, this moderate activity remained
and continued until approximately 5 PM, when mobile phone
users leave work and more freely engage with their mobile
devices. These data are useful for mHealth interventions, as
they provide both an optimal window for large-volume data
transfer or other network activities and a proxy for when users
are on their mobile devices. Based on this information, an
mHealth implementation team may decide to schedule large
data backups in the early hours of the morning, when the burden
on the local network is low and it would thus be more capable
of high-capacity use; they may also decide that lightweight SMS
text message interventions will be more successful at times of
higher network activity.
The spatial resolution of Beacon is also a strength for mHealth
researchers who are planning interventions. Plots of signal
strength mapped over topographical or satellite images can help
visualize the digital landscape and can be useful to denote
strength based on distance from landmarks such as cell towers,
hospitals, and airports. This, in turn, can help inform researchers
interested in implementing both localized and broadly spaced
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interventions. Further collaboration between mHealth
researchers, local municipalities, and internet service providers
could enable the use of these data to inform strategic
infrastructure improvements.
As mentioned previously, users were not provided any
instructions regarding the frequency of data collection. Among
the strengths of the Beacon app are that it can be easily powered
on and off and that the frequency of data collection can be
adjusted over a broad range. While high-frequency data
collection provides more granular temporal and spatial data, it
does come at a higher overall cost. With a small file size and
at the minimum collection rate (collection every 20 minutes),
Beacon costs less than 30 kwacha per week (approximately US
$2). These operating costs would be expected to increase
proportionally with higher frequency or larger download/upload
file size; however, high spatiotemporal data can still be collected
for <US $100 per month. This potential increase in cost
experienced by varying these parameters may more closely
approximate the actual intervention at a site; therefore, it may
prove to be worthwhile to mHealth investigators when using
Beacon-based surveillance. Although we did not observe
sampling bias during this initial test, we do recognize the
potential for variable sampling frequency to introduce bias into
a preliminary study. For instance, if rolling outages were to
occur during a certain time of day in a study location and
collection frequency was increased during this time, further
analysis of sampling practices might be required to account for
the higher volume of signal errors. This requires diligent
monitoring and analysis or, as a more straightforward solution,
the implementation of a strict data collection frequency that
reflects the needs of the planned mHealth intervention.

Conclusions
Health care remains a considerable challenge in many parts of
the world, particularly resource-limited countries. Even without
continuous connectivity, mHealth interventions have genuine
potential to improve global health outcomes. Although many
countries have high mobile phone penetration, not all locations
are capable of supporting mHealth. The lack of infrastructure
and high costs may be prohibitive; however, proper planning
and tailoring of these interventions based on the infrastructure
available greatly increases the likelihood of success. The small
cost of piloting a short signal mapping study, such as this one,
would be negligible compared to the cost of blind
implementation of an intervention that is destined to fail. Beacon
represents a valuable mHealth tool that can help determine the
readiness of a site for mHealth interventions. By combining
temporal and spatial tags with metrics of network performance,
researchers can better understand the digital landscape around
their potential intervention site.
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Abstract
Background: Multicomponent family interventions underline current best practice in childhood obesity treatment. Mobile
health (mHealth) adjuncts that address eating and physical activity behaviors have shown promise in clinical studies.
Objective: This study aimed to describe process methods for applying an mHealth intervention to reduce the rate of eating and
monitor physical activity among children with obesity.
Methods: The study protocol was designed to incorporate 2 mHealth apps as an adjunct to usual care treatment for obesity.
Children and adolescents (aged 9-16 years) with obesity (BMI ≥98th centile) were recruited in person from a weight management
service at a tertiary health care center in the Republic of Ireland. Eligible participants and their parents received information
leaflets, and informed consent and assent were signed. Participants completed 2 weeks of baseline testing, including behavioral
and quality of life questionnaires, anthropometry, rate of eating by Mandolean, and physical activity level using a smart watch
and the myBigO smartphone app. Thereafter, participants were randomized to the (1) intervention (usual clinical care+Mandolean
training to reduce the rate of eating) or (2) control (usual clinical care) groups. Gender and age group (9.0-12.9 years and 13.0-16.9
years) stratifications were applied. At the end of a 4-week treatment period, participants repeated the 2-week testing period.
Process evaluation measures included recruitment, study retention, fidelity parameters, acceptability, and user satisfaction.
Results: A total of 20 participants were enrolled in the study. A web-based randomization system assigned 8 participants to the
intervention group and 12 participants to the control group. Attrition rates were higher among the participants in the intervention
group (5/8, 63%) than those in the control group (3/12, 25%). Intervention participants undertook a median of 1.0 training meal
using Mandolean (25th centile 0, 75th centile 9.3), which represented 19.2% of planned intervention exposure. Only 50% (9/18)
of participants with smart watches logged physical activity data. Significant differences in psychosocial profile were observed
at baseline between the groups. The Child Behavior Checklist (CBCL) mean total score was 71.7 (SD 3.1) in the intervention
group vs 57.6 (SD 6.6) in the control group, t-test P<.001, and also different among those who completed the planned protocol
compared with those who withdrew early (CBCL mean total score 59.0, SD 9.3, vs 67.9, SD 5.6, respectively; t-test P=.04).
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Conclusions: A high early attrition rate was a key barrier to full study implementation. Perceived task burden in combination
with behavioral issues may have contributed to attrition. Low exposure to the experimental intervention was explained by poor
acceptability of Mandolean as a home-based tool for treatment. Self-monitoring using myBigO and the smartwatch was acceptable
among this cohort. Further technical and usability studies are needed to improve adherence in our patient group in the tertiary
setting.
(JMIR Mhealth Uhealth 2020;8(7):e16925) doi:10.2196/16925
KEYWORDS
childhood obesity; diet therapy; mHealth; mobile phones; smartphones; appetite; satiety; rate of eating; accelerometer; physical
activity

Introduction
Background
Global prevalence rates of childhood obesity were estimated at
7.8% for boys and 5.6% for girls in 2016, and prevalence is
increasing in low-income countries and communities [1].
Interventions in childhood are critical, as children with obesity
experience a range of physical and psychosocial health issues
and are at a high risk of developing chronic disease in adulthood
[2]. Diet, physical activity, and other behavioral interventions
can be effective in terms of change in adiposity, and significant
clinically relevant metabolic benefits have been demonstrated
with a 0.25 reduction in BMI z-score [3], although meaningful
reductions in cardiometabolic markers are observed with
reductions of 0.15 [4,5]. Recent Cochrane meta-analyses of
behavior change interventions reported 12-month reductions in
BMI z-score of −0.06 units among children aged 6 to 11 years
[6] and −0.13 units (95% CI −0.21 to −0.05) in adolescents aged
12 to 17 years [7].
There is growing evidence that eating behaviors, not simply
driven by food choice, influence energy consumption, appetite,
and satiety. Fast eating is associated with high body weight [8],
and interventions to reduce the eating rate seem to enhance
weight loss [9]. Eating food quickly may contribute to blunted
responses to normal satiety signals, whereby an individual does
not respond to gastric distension and gut peptide release, so that
normal appetite suppression pathways do not function as
expected during fast eating occasions [10,11]. A reduction in
the eating rate aimed at reducing portion size and normalizing
satiety signaling has been recently studied [10-16]. A study of
adolescents aged 9 to 17 years found that an eating rate
intervention enhanced weight loss at 12 months compared with
usual care (change in BMI z-score of −0.27) [16]. Slowing
eating rate can also reduce self-selected portion size with no
reduction in postmeal satiety levels among children and
teenagers [10,13,16]. A recent review appraised a number of
commercial apps targeting appetite regulation [17].
Research-driven
interventions
include
real-time
technology-assisted tools for meal times, including utensils with
vibrotactile feedback [12,14] and Mandolean, a plate scale
measuring eating rate with real-time computer or smartphone
feedback [13,15,16]. Mandolean has shown promise for the
treatment of childhood obesity [16].
Physical activity in combination with dietary behavior change,
rather than either in isolation, is the recommended component
of interventions for childhood obesity [6,7,18]. The use of
https://mhealth.jmir.org/2020/7/e16925
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wearable accelerometers to measure physical activity is the
accepted objective means of measurement in free-living
individuals [19], which can be used to determine energy
expenditure and requirements [20], and the time spent in
high-intensity physical activity determines variation in childhood
cardiometabolic risk factors [21]. One of the advantages of
mobile health (mHealth) interventions compared with traditional
approaches is that data from monitoring tools and participant
engagement are provided objectively.
Despite improved technologies and access to mHealth tools for
the purpose of monitoring health status and implementing
interventions for health behavior change [22,23], challenges
with adherence and exposure remain [24,25]. Planned exposure,
impact, and potential outcomes are altered by participants’
interaction with study tools and technology [13,15,24]. The
importance of content, design, and testing periods with the target
group has been emphasized as a means of enhancing engagement
with mHealth apps [24,25]. Reporting process measures is
increasingly important, as they contribute to moving the field
forward and providing translational accuracy in research and
practice [26].
Interventions that improve and expand treatment options for
children with obesity are important because of challenges within
traditional clinical care, including available time and resources
that impact access for service users. mHealth tools provide
adjunctive options to standard treatment approaches and can be
beneficial for patients at home and their clinical team. However,
engagement with devices and apps can act as a barrier to
treatment [13,15,22].

Objective
The aim of this study was to determine the feasibility and
acceptability of an intervention using 2 mHealth apps among
children in the treatment for obesity in a tertiary outpatient
setting. As diet and physical activity interventions are typically
undertaken together, it was of interest to assess the acceptability
of Mandolean in addition to a physical activity monitoring tool.

Methods
Study Design
This study was conducted to determine the feasibility and
acceptability of a proposed mHealth intervention. The study
was not registered as a trial; however, a randomized design was
implemented to ascertain protocol feasibility for a proposed
randomized controlled trial. We evaluated the process of using
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2 mHealth smartphone apps among children and adolescents
receiving treatment for obesity. Feasibility measures included
recruitment rates and procedures, and retention rates. Fidelity
encompassed intervention delivery and adherence to
randomization and study procedures. Retrospective acceptability
included objective measures (engagement with smartphone
apps) and self-reported measures (system usability score surveys
and verbal feedback).

Participants
Children and adolescents (aged 9-16 years), with a diagnosis
of clinical obesity (BMI >98th percentile for age and sex),
referred to the W82GO Child and Adolescent Obesity Service
at Children’s Health Ireland at Temple Street, Dublin, Ireland,
were eligible to participate. Socioeconomic status was indicated
by the Pobal HP Deprivation Index for Small Areas [27].
Children and adolescents were required to have access to a
smartphone (phones with Android operating system version 6.0
or above were compatible with the smartwatch and myBigO at
version 0 when used in the feasibility study and both Android
and iOS were compatible with Mandolean, which did not
undergo further development during the study). Smartphone
literacy was assumed, and training was provided on study apps
by a researcher at baseline who established competency in study
tasks. Exclusion criteria included moderate or severe learning
difficulties that would prevent the use of smartphone apps or
giving informed assent, the child having a concurrent serious
medical issue, if the parent or child was not proficient in
understanding English, refusal by the child to give assent or
parents/legal guardians to give informed consent to participate
in the project, or if the child lived in Direct Provision (the system
of asylum seeker accommodation used in the Republic of
Ireland). Pregnancy and the use of medications known to affect
weight also precluded participation.

Study Procedures
Health professionals working within the obesity service
informed eligible participants about the study and provided a
patient information leaflet to parent(s)/legal guardian(s) and
their child. After 3 to 7 days, a researcher contacted the
parent/guardian by phone to answer questions and check whether
they wished to participate. Once written informed consent and
child assent were received, a study appointment was offered for
baseline assessment. A single dietetic researcher (SB)
implemented the study protocol, coordinating, and providing
communication. All participants met a researcher for scheduled
face-to-face and phone communication and were also invited
to call or email the researcher outside scheduled reviews. Study
contacts at each time point (T), modality, and actions/measures
for each contact are detailed later. At baseline, the researcher
guided participants through a practice meal of their choice
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(brought to the hospital by participants) using Mandolean
(Multimedia Appendix 1 shows a more detailed protocol). When
participants completed a meal using Mandolean, data were
available to the research team via a dedicated web-based clinical
portal (Mandobase).
At present, the Big Data Against Childhood Obesity (BigO)
project is testing the myBigO app and clinical portal [28]. The
app aims to gather behavioral data alongside measures of
environmental conditions (eg, urban built environment,
infrastructure for physical activity, food marketing) among
young people in general and an age-matched clinical cohort
with obesity. Aggregation mechanisms are being developed to
correlate population behaviors with environmental
characteristics for the purpose of highlighting priority public
health interventions [29].
All participants registered with the myBigO app and were set
up with their smartwatch at baseline and postintervention. The
default method of data synchronizing between the smartwatch
and myBigO on the smartphone was a wireless internet
connection (to avoid potential expense by using participants’
personal mobile data). To ensure that the BigO system received
regular accelerometer data, participants and their parent(s) were
shown how to check the Bluetooth and internet connection
between the smartwatch and phone, and they were asked to
repeat this process every evening. For consistency, standard
verbal, practical, and written instructions to take home were
provided to participants and their caregivers (Multimedia
Appendix 2). When participants completed a meal using
Mandolean and wore the smartwatch, the data were available
to the research team via web-based clinical portals (Mandobase
and BigO clinical portal; see Multimedia Appendix 3 for detail
of baseline and postintervention measures).

Usual Clinical Care
The W82GO Child and Adolescent Weight Management Service
is a multidisciplinary obesity service that delivers efficacious
obesity interventions [30]. Children and adolescents aged ≤16
years with a BMI >98th percentile are referred to the service
by hospital physicians based at Children’s Health Ireland at
Temple Street. On referral, children and their caregivers are
invited to a multidisciplinary clinic and undergo assessment by
a pediatric dietitian, a pediatric physiotherapist, and a pediatric
psychologist. On the basis of the needs of the child and family,
a treatment plan is developed, and patients are offered either
group-based treatment or treatment delivered in a 1:1, more
traditional outpatient setting. Treatment is family based and
was developed using contemporary scientific evidence [30].
Participants allocated to the usual care arm completed baseline
testing, followed by 4 weeks of usual clinical care and
subsequent retesting (Figure 1).
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Figure 1. Flowchart of study protocol for a mobile health randomized feasibility study for an eating behavior intervention with children (aged 9.0-16.9
years) in the treatment of obesity in a tertiary health care setting. Baseline and postintervention measures include anthropometry, questionnaires (Child
Behavior Checklist, Pediatric Quality of Life, Piers-Harris, Dutch Eating Behavior Questionnaire, and, at study end, evaluation questionnaires and
System Usability Scale [31]), rate of eating using Mandolean, and physical activity levels with the smartwatch and myBigO app.

Intervention
Mandolean was developed by the Section of Applied
Neuroendocrinology, Karolinska Institute, and Mando Group
AB, Stockholm, Sweden. It consists of a plate scale that is
wirelessly connected to a smartphone app with 2 main functions:
(1) measures the rate of eating and (2) provides the user with
visual feedback on slowing the rate of eating. The intervention
arm involved usual care with additional training to reduce the
rate of eating using Mandolean. Following randomization, the
participants assigned to the intervention group received
additional instruction on using the training functions of
Mandolean for at least one meal per day (lunch, dinner, or both)
over 4 weeks (minimum planned dose exposure: 28 meals).
Using Mandolean training functions, the patient learns to adopt
a typical pattern of eating and satiety by following the displayed
ideal rate of eating, which they aim to match. The clinician used
baseline data (usual portions sizes and rate of eating) to guide
a training meal program for the user. The training aims to teach
the patient to eat 280 to 350 g in 13 to 15 min and to perceive
a level of satiety of moderately full by the end of the meal. A
https://mhealth.jmir.org/2020/7/e16925
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full description of the Mandolean training procedures is included
in Multimedia Appendix 1. The use of Mandolean in this study
integrated a number of behavior change components, categorized
according to the behavior change technique taxonomy by Michie
et al [32], including goals and planning, feedback and
monitoring, social support, shaping knowledge, comparison of
behavior, repetition and substitutions, and antecedents
(Multimedia Appendix 4 gives the subtechniques used).

Sample Size
A sample size of 20 participants was the target, which was
considered sufficient to evaluate the process measures in this
randomized feasibility study and is in line with similar studies
[10,13].

Randomization
Using a web-based randomization service (Sealed Envelope),
participants were randomized to Mandolean eating behavior
training intervention or control group (Figure 1) by 1 researcher
(SB). Age (9-11.9 years and 12-16.0 years) and gender
stratifications were applied, and participants’ parents were
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16925 | p.369
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informed of their treatment group by phone after baseline
measurements. Participants, therefore, were aware of their study
allocation, as the intervention required exposure to new eating
behavior training. At this point, further study review
appointments were planned which are outlined in the results
section.

Outcomes
The Consolidated Standards of Reporting Trials (CONSORT)
extension for randomized feasibility studies was used to guide
transparency and quality in reporting study measures
(Multimedia Appendix 5) [33,34]. Trial process–related
outcomes measured in this study addressed (1) feasibility
(recruitment process, rates of recruitment to the study, and rates
of retention and attrition of the study arms), (2) fidelity
(adherence to randomization protocol, appointment attendance
[number, modality, and duration of study appointments], dose
delivered [study tasks planned and completed], dose received
[training exposure logged in Mandolean clinical portal], and
adherence to intervention procedures), and (3) acceptability
(participant engagement with the Mandolean app [number of
training meals completed], participants’ engagement with the
BigO physical activity monitoring app [volume of data
collected], and scores from the system usability scale [SUS]
questionnaires [31]).

Data Analysis
Statistical methods for quantitative measures included
descriptive frequencies and standard t test comparisons between
intervention and control groups and completer and noncompleter
groups for baseline age, anthropometry, and questionnaire
scores. Qualitative feedback from questionnaires and discussions
with users was analyzed for content and categories created for
the purpose of presenting key acceptability issues, challenges,
and facilitators for users and health care professionals.
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Ethics
The research protocol was reviewed by the research ethics
committee at Temple St. Children’s University Hospital and
approved on August 08, 2018 (number 18.013). A
pseudonymized patient identification coding system was
incorporated and stored in an encrypted file at the clinical site,
so that no personal patient information was shared or processed
via mHealth apps. Data collected on the apps were locally
transformed on the participants’ mobile phones, and the
transformed data, not containing identifiable information, were
transmitted and stored to the respective clinical portals (for
Mandolean and BigO).

Results
Participants
Participants were recruited between May 2018 and February
2019. Table 1 describes participants’ characteristics and baseline
assessment measures for the intervention and control groups.
A total of 63% (5/8) of participants in the intervention group
and 42% (5/12) of participants in the control group were
categorized as being below average socioeconomic status
(Multimedia Appendix 6 gives further detail). No significant
differences between the intervention and control groups were
noted for mean age, BMI, or BMI SD score (SDS). Differences
in mean total score, externalizing behavior total score, and
internalizing behavior total score for the parent-reported Child
Behavior Checklist (CBCL) were observed (Table 1). A
significantly higher score in mean baseline total T score for
CBCL was observed between those who completed the study
and those who did not, indicating more behavioral issues among
those who withdrew. Owing to the high attrition rate, completer
and noncompleter groups are also presented in Table 1.
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Table 1. Characteristics of participants in a randomized feasibility study for a mobile health eating behavior training intervention at baseline and
follow-up.
Participants’ characteristics and baseline measures

Intervention
(n=8)

Control
(n=12)

Completed the study
(n=12)

Did not complete the study
(n=8)

Male, n (%)

3 (37)

6 (50)

4 (33)

5 (63)

Female, n (%)

5 (63)

6 (50)

8 (67)

3 (37)

Age (years), mean (SD)

13.1 (2.3)

13.5 (2.3)

13.3 (2.7)

13.5 (1.5)

Baseline BMI (kg/m2), mean (SD)

31.6 (3.9)

33.2 (5.9)

32.16 (5.7)

33.1 (4.6)

Baseline BMI SD score, mean (SD)

3.02 (0.27)

3.04 (0.60)

3.00 (0.56)

3.09 (0.37)

Stage of usual care (weeks), mean (SD)

40.1 (46.2)

17.7 (16.8)

26.9 (33.1)

26.3 (34.6)

Sex

Baseline physical and psychosocial health self-report
Child or adolescent self-report questionnaire score, mean (SD)
Physical health PedsQLa [35]

74.6 (17.1)

69.1 (15.1)

70.5 (17.6)

72.3 (13.3)

Psychosocial health PedsQL

49.0 (24.87)

64.7 (20.5)

63.3 (19.5)

51.2 (27.5)

DEBQb external eating [36]

1.58 (0.72)

2.00 (0.62)

2.00 (0.56)

1.58 (0.79)

DEBQ emotional eating score

1.29 (0.76)

1.50 (0.53)

1.63 (0.61)

1.09 (0.52)

DEBQ restrained eating score

1.91 (0.81)

2.03 (0.30)

2.08 (0.30)

1.84 (0.79)

Parent self-report questionnaire score, mean (SD)

a

CBCLc,d,e total T score [37]

71.7 (3.1)

57.6 (6.6)

59.0 (9.3)

67.9 (5.6)

CBCL externalizing behavior T scoref

67.8 (4.7)

57.2 (7.8)

58.2 (7.5)

65.0 (8.7)

CBCL internalizing behavior T scoreg

64.3 (6.2)

53.8 (8.5)

56.1 (9.5)

60.3 (9.2)

PedsQL: pediatric quality of life.

b

DEBQ: Dutch eating behavior questionnaire.

c

CBCL: Child Behavior Checklist.

d

CBCL total T score. Intervention group versus control group: t test for equality of means, equal variances assumed P<.001.

e

CBCL total T score. Completed the study group versus did not complete group: t test for equality of means, equal variances assumed P<.04.

f

CBCL externalizing T score. Intervention group versus control group: t test for equality of means, equal variances assumed P=.02.

g

CBCL internalizing behaviour T score. Intervention group versus control group: t test for equality of means, equal variances assumed P=.01.

Feasibility: Rate of Recruitment
Children and adolescents were recruited between June 2018
and January 2019. One strategy of recruitment, which involved
offering patients and their families study recruitment packs at
their first multidisciplinary assessment appointment for the
obesity service, was discontinued during the feasibility study.
Families reported mixing up the recruitment pack with usual
care information received on the same day and had not read the
study information by the time the researcher contacted them
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some days later by phone. Instead, a researcher or clinician
provided a 5-min information session and study information
pack to parents and their children when they were established
within the service and followed up with a phone call 3 to 7 days
later. In total, 72 eligible parent-child dyads took recruitment
packs for the study, and 33% (24/72) signed informed consent
to participate. Following this 28% (20/72) attended for the first
study appointment (Figure 2 shows participant flow through
the study).
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Figure 2. Consolidated standards of reporting trials diagram for pilot randomized trials.

Feasibility: Retention and Attrition
A total of 25% (3/8) of participants in the control arm and 63%
(5/12) of participants in the intervention arm withdrew early.
Characteristics, participation levels, and feedback from children
and adolescents who dropped out of the feasibility study before
completion are presented in more detail in Multimedia Appendix
7.

Fidelity: Adherence to the Randomization Protocol
The web-based randomization process resulted in males being
underrepresented in the intervention group.
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Fidelity: Appointment Attendance
Intervention participants attended study appointments in addition
to usual care (Table 2). There was good adherence to planned
face-to-face appointments at time point 1 (T1); however, there
was mixed adherence thereafter, with the exception of phone
reviews provided by the researcher. The time allocated to the
study appointments was appropriate. Illness, school and family
commitments, competing appointments at the hospital, and
living a long distance from hospital (as perceived by families)
were barriers to attending appointments. Final reviews were
completed by phone for 3 families who lived at a distance to
the hospital to minimize absenteeism from school/work.
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Table 2. Fidelity with planned actions and measures at each time point.
Actions and measure

Time point
T1 (week 0)

T1a (T1+1
week)

T2 (T1+2
weeks)

T2a (T1+4
weeks)

T3 (T1+6
weeks)

T4 (T1+8
weeks)

Planned mode

In person

Phone

Phone or in
person

Phone

In person

In person

Mode adherencea, n (%)

20 (100)

16 (80)

17 (85)

12 (60)

8 (40)

9 (45)

Time allocated, min

60

15

30

15

30

30

Time allocated adherencea, n (% of those who attended) 17 (85)

16 (100)

16 (94)

12 (100)

7 (88)

9 (100)

Smartwatch and myBigO setupa, n (%)

12 (60)

5 (25)

1 (5)

N/Ab

6 (30)

N/A

Mandolean app installation and baseline meal demon-

16 (80)

N/A

N/A

N/A

N/A

N/A

Mandolean intervention training meal demonstration
(n=8), n (%)

N/A

N/A

4 (50)

N/A

N/A

N/A

Intervention verbal instructions (n=8), n (%)

N/A

N/A

5 (63)

N/A

N/A

N/A

Intervention standard instructions (n=8), n (%)

N/A

N/A

5 (63)

N/A

N/A

N/A

Anthropometrya, n (%)

15 (75)

N/A

N/A

N/A

N/A

9 (45)

Sociodemographic dataa, n (%)

20 (100)

N/A

N/A

N/A

N/A

N/A

Dutch eating behavior

19 (95)

N/A

N/A

N/A

N/A

N/A

Piers-Harris

19 (95)

N/A

N/A

N/A

N/A

N/A

Child behavior checklist parental questionnaire

19 (95)

N/A

N/A

N/A

N/A

N/A

Pediatric quality of life

19 (95)

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

11 (55)

a

stration , n (%)

Questionnaires, n (%)

Mobile health app usability questionnaires, n (%)
a

Adherence to planned protocol expressed as % of 20 participants recruited to study at baseline unless otherwise indicated.

b

N/A: not applicable at given time-point.

Fidelity: Dose Delivered and Adherence to Intervention
Procedures
Table 2 shows adherence to intervention protocols at each time
point. The reasons for an incomplete smartwatch setup at T1
included an incompatible smartphone (n=5), the parent could
not remember personal account password to complete syncing
with the app (n=2), and insufficient time (n=1). In total, 5
patients took written instructions for smartphone installation at
T1 and completed the process at home on a compatible
smartphone belonging to another parent or sibling. Two patients
did not complete the Mandolean setup at T1 because of patient
time constraints, and this was planned for time point 2 (T2),
which was completed with 1 participant, and the other did not
attend T2 or subsequent appointments. Two patients did not
complete questionnaires at baseline, because of lack of time,
and were asked to return by post or at the next appointment, of
which 1 set was returned.
In terms of intervention implementation, of 8 patients
randomized to Mandolean treatment, 4 received demonstration
and instructions by the researcher in person; 1 patient was
provided with instructions over the phone and written
instructions by post, and 3 patients did not attend T2 to
commence training (Table 2).
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Fidelity: Dose Received
Smartwatch and myBigO Apps
An early version of the myBigO app used here (which accessed
accelerometer data via smartwatches) was compatible with
Android operating systems 6.0 and above. Of the 18 children
set up with smartwatches at baseline, 11 were connected to
parents’ phones, 1 was connected with a sister’s phone, and 6
children and adolescents used their own phones. Available data
from the BigO system indicated that of the 18 smartwatch setups
with myBigO, 50% (9/18) of participants contributed some data.
Of those who contributed data, the range was highly variable
from 0.3 to 9.2 days (mean 1.6, SD 2.9 days; median 0.2; IQR
2.0). Two participants did not wear the smartwatch at all after
the baseline setup (one because of illness and the other was
self-conscious about wearing at school) and subsequently
dropped out. Two parents deleted the myBigO app at some point
during the study (one because of lack of space on the phone and
the other because the father thought the child was no longer
using the watch/app). One child did not live with the parent
who had myBigO and the smartwatch setup with a compatible
smartphone and, as a result, did not synchronize regularly.
Attrition (n=8), poor attendance at time point 3 (n=2), technical
challenges resynchronizing watch to phone (n=3), and strap
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breaking (n=1) were reasons for low usage postintervention. In
addition, self-reported days wearing the watch among users at
the postintervention stage was highly variable. Two patients
reported sensory issues and disliked wearing the watch. A short
battery life and forgetting to charge or wear were commonly
reported by patients for not wearing as advised.

Mandolean
All participants completed at least one Mandolean baseline meal
that measured their rate of eating. Three participants completed
1 baseline meal with the researcher at the hospital canteen and
did not complete any at home. The remaining participants
successfully completed some baseline measurement meals at
home, with a range of usage (2-19 meals). Participants’
engagement with Mandolean and exposure to the planned
intervention are presented in Table 3.

Table 3. Summary statistics for the use of Mandolean device at baseline (all participants), intervention phase (intervention only), and postintervention
(all participants).
Variable

Baseline meal frequency

Training meals frequency

Postintervention meals frequency

Number children/teenagers, n (%)

20 (100)

8 (40)

12 (60)

Mean (SD)

5.7 (5.2)

5.4 (9.2)

4.6 (5.2)

Median

5.0

1.0

3.5

25th centiles

1.3

0.0

0.5

75th centiles

9.0

9.3

7.8

Mean meals as percentage of planned meals

56

19

46

Unsuccessful meal attemptsa, mean (SD)

1.2 (2.1)

0.5 (0.9)

1.0 (0.8)

a

Unsuccessful meal attempts were meals initiated and therefore registered on the clinical portal system, but ultimately did not record the rate of eating
successfully.

Of the 8 participants allocated to the intervention training, 5
received training instructions and 3 did not engage with the
training component. One participant subsequently dropped out
of the study before training commenced; therefore, the final
number of participants exposed to intervention training meals
was 50% (4/8 of those randomized to training). Exposure at an
individual level represented 7% (2/28 planned meals; male aged
12.3 years), 14% (4/28 planned meals; female aged 9.5 years),
39% (11/28 planned meals; female aged 15.2 years), and 93%
(26/28 planned meals; female aged 11.6 years) of planned
intervention.
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Acceptability
Participants’ Engagement With Mandolean and the
BigO Physical Activity Monitoring App
The findings relating to the dose received presented earlier
indicated poor acceptability as measured through active
engagement among users.

Self-Report Acceptability Measure: System Usability
Scale
The mean SUS score results are illustrated in Figure 3. A score
of 68 or greater is considered acceptable when assessing the
user experience of technology [31]. Mandolean did not achieve
a mean greater than 68 for the total group or within any
subgroup, and the smartwatch achieved a mean of 68 or greater
for all groups. A more detailed table of results is presented in
Multimedia Appendix 8.
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Figure 3. Bar chart showing participants’ postintervention System Usability Scale scores for Mandolean and smartwatch for the total (n=11), intervention
(n=4), and control (n=7) groups.

Acceptability: Qualitative Feedback From Participants
and Their Parents
Qualitative feedback from participants and their parents was
categorized for each piece of technology. The main barriers to
using Mandolean were (1) connectivity issues; (2) difficult,
awkward, or time consuming to set up, which interfered with
family meal times; (3) incompatible with family routine (ie, no
regular family meal times, summer holidays, or parental shift
work); and (4) forgetting to use. A small number of children
and parents reported becoming more aware of their speed of
eating as a result of using Mandolean. Most participants enjoyed
wearing the watch, liked the timekeeping function, and
self-monitored their daily activity levels. The main drawbacks
noted were (1) a short battery life, (2) sensory issues and finding
the watch uncomfortable, and (3) feeling self-conscious at
school. Participants’ quotes and more details are presented in
Multimedia Appendix 8.

Discussion
Principal Findings
We conducted a study to determine the feasibility and
acceptability of a proposed intervention using 2 mHealth apps
among children and adolescents being treated for obesity. The
study process was documented thoroughly, and based on the
observed results, we concluded the need for further technical
usability testing in this population. A slow recruitment rate,
high attrition rate, and low fidelity with planned interventions
https://mhealth.jmir.org/2020/7/e16925
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were the key outcomes informing feasibility. Greater
psychosocial issues among the intervention and noncompleter
groups, observed in the baseline behavioral questionnaire
(CBCL), were also noteworthy in this cohort. Although we
cannot imply causality about the effect on study engagement
or attrition, this finding provides important contextual
background about individual and group characteristics, which
may have contributed to suboptimal usage of mHealth tools at
home.
In terms of delivering study components, we found realistic
time points and modes of delivery. Poor fidelity with
participants’ exposure to intervention components, in particular,
the low number of participants randomized to the intervention
who attended the necessary training, and the low level of
engagement with training meals on Mandolean were the primary
barriers to intervention implementation. Adherence with the
smartwatch set up at baseline was for the majority achieved,
whereas fidelity postintervention was problematic because of
attrition and nonattendance for reviews.
We considered the high attrition rate as a signal of poor
acceptability of the intervention, particularly when a greater
number of intervention arm participants opted to leave the study
before completion. The poor rating of Mandolean on the SUS
scores provided further evidence. In contrast, positive feedback
about using and understanding the smartwatch and the myBigO
app was received. Despite the acceptability of the smartwatch,
the wide range of exposure levels is suggestive of underlying
barriers that need to be understood if we are to maximize
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adherence to mHealth adjuncts to clinical care. Sekhon et al
[38] proposed acceptability as multifaceted to include the
following 7 component constructs: affective attitude, burden,
perceived effectiveness, ethicality, intervention coherence,
opportunity costs, and self-efficacy. Applying these constructs
to our SUS and qualitative findings, we suggest that technical
difficulties, perceived awkwardness, and time cost associated
with using Mandolean contributed to a negative attitude among
participants and their parent(s). These, in turn, possibly
contributed to feelings of high burden and low confidence in
completing the required study tasks. There is also the possibility
that the perceived burden associated with Mandolean affected
overall study task adherence, including the smartwatch and
myBigO.

Comparison With Prior Work
Our study with Mandolean differs from previously published
work in 2 technical ways: (1) we used a new mobile tool, with
a smartphone app interface for Mandolean, whereas others
plugged it into a computer [15,16], and (2) we had access to
objective engagement data from a clinical portal facility that
was not available for an earlier clinical study [16]. Compared
with a community-based feasibility study that reported process
measures, we had an older cohort (9-16.0 years vs 6-11.0 years),
we recruited in the hospital setting, and we also incorporated
an additional mHealth tool to measure physical activity levels
[15]. Intervention exposure in a more recent study using
smartphones mirrored our findings that engagement with
Mandolean meals at home among adolescents varied
considerably within the intervention group from 5 to 80 meals
(median 28 meals), out of a planned 1 meal per day for 6 months
[13]. A study of younger children found that just 19% achieved
the minimum expected usage of 5 meals per week with
Mandolean [15]. These studies and others [39] reported
engagement issues among children and adolescents when
mHealth apps are considered burdensome.
Individual factors contributing to poor adherence with wearing
the smartwatch that we found, including early attrition, sensory
issues, forgetting to charge, forgetting to wear, and feeling
self-conscious, are similar to other studies using wearable
devices with young people. Although rigorous research with
smartwatches as activity trackers is in its infancy in comparison
with traditional accelerometers [40], some of the same adherence
issues may apply. For example, Jago et al [41] reported
considerable variability in adhering to a 7-day accelerometer
among children, finding that parents would forget to put on the
accelerometer, some children found it uncomfortable, and some
were self-conscious about wearing it at school; however, others
were excited or interested in wearing it. We found similar
barriers among our older group and facilitators among younger
participants. Research with a commercial fitness tracker among
adolescents with obesity reported a discontinuation rate of 68%
before the end of the study that was linked to barriers to physical
activity not being addressed by a tracker, seasonality, feelings
of activity incompetence, and gradual withdrawal of parental
and clinical support [42]. Our finding that high acceptability of
a smartwatch does not translate to adherence is also reported
by Phan et al [42]. The physical activity self-monitoring tool
available on the smartwatch screen in our study was cited by a
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number of children and parents as a benefit because they were
trying to increase their activity levels. Formal integration of
recognized and important behavioral change techniques for
self-monitoring and goal setting [32] could be maximized for
future studies with research-led apps such as myBigO and
smartwatches. Retention in clinical research, however, is
challenging, and we note that a two-fold study initiation rate
may be required to achieve meaningful physical activity data
for clinicians treating children in treatment for obesity.
Although withdrawal of 63.5% of participants in the intervention
arm here is considerably higher than that in previous studies
using Mandolean [13,15,16], the psychosocial profile of
participants has not been described by others. Therefore, we
cannot assume that participants were similar across published
trials. The most comparable health care setting and age group
to our own is the study by Ford et al [16]. They demonstrated
high compliance with the intervention, particularly among the
Mandolean arm, with 83% of participants attending all study
appointments. High-intensity contact (14 appointments in 12
months) was reported as a facilitator of retention [16].
Meta-analyses in the wider electronic health (eHealth) literature
show attrition rates of 12% to 29% [43]. Attrition can depend
on a range of factors known to be influential in clinical care
(eg, school absenteeism, dissatisfaction with care components,
demographic factors) [44-46], in addition to factors influencing
dropout from eHealth-specific interventions (eg, registration
requirements and male gender) [47-49]. One unique aspect of
this study was the combination of 2 mHealth tools for measuring
both dietary behavior and physical activity. Our attrition rate,
therefore, may not be informative for all mHealth interventions
with children and adolescents but certainly contributes insight
where high participant engagement is expected among groups
with complex health and psychological needs.
The predominant technical issues identified were difficulty
connecting scale to phone, Mandolean failing to recognize the
plate when weighing out food, and loss of connection midmeal,
which others also report as a barrier to compliance at home
[13,15]. User experiences such as annoying, cumbersome, and
time consuming reported by Hamilton-Shield et al [15] reflected
the feedback from our participants, despite using an updated
mobile app version of Mandolean. We also found a number of
other practical challenges similar to Hinton et al [13], including
child impatience during setup, interruption of the flow of family
mealtimes, difficulty with the portion size limit for training
meals, and forgetting to use. A minority of parents in this study
reported more positively that children adapted quickly to the
routine of using Mandolean at mealtimes, particularly younger
participants. In contrast, parents whose teenagers withdrew from
the study early would have preferred them to complete the study.
In a community study, by 4 to 10 weeks, some children lost
interest, and a few parents were tired of using the Mandolean,
particularly setting up, dishing food onto a plate, and weighing
food [15]. Although their trial was a longer duration, we found
that these reactions were evident earlier (from 2 weeks onward)
and, in some cases, contributed to early withdrawal from the
study.
Higher behavioral problems among the intervention group at
baseline appeared to be a random outcome of allocation. The
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subsequent high attrition within the group suggests that
psychosocial issues in combination with the intervention burden
discussed earlier may have played a role in early attrition. The
reasons for attrition among children with obesity vary in the
intervention literature. Some interventions report no differences
between completers and noncompleters for behavior measures
using CBCL [50,51]. Others have shown that the social
competence of children aged 8 to 14 years who are overweight
or obese, defined using the CBCL, was one of a number of
predictors (including lower baseline weight and Caucasian
parents) of BMI SDS reduction following a 12-month
intervention [45]. Behavioral problems in children from
disadvantaged areas have been linked to adherence in other
conditions such as type 1 diabetes [51]. Behavioral problems
are associated with a high risk of overweight and obesity among
children, independent of other risk factors such as parental
obesity, education, poverty, and race [52,53]; therefore, we
expected to find behavioral issues among a substantial number
of our participants. Participants here may not be representative
of the general population of children and adolescents with
obesity for a number of potential reasons, including obesity
severity that prompted a referral to the specialist pediatric
service, varying motivation depending on the stage of treatment,
and interest in joining research studies based on health status.
Although patients with known behavioral disorders were
ineligible for participation in this study, a self-report tool at
baseline assessing psychosocial and behavioral issues detected
underlying behavioral issues that may have affected children’s
ability to partake fully in research tasks (and hence treatment
tasks). On the basis of this experience, we recommend
multidisciplinary baseline assessments to include behavioral
measures for similar adjunct interventions with children
receiving treatment for obesity.
This is the first published study in which myBigO with a
smartwatch was incorporated into an intervention in a clinical
setting. The process outcomes provide some lessons for future
research and practice. To fully describe the feasibility phase
process, we included all participants who attended a baseline
appointment. The slow uptake and early attrition observed
indicates that children in treatment for obesity may require
greater choice or flexibility in how they contribute data and
benefit personally from participation. Different approaches to
recruitment and deployment need to be explored with different
subgroups, including those with psychosocial or behavioral
issues and different age groups (children vs early adolescents
vs midadolescents), as they have varied motivations. Greater
self-monitoring functionalities and reminders to charge and
wear smartwatches may also improve adherence based on
barriers reported. Given our challenges with a postintervention
accelerometer period, one unbroken smartwatch exposure may
be more realistic and preferable among children in treatment
for obesity, reducing the need for extra face-to-face review
appointments. However, clinicians wishing to observe behavior
pre- and postintervention may wish to examine the feasibility
of a longer intervention period in which participants would have
time to implement and monitor goals based on baseline
measures.
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Limitations
This is a feasibility study with a small sample size and short
intervention period. Recruitment was limited to children and
adolescents attending 1 specialist pediatric obesity program,
which may have limited recruitment rate and introduced
population bias in terms of obesity severity and associated
complications and participant motivation to participate in the
research. The recruitment rate was also delayed at the study
outset by the implementation of the General Data Protection
Regulation in the European Union and Irish interpretation of
the regulation for the purposes of health research. Poor
adherence to treatment was evident at early stages; therefore, a
longer intervention with Mandolean was unlikely to add
additional benefit or knowledge in this group. The intervention
group received additional training on Mandolean that the control
group was not exposed to which heightened awareness about
behaviors of interest and combined with task burden could well
introduce unknown biases. A more structured and validated
technical usability study may be of benefit to further understand
the challenges children and their families face in using the
mobile Mandolean system. Although the SUS has been used
previously to evaluate adult user experience with wearable
devices [54], the survey has not, to our knowledge, been
validated in a pediatric population. However, it has advantages
for use with children, as it is short and uncomplicated. It is
suitable for use with small samples, provides space for
comments, and a final score can be interpreted with an
established reference standard. The smartwatch with myBigO
was in the first stage of feasibility testing in this cohort, and, as
such, the technology will continue to be developed based on
users’ needs. The attrition and engagement measures should be
interpreted in the context of a feasibility study with 2 mHealth
apps aimed at children with obesity and, as such, not indicative
of the performance of either tool used in isolation.

Conclusions
Our study explored the process outcomes of using mHealth
tools in an obesity treatment study and highlighted challenges
and opportunities related to feasibility, fidelity, and
acceptability. By transparently reporting feasibility using the
CONSORT extension guidance [33], we reported potential
challenges for mHealth interventions among children with
obesity. mHealth interventions are rapidly progressing; however,
we need to be cautious in terms of efficacy, burden to
participants, and our responsibility to identify vulnerable
subgroups at baseline. Challenges include task burden and
adherence to complexity in mHealth systems recommended for
use at home, particularly among families experiencing
behavioral issues. The opportunities noted here include high
acceptability of a self-monitoring physical activity system where
data are shared between patients and healthcare workers.
Children with obesity attending treatment have complex needs
and, given health service limitations, would benefit from
adjuncts to traditional treatment that can be implemented outside
of clinical settings. Additional technical and usability studies
are recommended to improve our understanding of adherence
to treatment.
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Abstract
Background: The use of patient-reported outcomes (PROs) allows for patient-centered, measurable, and transparent care.
Electronic PROs (ePROs) have many benefits and hold great potential to improve current usage of PROs, yet limited evidence
exists regarding their acceptance, usage, and barriers among rheumatologists.
Objective: This study aims to evaluate the current level of acceptance, usage, and barriers among German rheumatologists
regarding the use of ePROs. The importance of different ePRO features for rheumatologists was investigated. Additionally, the
most frequently used PROs for patients with rheumatoid arthritis (RA) were identified.
Methods: Data were collected via an online survey consisting of 18 questions. The survey was completed by members of the
Working Group Young Rheumatology of the German Society for Rheumatology (Arbeitsgemeinschaft Junge Rheumatologie der
Deutschen Gesellschaft für Rheumatologie [DGRh]) at the 2019 annual DGRh conference. Only members currently working in
clinical adult rheumatology were eligible to complete the survey.
Results: A total of 119 rheumatologists completed the survey, of which 107 (89.9%) reported collecting PROs in routine practice
and 28 (25.5%) already used ePROs. Additionally, 44% (43/97) were planning to switch to ePROs in the near future. The most
commonly cited reason for not switching was the unawareness of suitable software solutions. Respondents were asked to rate the
features of ePROs on a scale of 0 to 100 (0=unimportant, 100=important). The most important features were automatic score
calculation and display (mean 77.50) and simple data transfer to medical reports (mean 76.90). When asked about PROs in RA,
the respondents listed pain, morning stiffness, and patient global assessment as the most frequently used PROs.
Conclusions: The potential of ePROs is widely seen and there is great interest in them. Despite this, only a minority of physicians
use ePROs, and the main reason for not implementing them was cited as the unawareness of suitable software solutions. Developers,
patients, and rheumatologists should work closely together to help realize the full potential of ePROs and ensure a seamless
integration into clinical practice.
(JMIR Mhealth Uhealth 2020;8(7):e18117) doi:10.2196/18117
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Introduction
Patient-Reported Outcomes in Rheumatology
In order to effectively monitor treatment outcomes, it is crucial
to include the patient’s perspective. As quality of life reported
by patients and clinical assessment by physicians can have
divergent results [1], unaltered, direct patient-reported outcomes
(PROs) have become an integral part of today’s clinical routine
[2,3] and play a crucial role in clinical studies [4]. The use of
PROs allows patient-centered, measurable, and transparent care
[3,5]. Various PROs have been established to reflect the
individual’s perceived state of health [6]. There are
disease-specific PROs, such as the rheumatoid arthritis disease
activity index [7], or more general PROs, such as the Health
Assessment Questionnaire Disability Index (HAQ-DI) [8].
Various factors, such as symptom severity, physical status,
patient satisfaction, and disease-specific comorbidity affect
PROs and can be reported. PROs also make it possible to
monitor symptoms (eg, fatigue or depression) that are otherwise
difficult to measure but play a decisive role in patients’ quality
of life [9].

Treat-to-Target Approach to Increase Therapy
Effectiveness
New and innovative therapies have significantly improved
treatment results of patients with rheumatic diseases such as
rheumatoid arthritis (RA) [10]; however, the effectiveness of
new drugs seems to stagnate [11]. To maximize treatment
effectiveness, rheumatologists must optimize other therapy
variables. For example, the window of opportunity [12], that
is, the time frame in which the treatment is most effective,
should be respected [13]. In this context, the treat-to-target
approach was developed [14]. The aim of this strategy is to
define a treatment target at therapy initiation and to closely
monitor treatment response in order to identify insufficient
treatment success and modify the therapeutic strategy as needed.
This approach represents a challenge for rheumatologists, as
resources are limited [15]. In reality, therapies are not assessed
frequently enough and, therefore, are all too often not adjusted
to the current state of the disease [16,17]. Two important reasons
for the current poor disease/treatment management are (1) the
poor access to rheumatology specialists and (2) an increasing
deficit of follow-up appointments for already-diagnosed patients.
This situation is likely to worsen due to the current shortage of
rheumatologists in Germany [18], and the trend indicates that
it will become more difficult in the future [19].

Electronic Patient-Reported Outcomes on the Rise
Digitalization promises new ways to improve patient outcomes
and shape a more efficient and transparent health care
environment. Electronic PROs (ePROs) could help to realize
the treat-to-target principle on a far larger scale, as the
therapeutic outcomes can be evaluated by the patient more
frequently and in any setting.
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Currently, 49% of German rheumatologists use medical apps
in their clinical routine [20]. Various mobile apps offer ePRO
services [21,22]. ePROs have the potential to save valuable time
and money, as no manual digitization and calculation are
required.
Furthermore, ePROs can be recorded anywhere and anytime.
Patients can receive reminders to complete the ePROs, which
would help reduce the risk of patients being lost to follow-up
or failing to complete questionnaires.
Additionally, data would only be collected during disease
flare-ups (ie, when patients need to consult their
rheumatologists); however, ePROs could also be collected on
a regular basis (eg, biweekly) in order to establish benchmarks.
These data would enable rheumatologists to differentiate more
precisely between a disease flare-up and a general insufficient
response to treatment, thereby allowing treat-to-target strategies
to be achievable on a regular basis.
The greatest advantage to digital outcome reporting is the
continuous documentation of the individual’s perceived state
of health in a standardized, transparent, and validated way.
Furthermore, if patients change physicians, they can easily send
their data to their new provider (eg, referral to in-house care).

Aim of This Study
ePROs hold great potential to improve current treatment of
rheumatic diseases; however, limited evidence exists regarding
usage in clinical practice or hurdles towards acceptance in daily
care among rheumatologists. A better understanding of the
individual interests, motivations, fears, and circumstances of
the treating physician is necessary to promote the further use
of ePROs. The aim of this study, therefore, was to identify the
current state of ePRO acceptance, usage, and barriers among
German rheumatologists.

Methods
Data were collected via a survey of members of the Working
Group Young Rheumatology (Arbeitsgemeinschaft Junge
Rheumatologie [AGJR]) of the German Society of
Rheumatology at the 2019 annual German Society of
Rheumatology conference in Dresden, Germany. The web-based
survey was created using SurveyMonkey (SurveyMonkey Inc).
The survey was conducted via iPad (Apple Inc) at the AGJR
congress booth. Only clinically active adult rheumatologists
were asked to complete the survey. Prior to the conference, a
task force consisting of AGJR members designed the
questionnaire in a web-based consensus meeting after initial
individual research of the current literature. Each individual
reported the results of their respective deliberations and
presented points assessed in the questionnaire that included
proposals for the wording of individual questions. In total, 18
questions were formulated assessing acceptance, usage, and
barriers concerning ePROs among German rheumatologists.
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Results
In total, 724 members of the German Society of Rheumatology
joined the conference and 119 adult rheumatologists participated
in the survey. Of the 119 participants, 68 (57.1%) were male
and 51 (42.9%) were female. Of the age makeup, 16 of 119
(13.4%) participants were aged between 20 and 30 years; 41
(34.4%), between 30 and 40 years; 23 (19.3%), between 40 and
50 years; 25 (21.1%), between 50 and 60 years; and 14 (11.8%),
older than 60 years.

Krusche et al
A total of 43 of the 119 (36.1%) participants were residents and
76 (63.9%) were consultants. Of the 43 residents, 35 (81%)
were working in a university hospital, 6 (14%) were working
in a private or state hospital, and 2 (5%) were employed in a
private medical office. Of the 76 consultants, 26 (34%) worked
at a university hospital, 21 (28%) worked in a private or state
hospital, and 29 (38%) worked in a medical office. These
characteristics can be seen in Table 1.

Table 1. Characteristics of the respondents.
Characteristics

Respondents, n (%)

Sex
Female

51 (42.9)

Male

68 (57.1)

Age (years)
20-30

16 (13.4)

31-40

41 (34.4)

41-50

23 (19.3)

51-60

25 (21.1)

>61

14 (11.8)

Workplace
Resident
University hospital

35 (81.4)

Private or state hospital

6 (13.9)

Medical office

2 (4.6)

Consultant

26 (34.2)

Private or state hospital

21 (27.6)

Medical office

29 (38.2)

Among respondents not currently using electronic collection,
44% (43/97) reported that they planned to use ePROs; however,
33% (32/97) were still undecided, and 23% (22/97) were not
planning to use ePROs (see Table 2).
The question “Why are ePROs not used?” was answered by 68
physicians: 34% (23/68) stated that they did not know a specific
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76 (63.9)

University hospital

Of the total participants, 89.9% (107/119) used any form of
PRO daily; however, 10.1% (12/119) of respondents indicated
that they did not collect PROs at all. Of the rheumatologists
using PROs, 77.3% (92/107) of survey participants reported
that they used pen and paper–based PROs. Furthermore, 23.5%
(28/119) of respondents collected PROs electronically at each
patient appointment and 4.2% (5/119) collected PROs
electronically before patient contact.

XSL• FO

43 (36.1)

software, 12% (8/68) indicated that the introduction of a
software was too complicated, and 12% (8/68) thought the
software was too expensive. Furthermore, 18% (12/68) of
nonimplementers reported that using ePROs was too
time-consuming, 16% (11/68) reported that patients preferred
paper-based questionnaires, and 32% (22/68) stated “other
reasons” (Table 2). Regarding the question “What do
rheumatologists use PROs for in routine care?” 66.4 % (79/119)
of respondents indicated clinical decision making; 39.5%
(47/119), research; 23.5% (28/119), reimbursement; 21.8%
(26/119), internal quality monitoring; and 16.8% (20/119),
improving patient satisfaction. In addition, 5.9% (7/119) stated
that PROs were used for external quality monitoring, and 8.4%
(10/119) stated that they were collected but offered no further
value (Table 2).
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Table 2. Participant responses to 4 questions.
Question and answers

Responses, n (%)

Are you planning to use ePROsa?
Yes

43 (44.3)

No

22 (22.7)

Undecided

32 (33)

Why not?b
No software

23 (33.8)

Implementation too complicated

8 (11.8)

Patients prefer paper

11 (16.2)

I prefer paper

2 (2.9)

Expansive software

8 (11.8)

No proven benefit

1 (1.5)

No need

4 (5.9)

Requires too much time

12 (17.6)

Other reasons

22 (32.4)

What do you usually use PROsc for?b
No usage

10 (8.4)

Clinical decisions

79 (66.4)

Research

47 (39.5)

Internal quality management

26 (21.9)

External quality management

7 (5.9)

To increase patient satisfaction

20 (16.8)

Reimbursement reasons

28 (23.5)

Other reasons

7 (5.9)

Do you have access to the following information before patient contact?b

a

Total score of the recorded PROs

36 (30.3)

Prevalues

67 (56.3)

Histograms

11 (9.2)

Neither

40 (33.6)

ePROs: electronic patient-reported outcomes.

b

Multiple answers were possible.

c

PROs: patient-reported outcomes.

The most frequently used PROs for patients with RA were pain,
morning stiffness, and patient global assessment, as seen in
Figure 1.
In regards to reviewing the results of PROs, 16.8% (20/119) of
respondents stated that they never review the results of the PROs
before a patient consultation, 29.4% (35/119) stated that they
review them sometimes, 31.1% (37/119) stated that they review
PROs often, and 22.7% (27/119) claimed to review PROs before
every patient visit.
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Furthermore, rheumatologists were asked to specify why PROs
were not always reviewed. This question was answered by 96
of the 119 (80.6%) participants, and multiple answers were
possible. A total of 67% (62/93) of respondents said that this
was due to lack of time, 27% (25/93) indicated that PRO results
were often not available before the patient appointment, 15%
(14/93) answered that the PROs were incompletely answered
by the patient, and 12% (11/93) indicated that they trusted their
own judgement more than the patient’s. In addition, 12% (11/93)
reported that the results of the PROs were often confusing.
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Figure 1. Patient-reported outcomes being used in clinical practice and their respective frequency. EQ-5D: EuroQol Five-Dimensional Questionnaire;
FACIT-F: Functional Assessment of Chronic Illness Therapy-Fatigue; FFbH: Funktionsfragebogen Hannover; HAQ-DI: Health Assessment Questionnaire
Disability Index; PGA: patient global assessment; RAID: Rheumatoid Arthritis Impact of Disease; RAPID-3: Routine Assessment of Patient Index
Data 3; RAQoL: Rheumatoid Arthritis Quality of Life; SF-36: Short Form-36.

We further investigated whether doctors have access to the total
score of all recorded PROs, previous PROs, or a histogram of
prior values. In total, 30.3% (36/119) of respondents had access
to the total score of the recorded PROs, 56.3% (67/119) had
access to the previous values of the PROs, 9.2% (11/119) had
access to histograms of the PROs, and 33.6% (40/119) did not
have access to this information (Table 2). Furthermore, 86.6%
(103/119) of rheumatologists reported that their patients did not
have access to the results of their PROs. Additionally, we asked
how often rheumatologists discussed the results of the PROs
with their patients, on a scale of 0 (least often) to 100 (most
often), and the mean score was 38.05 (SD 30.57).

Furthermore, the importance of different ePRO functions was
analyzed on a scale of 0 to 100. Graphic display of the ePROs
was rated with a mean score of 63.50 (SD 31.19). The
respondents rated a simple data transfer (eg, from a digital
source to the practice’s computer system) a mean score of 76.90
(SD 30.07). Regarding an automatic notification to the physician
if a critical threshold value of the ePROs was exceeded, the
mean importance was 51.65 (SD 33.5). The notification of the
patient if a critical threshold value was exceeded was rated a
mean score of 34.55 (SD 30.61), as seen in Table 3.

Table 3. Rating of 6 subjects from 0 (lowest agreement) to 100 (highest agreement).

a

Question

na

Mean (SD)

In how many cases do you discuss the PROb results with your patients?

119

38.05 (30.57)

How important would the graphic display of ePROsc be to you?

119

63.50 (31.19)

How important would the automatic score calculation and display of ePROs be to you?

119

77.50 (27.64)

How important would the simple transfer of the ePROs to medical reports be to you?

119

76.90 (30.07)

How important would an automatic notification to yourself be for you if a critical threshold is exceeded by an ePRO? 119

51.65 (33.50)

How important would an automatic notification to the patient be for you if a critical threshold is exceeded by an
ePRO?

34.55 (30.61)

119

Number of participants who responded to the question.

b

PRO: patient-reported outcome.

c

ePROs: electronic patient-reported outcomes.

Discussion
Principal Findings
For the first time, this study showed that PROs are widely
accepted and used by German rheumatologists; however, it also
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indicated that the use of ePROs is lagging. Only 10.1% (12/119)
of respondents indicated that they do not use PROs at all. The
most frequently used PROs were pain (104/119, 87.4%),
morning stiffness (100/119, 84.0%), patient global assessment
(78/119, 65.5%), HAQ-DI (68/119, 57.1%), and the Hannover
functional questionnaire (Funktionalfragebogen Hannover)
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18117 | p.386
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
(62/119, 52.1%). Other validated PRO instruments, such as the
Functional Assessment of Chronic Illness Therapy-Fatigue
(FACIT-F) were rarely used (27/119, 22.7%). Compared to a
previous European survey in 2008 [23], the percentage of
rheumatologists in Germany who never use specific PROs was
greater in 2019 than in 2008, especially among the use of the
HAQ-DI (57% vs 80%) and Short Form-36 (SF-36) (51% vs
32%). These results could have multiple causes. We speculate
that our survey consisted of more nonuniversity-based
rheumatologists (58/119, 48.7%), who tend to more seldomly
use PROs in their daily clinical practice. Interestingly, in 2019,
some rheumatologists were using PROs on a weekly basis to
allow for more continuous documentation.
The majority (92/119, 77.3%) of German rheumatologists use
the traditional pen and paper–based score evaluation, but 23.5%
(28/119) already use ePRO in clinical routine. In the future,
ePROs will play a more significant role, as 77% (75/97) plan
to implement or are undecided about implementing ePROs.
A further barrier stopping German rheumatologists from
implementing ePROs is the perception of ePROs being
time-consuming processes (12/68, 18%).
The importance of PROs for rheumatologists is reflected by the
broad acceptance and use of PROs in clinical care. Only 16.8%
(20/119) never review PROs, and the most commonly cited
reason (62/93, 67%) for not reviewing the data was a lack of
time. More than half (67/119, 56.3%) of the physicians only
have access to the last evaluated scores, and only 30.3%
(36/119) have access to the complete PRO data set.
A major finding of this study is that discussing the PRO result
with the patient was not deemed important. On a rating scale
from 0 (lowest importance) to 100 (highest importance) the
subject of discussing the result with the patient was rated as a
mean of 38.05 (SD 30.57). Additionally, 86.6% (103/119) of
the rheumatologists indicated that their patients have no access
to their PRO data at all. This indicated a lack of involvement
of the patient in therapy and a lack of transparency regarding
PROs. Patients’ access to these results and active discussion
with their rheumatologist could increase patient satisfaction,
adherence, and empowerment, and it could provide a strong
basis for better shared decision making (SDM).
The finding that only 9.2% (11/119) of the rheumatologists
surveyed have access to PRO graph scores over time, despite
the average mean score of 63.50 (SD 31.19) for the importance
of having a graphic display of the ePRO scores, highlights the
interest in this feature. Interestingly, rheumatologists in Germany
prioritize an automatic score calculation with a graphic display
over just graphically displaying the results (mean 77.50 vs mean
63.50).

Comparison With Prior Work
Our data shows a high acceptance of PROs and a lagging use
of ePROs. The high usage of traditional PROs in the process
of clinical decision making corresponds with the
recommendations of the overarching principles of the
treat-to-target concept, according to international and European
guidelines [24,25]. PROs are being declared as a main treatment
target in RA patients [26]. They are particularly important
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because objective scientific targets make little sense if the patient
has subjectively ongoing symptoms. The concept defines quality
of life as the primary therapeutic goal; therefore, the primary
use of PROs for clinical decision making provides a solid
justification for the use of PROs in a treat-to-target approach.
It was recently shown that the vast majority (96%) of patients
are willing to share mobile app data for research purposes [27].
Integration of ePROs into existing registries should be actively
pursued as a way to generate valuable primary research data
and to motivate patients to continue using ePROs [21,28-30].
The main reason for not reviewing and thereby considering the
PRO data for treatment is, according to our data, a lack of time
(62/93, 67%). The German data align very well with the data
from the United States, in which rheumatologists were asked
why they do not qualitatively measure RA metrics routinely
and 62.5% of respondents stated that a lack of time was the
reason [31]. In Israel, 73% of rheumatologists mentioned time
constraints as the reason for not implementing the treat-to-target
concept [17]. These data are interestingly independent of PRO
or clinical metric collection. One end point of future studies
should be the time saved by the physician and the patient using
ePROs compared with paper and pen–based scores. In addition
to the potential time saved by using ePROs, the concept of SDM
is an important aspect that could be achieved by continuous
patient monitoring and transparent integration of the process
into therapy management decisions. A recent study analyzing
SDM in RA patients showed that there is still room for
improvement [32]. Interestingly, PROs such as pain, morning
stiffness, and patient global assessment were much more often
compiled than others, such as SF-36, FACIT-F, or computerized
adaptive testing. That is certainly due to the simpler data
collection (fewer questions) in everyday clinical practice. Less
frequently used PROs seem to be collected in clinical trials and
have only found their way into clinical practice to a limited
degree.
A notable finding of this work is that despite PROs being
regularly compiled, a majority of respondents (103/119, 86.6%)
stated that their patients have no access to their data.
Furthermore, a need to notify patients when values exceed a
critical threshold was also given a low score of importance
(mean 34.55, SD 30.61). Whether this is also due to a lack of
time or whether the physicians trust their own judgement more
than the patient's is unclear, but potential approaches for
improving patient care can be seen in this study. ePROs could
be used as a basis for SDM. It is known that SDM increases
adherence and leads to increased patient satisfaction [33]. As
the World Health Organization states that 50% of chronically
ill patients do not take their medication regularly, adherence
and patient satisfaction play a key role in daily rheumatologic
practice [34,35].
Particularly among patients, there is great interest in PROs.
Navarro-Millán et al [36] showed a marked interest among
patients in becoming more involved in the therapy and in
collecting and sharing ePROs with their doctors when it
facilitated communication. Other publications suggest that
patients prefer entering ePROs from home [37]. Walker et al
[38] showed high correlation of clinical parameters, like the
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Simplified Disease Activity Index, Clinical Disease Activity
Index, and Disease Activity Score-44, with the Routine
Assessment of Patient Index Data 3, and a high willingness of
the patients to monitor their targets via a smartphone. The
fastest-growing group of smartphone users are older adults [39].
In Germany, 90% of patients with inflammatory rheumatic
diseases regularly use a smartphone [27]. Wearable digital
technologies enable objective, passive, and continuous ePROs.
A growing body of evidence exists that these data can efficiently
complement clinical routine procedures [40,41]. ePROs
therefore promise to facilitate the realization of the treat-to-target
approach.
Various barriers to implementing ePROs have been identified
in the survey, among them being the availability and the price
of corresponding software. Further difficulties could include
the effort of adequate staff and patient training in managing and
collecting ePROs.
Regarding the use of PROs for rheumatoid arthritis, our results
are in line with previous European results [23].

Limitations
A total of 119 physicians participated in the survey, which
represents approximately 15% of all German rheumatologists
[18]. Survey participants tended to be both younger and still in
training (rheumatology residents). A high proportion had a
university employer, and participants were more often employed
in a hospital than the German average. Therefore, the results
may be positively biased.
In Germany, PROs are financially reimbursed by the health care
system. Consequently, the proportion PROs collected is higher
than in other countries [23], and a transfer of the results to other
health systems should therefore be carried out cautiously.
Some 32% (22/68) of physicians who reported not using ePROs
stated “other reasons” for nonuse. Unfortunately, data security
issues were not specifically questioned, though it is also a
possible hurdle for the adoption of ePROs. Therefore, the
authors suggest that data security should be independently
addressed in future research projects.
This question set dealt only with the use of PROs and ePROs,
regardless of the method used to determine the outcomes (eg,
via tablet in the doctor’s office, or independently via the
patient’s smartphone). A distinct connection between the use
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of PROs and the use/implementation of the treat-to-target
concept was not independently questioned; thus, only estimated
conclusions can be made about the use of PROs for this concept.

Potential Vision for the Future
ePROs offer a great potential to overcome current health care
obstacles. Automatic score calculations, reminders, and complete
data sets save valuable time. Physicians could focus on
interpreting the results and getting a preview of the patients, as
the results are available before the consultation. In this respect,
the treat-to-target approach is not only an option but can also
easily be implemented for close monitoring and management
(ie, tight control).
An automatic warning system could alert physicians or patients
if the PROs exceed or fall below a critical threshold, thereby
allowing treatment success to be monitored automatically as a
means of supporting the patient and physician. If a patient
exceeds the threshold value, a short-term check-up with the
physician is recommended and more intensive treatment or a
change in therapy may be required. If the patient stays below a
threshold value, the next follow-up appointment may not be
required as promptly, or the medication may be tapered to allow
a more efficient use of limited resources. The recently passed
Digital Supply Act in Germany allows physicians to prescribe
digital health apps to patients, which are reimbursed by the
country’s statutory health insurance. This reimbursement for
using apps could foster the wide use of ePROs in clinical
routine, as reimbursement appeared to increase usage by almost
10% in a previous study [23].

Conclusions
Our study results suggest a high acceptance and usage of PROs
as a part of patient care in Germany. Nevertheless, some barriers
to the usage of PROs were also found to exist, in particular the
lack of time for the physician and the absence of data for prior
values.
A majority of rheumatologists plan to implement ePROs for
clinical decision making. The main barrier to implementing
ePROs is a lack of knowledge about suitable software solutions,
which matches expectations regarding ease of implementation
and price. This work provides a rationale to investigate the
effects of ePRO usage in clinical studies analyzing economic
and patient outcome as end points.
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Abstract
Background: Smartphone-based fundus imaging allows for mobile and inexpensive fundus examination with the potential to
revolutionize eye care, particularly in lower-resource settings. However, most smartphone-based fundus imaging adapters convey
image quality not comparable to conventional fundus imaging.
Objective: The purpose of this study was to evaluate a novel smartphone-based fundus imaging device for documentation of
a variety of retinal/vitreous pathologies in a patient sample with wide refraction and age ranges.
Methods: Participants’ eyes were dilated and imaged with the iC2 funduscope (HEINE Optotechnik) using an Apple iPhone 6
in single-image acquisition (image resolution of 2448 × 3264 pixels) or video mode (1248 × 1664 pixels) and a subgroup of
participants was also examined by conventional fundus imaging (Zeiss VISUCAM 500). Smartphone-based image quality was
compared to conventional fundus imaging in terms of sharpness (focus), reflex artifacts, contrast, and illumination on
semiquantitative scales.
Results: A total of 47 eyes from 32 participants (age: mean 62.3, SD 19.8 years; range 7-93; spherical equivalent: mean –0.78,
SD 3.21 D; range: –7.88 to +7.0 D) were included in the study. Mean (SD) visual acuity (logMAR) was 0.48 (0.66; range 0-2.3);
30% (14/47) of the eyes were pseudophakic. Image quality was sufficient in all eyes irrespective of refraction. Images acquired
with conventional fundus imaging were sharper and had less reflex artifacts, and there was no significant difference in contrast
and illumination (P<.001, P=.03, and P=.10, respectively). When comparing image quality at the posterior pole, the mid periphery,
and the far periphery, glare increased as images were acquired from a more peripheral part of the retina. Reflex artifacts were
more frequent in pseudophakic eyes. Image acquisition was also possible in children. Documentation of deep optic nerve cups
in video mode conveyed a mock 3D impression.
Conclusions: Image quality of conventional fundus imaging was superior to that of smartphone-based fundus imaging, although
this novel smartphone-based fundus imaging device achieved image quality high enough to document various fundus pathologies
including only subtle findings. High-quality smartphone-based fundus imaging might represent a mobile alternative for fundus
documentation in clinical practice.
(JMIR Mhealth Uhealth 2020;8(7):e17480) doi:10.2196/17480
KEYWORDS
smartphone-based fundus imaging; smartphone-based funduscopy; smartphone; retinal imaging; mHealth; mobile phone;
smartphone imaging; smartphone funduscopy; smartphone ophthalmoscope
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Introduction
Imaging of the eye using smartphones has become increasingly
popular and allows for an inexpensive and mobile fundus
examination and documentation [1,2]. Although initially the
lens needed to be held in the optical path manually [1-3],
different proprietary adapters are available now [4-7].
Smartphone-based fundus imaging can be performed based on
both direct [4,5] and indirect ophthalmoscopy [6,8-10]. Given
the low costs and great mobility, smartphone-based fundus
imaging has the potential to revolutionize eye care, especially
in lower-resource settings [11,12]. Furthermore, smartphones
allow for continuous connectivity, and hence, smartphone-based
fundus imaging might pave the way for telemedicine in
ophthalmology [13].
With the advent of smartphone-based fundus imaging, multiple
applications in ophthalmology including smartphone-based
diabetic retinopathy screening [14-20] and smartphone-based
optic nerve head evaluation [5,21,22] have become available.
In addition, smartphone-based fundus imaging has successfully
been used for documentation of hypertensive retinopathy [23]
and its utility for fundus documentation in a pediatric emergency
department has been evaluated [24]. Furthermore, direct
smartphone-based fundus imaging might have merits in teaching
medical students and other health care trainees fundus
examination as it seems much easier to understand and master
than conventional direct funduscopy [25,26].
Here, we evaluated a novel, high-quality optics adapter for
smartphone-based fundus imaging in single-image acquisition
or video mode for documentation of a variety of retinal/vitreous
pathologies in a patient sample with wide refraction and age
ranges.

Methods
Subject Recruitment
Patients were consecutively recruited from the retina outpatient
clinic at the Department of Ophthalmology of the University
of Bonn, Germany. Ethical approval was obtained from the
Ethics Committee of the University of Bonn (approval ID
209/16), and informed consent was obtained from all study
participants or their legal guardians prior to study initiation.
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The Declaration of Helsinki was followed. Exclusion criteria
were severe media opacities or any contraindications for pupil
dilation.

Image Acquisition
Eyes were dilated with tropicamide (5.0 mg/mL) and
phenylephrine (100 mg/mL) and imaged with the iC2
funduscope (HEINE Optotechnik GmbH & Co. KG; Figure 1)
using an iPhone 6 (Apple Inc.). The smartphone-based fundus
imaging device allows for a retinal field of view of up to 34 °,
has a CE sign, and is classified as an ophthalmologic instrument
group 1 according to the international DIN EN ISO 15004-2
standard. The weight of this handheld smartphone-based fundus
imaging device is 300 g and it can be operated by one hand
(focus adjustment and trigger for image acquisition), while the
other hand placed on the forehead of the patient can be used to
stabilize the device. Focus can be adjusted via a 2-step system:
(1) a wheel at the front of the casing (Figure 1A) allows for a
first manual compensation of the approximate refraction (±15
D); and (2) the autofocus of the smartphone camera achieves a
fine adjustment of the focus (±3 D) after slightly pushing the
image-acquisition trigger below the refraction wheel to its first
stage. The image is then acquired by pushing the trigger to its
second stage. Supported smartphones include the iPhone 8, 7,
6, 6s, 5s, and 5se. Images can be exported from the smartphone
for further use. The app allows for a quick examination for
immediate imaging without the need of entering patient data
beforehand. Fundus illumination is adjustable via three
brightness levels (50%, 75%, and 100% illumination). The
device comes with an iOS app and the iPhone and
smartphone-based fundus imaging device are connected via
Bluetooth. Smartphone-based fundus imaging was performed
by the same examiner (MWMW) in all patients in a darkened
room. No scleral indentation was used for peripheral
examination. Smartphone-based fundus imaging was performed
in single-image acquisition (round images, image resolution of
2448 × 3264 pixels) or video mode (slightly narrowed images,
image resolution of 1248 × 1664 pixels). In addition, a subgroup
of the eyes were dilated and imaged with conventional fundus
imaging (VISUCAM 500; Carl Zeiss Meditec). In case fundus
images were optimized for brightness, the postprocessing was
equally performed in the whole image, with no selective
adjustments in parts of the image made.
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Figure 1. Optical setup of the smartphone-based funduscopy device evaluated in this study. The (A) smartphone-based fundus imaging device (iC2
funduscope; HEINE Optotechnik GmbH & Co. KG) evaluated in this study has a separate optical path for the illumination system and the imaging
system. (B) Optical paths in the plane of the pupil (I=illumination’s light path, II=imaging system’s light path) with approximate scale. (C) The optical
setup consists of four aspheric lenses and a polarized illumination source with a 3000-K light-emitting diode. The device allows for a field-of-view of
up to 34 °. Lens 3 is adjustable for compensations of refractions up to ±15 D.

Image Analysis
Images were qualitatively analyzed for sharpness as previously
reported [22]; reflex artifacts (on a scale from 0 to 3; 3=reflex
artifacts in <10% of the field of view; 2=reflex artifacts in >10%
of the field of view; 1=reflex artifacts in >30% of the field of
view; and 0=reflex artifacts in >50% of the field of view); and
contrast and illumination (on a scale from 1 to 3; 3=all vessels
contrast well against fundus pigmentation; 2=most vessels
contrast against fundus pigmentation; and 1=only few retinal
vessels visible). Usable field of view, which was not blocked
by image artifacts, was assessed. The Kruskal–Wallis test was
used for multiple comparison between groups for nonparametric
data.

Results
A total of 47 eyes of 32 participants with healthy eyes or the
following vitreous/retinal disease were recruited (see Table 1
for characteristics of the sample): healthy (8 eyes), exudative
age-related macular degeneration (6 eyes), retinal detachment
(4 eyes), adult-onset vitelliform macular dystrophy (4 eyes),
intermediate-stage age-related macular degeneration (3 eyes),
status post retinal surgery (3 eyes), dome-shaped maculopathy
(2 eyes), choroidal nevus (2 eyes), uveal coloboma (2 eyes),
central serous chorioretinopathy (2 eyes), central retinal artery
occlusion (1 eye), retrohyaloidal hemorrhage (1 eye), Coats
disease (1 eye), status post blunt ocular trauma with choroidal
rupture (1 eye), posterior uveitis (1 eye), branch retinal vein
occlusion (1 eye), retinoschisis with retinal detachment (1 eyes),
status post retinal gunshot injury (1 eye), asteroid hyalosis (1
https://mhealth.jmir.org/2020/7/e17480
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eye), peripheral retinal hole (1 eye), and endogenous
endophthalmitis (1 eye). Visualization of the fundus using
smartphone-based fundus imaging was possible in all eyes
following dilation, irrespective of refraction. Image quality was
sufficient to document various specific fundus pathologies
including pathologies with only subtle findings as in macular
dystrophy, as demonstrated in the exemplary images of the
posterior pole in Figure 2. A total of 14 eyes were imaged by
both smartphone-based fundus imaging and conventional fundus
imaging (see Figure 3 for exemplary images). Images acquired
with conventional fundus imaging were sharper and had less
reflex artifacts, compared with images acquired by
smartphone-based fundus imaging (P<.001 and P=.03; Figure
4). There was no significant difference in contrast and
illumination (P=.10; Figure 4), and usable field of view was
not different between smartphone-based fundus imaging and
conventional fundus imaging—0.99% (0.03%) and 100% (0%),
respectively (P=.07).
Adjustable depth of focus allowed for documentation of retinal
detachments in varying focal planes (Figure 5). Applicability
in children was demonstrated by imaging a 7-year-old child
with Coats disease (Figure 6). We found image quality to be
limited in the far periphery, but sufficient to detect the
Coats-specific pathological alterations (Figures 6C and 6D). In
contrast to the far periphery, the midperiphery could be imaged
with only slightly reduced image quality as compared with the
posterior pole (Figure 7).
Documentation of pathology was more easily achieved using
the video mode than the single-image acquisition mode.
Multimedia Appendix 1 shows an exemplary smartphone-based
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fundus examination in video mode where first the healthy right
eye and then the left eye exhibiting vitreous synchysis were
imaged. Furthermore, smartphone-based fundus imaging in
video mode with slightly altering camera directions conveys a
3D impression of structures such as deepened optic nerve cups
(Multimedia Appendix 2). We termed this mock 3D impression
pseudo-biomicroscopic effect.
Glare of the image periphery (Figures 2F and 7B) and minor
reflexes (Figures 5A and 5B) were image artifacts that we

Wintergerst et al
encountered during both single-image acquisition and video
mode, with the latter artifact being predominantly present in
pseudophakic eyes. Glare increased as images were acquired
from more peripheral parts of the retina (Figures 6C and 6D).
Smartphone-based fundus imaging with this device was also
possible without pupil dilation but we found it to be more
difficult and time consuming (>2 minutes for one image of the
posterior pole); furthermore, reduced field of view due to
increased glare limits its application (see Figure 8 for an
exemplary image acquired without pupil dilation).

Table 1. Characteristics of the study sample (N=47).
Characteristic

Value

Age (years), mean (SD); range

62.3 (19.8); 7 to 93

Sex, n (%)
Male

29 (62)

Female

18 (38)

Lens status, n (%)
Phakic, clear lens

33 (70)

Pseudophakic

14 (30)

Visual acuity (logMAR), mean (SD); range

0.48 (0.66); 0 to 2.3

Refraction (spherical equivalent; D), mean (SD); range

–0.78 (3.21); –7.88 to 7.0
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Figure 2. Exemplary smartphone-based fundus images of the posterior pole. (A) Healthy eye with slight peripapillary atrophy, (B) central retinal artery
occlusion with a cherry red spot, (C) multifocal preretinal subhyaloidal hemorrhage, (D) adult vitelliform macular dystrophy, (E) massive subretinal
combined with subhyaloidal hemorrhage, and (F) traumatic peripapillary choroidal rupture.
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Figure 3. Exemplary comparison of smartphone-based fundus imaging and conventional fundus imaging. Exemplary comparison of two eyes (A+B
and C+D) which were both imaged with smartphone-based fundus imaging (A and C) and conventional fundus imaging (B and D).
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Figure 4. Comparison of image quality between smartphone and conventional fundus imaging. Image quality in terms of sharpness (left; semiquantitative
scale from 1 to 5 as previously reported [22]), reflex artifacts (middle; scale from 0 to 3; 3=reflex artifacts in <10% of the field of view; 2=reflex artifacts
in >10% of the field of view; 1=reflex artifacts in >30% of the field of view; 0=reflex artifacts in >50% of the field of view), and contrast and illumination
(right; scale from 1 to 3; 3=all vessels contrast well against fundus pigmentation; 2=most vessels contrast against fundus pigmentation; 1=only few
retinal vessels visible) is shown for smartphone-based fundus imaging and conventional fundus imaging.

Figure 5. Documentation of different focal planes with smartphone-based fundus imaging in a total retinal detachment. With varying focus, different
focal planes (indicated by black arrows) from (A) the optic disc to (B) nasally detached retina to (C) temporal bulla of detached retina can be documented.
Note the characteristic reflex artifact in (A) and (B) which can predominantly be seen in pseudophakic eyes.
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Figure 6. Smartphone-based fundus images from a 7-year-old child with Coats disease. (A) and (B) exudates superior from the upper arcade; (C) and
(D) massive exudation and telangiectasia of retinal vessels in the far superior-temporal periphery, which were also funduscopically difficult to see.

Figure 7. Exemplary smartphone-based fundus images from the mid periphery. (A) and (B) Choroidal nevi, (C) choroidal detachment (the out-of-focus
area indicated by the black arrow), and (D) a subretinal demarcation line (high water mark) in a case of longstanding retinal detachment.

Figure 8. Smartphone-based fundus image of the posterior pole acquired without pupil dilation. Compared to imaging with pupil dilation, field of view
is constrained due to increased glare from the image periphery.

Discussion
Smartphone-based fundus imaging with this device allows for
retinal imaging of a diverse group of retinal pathologies in adults
and children. Best image quality is achieved at the posterior
pole and decreases with more peripheral imaging. Use of the
video mode had several advantages over single-image
https://mhealth.jmir.org/2020/7/e17480
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acquisition mode but comes with a higher data volume, reduced
image resolution, and the need for postprocessing (ie, selection
of relevant parts of the video).
Our study further supports existing data showing that retinal
imaging using smartphone-based fundus imaging can be
successfully applied to a variety of ophthalmologic diseases
and might be implemented in health care systems
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[5,14-19,21-24]. Smartphone-based fundus imaging might be
especially applicable in children as they are often familiar with
and interested in smartphones. For example, it has been shown
that smartphone-based fundus imaging can be used in a pediatric
emergency department setting for screening for fundus
pathologies [24].
Image quality of conventional fundus imaging was superior to
that of smartphone-based fundus imaging, yet smartphone-based
image quality was sufficient to document various fundus
pathologies, including only subtle findings. Imaging the
peripheral retina is possible; however, due to optical
limitations—also related to the eye not being a perfect optical
system [27]—image quality is reduced. Glare increased with
more peripheral imaging and was particularly pronounced
without pupil dilation. This might indicate a correlation of image
glare with the effective aperture in the optical path. As the
viewing angle increases in imaging of the mid and especially
far retinal periphery, the effective aperture at the level of the
pupil gets smaller and exhibits asymmetric distortions [28];
therefore, among other imaging artifacts, light scatter increases,
which leads to increased glare in the image periphery. In
addition, we observed characteristic small reflex artifacts which
were predominantly seen in pseudophakic eyes, albeit not
reducing overall image quality. Cataract might be a further
confounder of image quality in smartphone-based fundus
imaging; however, there were no major lens opacities in our
study population.
Smartphone-based fundus imaging without pupil dilation might
appear promising as no topical application of drugs is needed
and examination can be performed directly without any waiting
time. Although this device was not specifically built for imaging
without pupil dilation, we showed that it is in principle possible,
but not feasible due to reduced image quality and increased
examination time. Yet, there are other approaches for
smartphone-based fundus imaging which are capable of image
acquisition without pupil dilation [4,24,29]. However, pupil
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dilation is still recommended to achieve best image quality in
smartphone-based fundus imaging [22].
Smartphone-based fundus imaging using this device allows for
retinal imaging of a diverse group of retinal pathologies in adults
and children. Using the video mode has several advantages over
single-image acquisition mode but comes with a higher data
volume, reduced image resolution, and the need for
postprocessing. We showed that video documentation of
deepened optic disc cups conveys a mock 3D impression, which
we termed pseudo-biomicroscopic effect. Although
smartphone-based fundus imaging using video mode has already
been reported [30], this is the first time this mock 3D impression
is described. The pseudo-biomicroscopic effect might aid
evaluation of optic nerve heads, for example, in the setting of
a lower-resource glaucoma screening.
The strengths of our study are a comparison with conventional
fundus imaging, semiquantitative analyses of image quality, a
detailed description of the device, an application to a variety of
different retinal diseases, wide refraction and age ranges of
participants, and a novel approach for video-based
documentation of the 3D structure of the optic nerve cup.
However, we did not compare this device with other
smartphone-based fundus imaging adapters, had a relatively
small sample size, and did not evaluate applicability in eyes
with clinically relevant lens opacities.
Image quality of conventional fundus imaging was superior to
that of smartphone-based fundus imaging in terms of sharpness
and reflex artifacts, although this novel smartphone-based
fundus imaging device achieved image quality high enough to
document various fundus pathologies, including only subtle
findings. Hence, smartphone-based fundus imaging with this
device might represent a mobile alternative for high-quality
fundus documentation, for example, in immobilized intensive
care patients. An image quality comparison between different
smartphone-based fundus imaging approaches and further
studies on the applicability of this device are warranted.
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Multimedia Appendix 1
Exemplary smartphone-based fundus examination of a healthy eye and an eye with vitreous synchysis. Both eyes are from the
same patient and first the healthy right eye and then the left eye exhibiting vitreous body synchysis are documented. The second
eye is examined from 27 seconds onward.
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[MP4 File (MP4 Video), 68335 KB - mhealth_v8i7e17480_app1.mp4 ]
Multimedia Appendix 2
Pseudo-biomicroscopic effect. An eye with a deepened optic nerve cup was examined with smartphone-based fundus imaging
in video mode. Examination from slightly altered directions generates a mock 3D impression.
[MP4 File (MP4 Video), 22088 KB - mhealth_v8i7e17480_app2.mp4 ]
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Abstract
Background: Spinal cord injury is a complex chronic health condition that requires individuals to actively self-manage. Therefore,
an evidence-based, self-management app would be of value to support individuals with spinal cord injury in the prevention of
pressure injuries.
Objective: The main objectives of this study were to (1) establish a co-design approach for developing a high-fidelity prototype
app for the self-management of individuals with spinal cord injury, (2) design the prototype that resulted from this process, and
(3) conduct the first usability assessment of the prototype app.
Methods: We adopted a co-design approach to develop an evidence-based app prototype. Starting from a preliminary content
model (based on clinical guidelines for the prevention of pressure injuries) and three research-based user personas, we conducted
an ideation workshop involving individuals with spinal cord injury and health care professionals. The ideation workshop formed
the basis for two consecutive design sprints. The result of this co-design phase was an interactive app prototype. The prototype
was evaluated in two rounds of usability testing (N=4 and N=15, respectively) using a combination of qualitative and quantitative
methods.
Results: The co-design process resulted in a high-fidelity prototype with two key components: a self-management component
and a communication component. The final prototype included a combination of features to support individuals with spinal cord
injury in the prevention of pressure injuries, namely a smart camera, pressure injury diary, expert consultation, reminders, and
knowledge repository. Findings of the usability testing showed that most participants navigated the app fluently with little back
and forth navigation and were able to successfully complete a set of assigned tasks. These positive results are supported by the
average system usability score achieved (78.5/100; range 47.5-95.0) and our qualitative analysis of the semistructured interviews.
Despite an overall positive evaluation of the app prototype, we identified areas for improvement (eg, inclusion of a search
function).
Conclusions: Individuals with spinal cord injury often need to navigate competing interests and priorities, paired with uncertainty
about the accuracy and relevance of clinical recommendations. Understanding what matters to individuals with spinal cord injury
can help guide the design of behavioral interventions that are useful and acceptable to these individuals in their daily lives. This
study shows that involving individuals with spinal cord injury and health care professionals in co-designing a self-management
app can foster knowledge cocreation at the intersection of lived experience, medical expertise, and technical solutions.
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Introduction
Spinal cord injury is a complex chronic health condition that
also makes individuals prone to several secondary
complications, including pressure injuries [1-3]. In fact, pressure
injuries are one of the most common secondary complications
affecting community-dwelling individuals with spinal cord
injury [3-5]. In addition to having a considerable impact on a
person’s health, quality of life, and well-being, there are also
high economic costs associated with the treatment of pressure
injuries [4,6]. Several risk factors associated with pressure
injuries have been recognized, including sociodemographic,
neurological, functional, clinical, biological, and medical care
management [7]. Some of these factors such as age or lesion
level are nonmodifiable. For example, natural skin aging
increases the risk of developing a pressure injury.
In this context, some researchers have highlighted the key role
that self-management plays in the prevention of pressure injuries
[2,8]. Indeed, several guidelines and recommendations exist to
guide individuals on how to prevent pressure injuries [9]. Yet,
research indicates that individuals with spinal cord injury may
not always follow evidence-based recommendations regarding
physical activity, diet, and other preventive measures (eg, regular
skin checks and pressure relief) once they return to their daily
routine after the first rehabilitation [10-12]. These findings may
be explained by considering that individuals with spinal cord
injury adopt different prevention styles, characterized by
different preventive behaviors and attitudes toward pressure
injuries and prevention more generally [13]. Understanding
what matters to individuals is essential to ensure that
interventions are acceptable and rooted in the reality of the
individuals’ daily lives [14]. In light of this, it has become
evident that self-management support needs to be tailored to
individual prevention styles to motivate and engage individuals.
Given that self-management programs have long focused on
equipping individuals with the knowledge and skills they need
to manage chronic health conditions rather than seeking to
understand how to best accommodate different life situations,
it comes as no surprise that there is no conclusive evidence on
how to best support community-dwelling individuals with spinal
cord injury in the prevention of pressure injuries [15,16].
Self-management can be broadly defined as “the tasks that
individuals must undertake to live with one or more chronic
conditions. These tasks include having the confidence to deal
with medical management, role management and emotional
management of their conditions” [17]. In this paper, we consider
self-management as a set of activities and behaviors that an
individual actively performs or avoids so as to prevent or
alleviate symptoms related to pressure injuries.
In recognizing the complexity and fragmentation of
evidence-based and preference-sensitive information that is
relevant for a person to effectively self-manage, it becomes
https://mhealth.jmir.org/2020/7/e18018
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clear that a conventional top-down approach to self-management
support may no longer be adequate. Rather, there is a need to
engage different stakeholder groups in the development of
self-management programs to ensure that solutions meet the
requirements for successful implementation and favorable health
outcomes [14]. Accordingly, there has been a significant
increase in participatory approaches to design and improve
self-management programs for individuals with chronic health
conditions [18-21]. A particular area of research that has
developed from this trend for participatory approaches is the
co-design of mobile health (mHealth) apps [22-25]. Several
recently published studies present different approaches to
co-designing self-management apps for health conditions,
including asthma [26], cystic fibrosis [27], sickle cell disease
[23], and spinal cord injury [28]. Arguably, co-design has
intuitive appeal and is promoted on a political level. The
normative assumption is that the outcome of solutions that are
co-designed by users and professionals ought to be better [29].
Yet, there is limited research on how to effectively engage
medically fragile populations in generating user specifications
for mHealth tools to foster self-management [30,31].
Guided by this literature, we aimed to develop an
evidence-based, self-management app to support individuals
with spinal cord injury in the prevention of pressure injuries.
In this paper, we describe the co-design approach used, present
the app prototype that resulted from this process, and report the
findings of a first usability assessment. We conclude by critically
reflecting on co-design as an approach to enrich the development
of self-management apps for individuals with disabilities more
generally. This study constitutes part of a larger project on the
prevention of pressure injuries in community-dwelling
individuals with spinal cord injury in Switzerland.

Methods
Study Design
We followed a co-design and development approach similar to
that described by Gray et al [30], incorporating qualitative
research methods (ie, semistructured interviews) into
user-centered design approaches (ie, ideation workshop, design
sprints, usability tests). The study was approved by the Cantonal
Ethics Commission (EKNZ 2017-01787).
In a preparatory phase, we involved different stakeholders in
assessing available clinical guidelines for the prevention of
pressure injuries in people with spinal cord injury. Based on
the findings of this preparatory phase, we developed a
preliminary content model for the app prototype. In Phase 1,
this preliminary content model was translated into concrete
functional and nonfunctional requirements of the app prototype.
In Phase 2, we performed a usability test to assess the perceived
usability of the app prototype. In Phase 3, we conducted
semistructured interviews and focus groups with health care
professionals to assess the utility of the app prototype and to
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determine whether it could be implemented in practice. An
overview of our methodological approach is displayed in Figure
1. The present paper describes the outcomes of Phase 1 and
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Phase 2. Methods and findings of the preparatory phase have
been published elsewhere [9].

Figure 1. Co-design and development approach. SCI: spinal cord injury.

Preparatory Phase: Developing a Preliminary Content
Model
To identify the most relevant guidelines for the prevention of
pressure injuries that community-dwelling individuals with
spinal cord injury can and should perform, we held a consensus
meeting involving 15 health care professionals specialized in
spinal cord injury. In addition, two individuals with spinal cord
injury and an insurance representative participated in the
meeting. The consensus meeting resulted in a set of 98
guidelines spread across 12 categories: (A) Support surface, (B)
Repositioning, (C) Nutrition, (D) Skincare, (E) Skin assessment,
(F)
Exercising,
(G)
Collaboration
with
health
professionals/caregivers, (H) Transfers, (I) Clothing, (J) Body
function and structure, (K) Personal factors, and (L) General.
This selection of clinical guidelines formed the preliminary
content model of the app (for detailed results see [9]). In other
words, these guidelines served as building blocks that would
guide the development of the evidence-based app content.
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Participants (Phase 1 and Phase 2)
Through the different phases of the project, we aimed for
balanced participant samples in terms of age (>18 years), gender,
and lesion level, and health care professionals’ expertise.
Individuals with spinal cord injury and health care professionals
were recruited with the support of health professionals from the
Swiss Paraplegic Center (in particular members of the
interdisciplinary Decubitus-Care team), participants of the
consensus meeting described above, as well as through support
of the Swiss Paraplegic Association and Parahelp, a home care
service provider specialized in spinal cord injury care. This
recruitment strategy was complemented by an online call for
participants published through the Paraplegie Community [32],
an online community for individuals with spinal cord injury.
People who expressed interest to participate in the study were
contacted by email or telephone. All participants received
detailed study information and were asked to sign a consent
form. We did not offer any financial incentives. Table 1 presents
information on the study populations of Phase 1 and Phase 2.
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Table 1. Study participants in Phase 1 and Phase 2.
Phase

N

Ideation workshop (Phase 1)
Project team

2

Parahelp home care provider

2

Wound specialist

1

Nutritionist

1

People with SCIa

5

User experience designer

2

Design sprints (Phase 1)
Project team

4

User experience designer

2

Usability test (Phase 2)

a

Pilot test

4

Usability test

15

SCI: spinal cord injury.

Phase 1: Translating the Content Model Into System
Requirements
The key challenge was then to translate the content model into
concrete functional and nonfunctional requirements of an app
prototype that would be perceived as useful and acceptable by
prospective users. To this end, we collaborated closely with
individuals with spinal cord injury, health care professionals
specialized in spinal cord injury, as well as user experience
designers. The translation process consisted of two main
activities.
First, we held a 1-day ideation workshop with health care
professionals, researchers, people with spinal cord injury, and
user experience designers. The workshop pursued two specific
aims: (1) to translate the preliminary content model into concrete
functions, and (2) to foster stakeholder engagement and
commitment to the project. For this purpose, we sought to gain
an in-depth understanding of the challenges faced by the
different stakeholders in the prevention of pressure injuries and
to collect ideas on how an app could address these challenges.
The ideation workshop consisted of a set of individual and group
activities commonly used in user experience design [33] and
was moderated by a trained user experience designer. We aimed
to encourage participants to draw on their own experiences and
expertise but also to reflect on those of the other participants.
Activities incorporated the evidence-based content model
developed in the preparatory phase [9] and 3 research-based
user personas [34,35] to stimulate discussion. User personas
are fictitious characters to represent different prospective user
types who are characterized by specific goals and behaviors
[35]. The user personas adopted for this study described the
three different prevention types that had been identified in earlier
work: the thoughtful, the selective, and the delegator [13]. Each
prevention type is characterized by different preventive
behaviors, knowledge, and attitudes toward the prevention of
pressure injuries; collaboration with health care professionals;
https://mhealth.jmir.org/2020/7/e18018
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and attitudes toward spinal cord injury in general [13]. For
example, in one of the exercises, participants worked in smaller
groups to create a list of app features and functionalities that
would be perceived as “cool” or “not cool” by the respective
type their group had been assigned. In another activity,
participants were again divided into smaller groups to brainstorm
how specific guidelines might be translated into concrete
contents and functions (ie, identify opportunities and
challenges). As individual activities, participants had to write
a “love letter” and a “one-star review,” respectively, to describe
what they liked and disliked about the (at this point) fictional
app. Moreover, we asked participants to sketch their ideas for
user interfaces to activate their creative thinking and
problem-solving skills. Impressions from the ideation workshop
are presented in Multimedia Appendix 1.
Following the ideation workshop, we conducted two consecutive
design sprints [36]. During these design sprints, the research
team and user experience designers aimed to synthesize,
condense, and prioritize the ideas that were generated during
the ideation workshop. For this purpose, we reviewed the
material collected during the ideation workshop individually
and then as a group. We revisited the user journey and potential
use cases. Finally, we used a feasibility-impact matrix [37] to
guide priority setting in selecting the functions to be
implemented in the first iteration of the app prototype. More
specifically, we mapped the different features and functionalities
(written on Post-It notes) onto a physical easy/hard–low/high
impact matrix to determine those that were high impact (ie, with
great potential benefit for the user) and feasible (ie, easy to
implement). Features that were deemed high impact but difficult
to implement for technical reasons (eg, integrated ruler in the
smart camera to indicate the size of the pressure injury) were
not included in the first iteration of the app prototype. Following
this process, the first prototype in the form of a clickable user
interface was developed.
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Data that were collected during the ideation workshop and
design sprints included: (1) written Post-It notes, (2)
participants’ drawings, and (3) field notes taken by the research
team. We used an online project management tool (RealTime
Board) to collaboratively collate, synthesize, and analyze the
materials in a comparative process akin to thematic analysis
[38], together with user experience designers. In our analysis,
we focused on capturing participants’ needs and desires, as well
as ideas for concrete functions and features. We then followed
a narrative approach to group similar ideas and concepts into
overarching, inductively derived categories that would ultimately
form the structural model of the app prototype.

Phase 2: Assessing Perceived Usability
The central objective of Phase 2 was to examine the perceived
usability and usefulness of the app from the perspective of
potential service users. In this phase, we also aimed to collect
suggestions for improvement and ideas for designing the
functions, content, and navigation of the app. A pilot usability
test was carried out with 4 individuals with spinal cord injury
using a first iteration of the app prototype. Based on the findings
of the pilot test, a second and more refined version of the
prototype was developed and then tested by 15 individuals with
spinal cord injury. Table 2 presents an overview of the
participants’ characteristics.

Table 2. Characteristics of study participants in Phase 2.
Characteristic

Pilot test (N=4)

Usability test (N=15)

Age (years), mean (range)

55.5 (48-64)

40.8 (28-58)

Male

3 (75)

11 (73)

Female

1 (25)

4 (27)

Paraplegic

2 (50)

7 (47)

Quadriplegic

2 (50)

8 (53)

Gender, n (%)

Lesion level, n (%)

Both usability tests were carried out in a laboratory setting (with
one exception that was carried out at the person’s home)
following the same procedure (Textbox 1), which was informed
by earlier work on mHealth usability studies [39]. In particular,
we combined two common usability-testing approaches, task
completion [40] and think-aloud technique [41,42], with
additional observational data on navigation fluidity and
navigation challenges. In doing so, we aimed to determine
whether the app prototype was designed in such a way that users

were able to fluently navigate it. We complemented these
assessments with a semistructured interview and a
self-administered questionnaire to gain further insights into how
participants perceived the usability of the app prototype. Upon
completion of the pilot test, the app prototype was also presented
to the individuals with spinal cord injury and health care
professionals that had taken part in the ideation workshop to
share with them the outcome and to collect informal feedback.

Textbox 1. Procedure for usability testing.
Usability Test
As part of the usability test, participants were asked to complete a series of 11 tasks using the app prototype. The 11 tasks used were chosen as they
represent typical use cases (eg, “Set a reminder for a mattress check for January 30, 2019”). While completing the tasks, participants were instructed
to verbalize their navigation behavior (“think-aloud technique”) [43] (eg, where they look for certain information or where they would expect to find
it). Participants with limited hand functioning were provided with an assistive pen to facilitate navigation. A structured observation sheet was developed
by the research team through internal pretesting and expert recommendation provided by the user experience designer. Prior to data collection, a
research assistant received detailed coding instructions. During the usability test, the following data were collected: (1) task completion (ie, did the
participant successfully complete the task, rated as concluded, partially concluded, not concluded); (2) task completion time (ie, time required to
complete the task successfully, recorded as time in seconds); (3) navigation fluidity (ie, how fluently participants were navigating the app prototype,
rated on a 5-point scale from “irregular”=1 to “fluent”=5); and (4) challenges related to completion of the task (observed and stated by participants,
and noted down by a research assistant).
In addition, participants’ navigation behavior and commentary were recorded using a screen camera, screen-capturing software, and audio-recording
device (see Multimedia Appendix 2). After data collection was complete, a second coder (JA) went back to the coding to ensure intercoder reliability.
Semistructured interview
Following the usability test, participants took part in a semistructured interview guided by the technology acceptance model [44], which aimed to
capture participants’ views regarding usability and perceived usefulness of the app prototype, as well as their attitudes and intentions toward using
the app (see Multimedia Appendix 3). Moreover, we aimed to elicit ideas and suggestions for improvement. All interviews were transcribed verbatim
and analyzed using inductive thematic analysis [38].
Questionnaire
Finally, the study participants were asked to complete a short questionnaire on system usability. The questionnaire consisted of 10 items to be rated
on the system usability scale (SUS), which is a 10-point Likert scale [26]. The SUS score was calculated for each participant.
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Results
Phase 1: Content and Functionalities of the App
Prototype
Within the scope of the co-design process, we identified two
key components of the app. The first is a self-management
component that would need to support individuals in
documenting their pressure injuries, including visual and written
information (disease monitoring); finding relevant,
evidence-based information on pressure injury prevention and
related topics (disease knowledge); and receiving personalized
and actionable recommendations based on their preferences and
needs (motivational support). The second is a communication
component that would allow users to safely and quickly get in
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touch with a health care provider to inquire about pressure
injury-related topics (eg, nutrition) and send pictures and
information on pressure injuries to receive feedback.
In the subsections below, we describe the key functionalities
of the app prototype that we identified as necessary to achieve
the goals of these two components. An overview is provided in
Multimedia Appendix 4. Note that the prototype presented here
is the iteration used for the usability test in Phase 2.

Smart Camera
A central function of the app is the smart camera (Figure 2).
Pictures and videos taken with the smart camera can be directly
added to the pressure injury diary, the documentation function
of the app, or forwarded to a health care provider.

Figure 2. Smart camera.

The need for a smart camera resulted from a vivid discussion
around the poor quality of pictures often taken by people with
spinal cord injuries. Particularly, health care professionals
emphasized that they need high-quality pictures to be able to
make reasonable judgments about the condition and state of a
pressure injury when providing advice remotely. Based on these
discussions, several additional features envisioned by the
workshop participants emerged, including a voice-operated
shutter release function, which would be particularly useful for
people with limited hand functioning; a multi-shot mode; and
tips and tricks for taking good pictures (eg, paying attention to
light conditions, angles, and image sharpness). Despite the desire
of participants to have an integrated ruler to indicate the size of
the pressure injury, this function could not be implemented due
https://mhealth.jmir.org/2020/7/e18018
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to technical constraints. It was thus suggested to instead provide
recommendations on how size can be inferred, for example by
placing a coin next to the pressure injury or by using
self-adhesive ruler tape.
Even though health care professionals considered a function
that would help users take better pictures as highly valuable,
they also emphasized that pictures cannot replace a physical
exam but rather provide some indication of the urgency of the
situation. This was also a warning message they would like to
see integrated into the final smart camera. An additional camera
feature that people with spinal cord injury desired for privacy
reasons was the “censoring function,” which is a tool that allows
users to easily edit pictures using a black marker, which might
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18018 | p.408
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be desired to hide intimate body areas as an example. The
individuals with spinal cord injury also emphasized that
sometimes they may just want to check their skin using their
smartphone camera as a mirror, rather than saving or sharing
pictures. This is why pictures and videos are not saved
automatically into the pressure injury diary.

Pressure Injury Diary
The pressure injury diary, as the documentation function of the
app, allows users to store and manage their pictures, videos,
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and other relevant information such as date, time, and location
of the pressure injury. The documentation function is intended
to support users in the early detection and observation of
conspicuous skin areas. New entries can be entered directly
using the camera function (as shown in Figure 2) or in the “My
pressure injuries” section (Figure 3). In addition to pictures,
personal notes can be added. When adding a picture, participants
are also prompted to add additional information, including the
location of the pressure injury and the presumed cause of the
injury, by selecting from a drop-down menu.

Figure 3. Pressure injury diary.

As desired by the workshop participants, a filter function was
implemented to allow users to easily search for and filter entries.
Being able to review, edit, share, or delete entries was underlined
as very important, particularly from the service users’
perspective. Another important aspect highlighted by the
workshop participants was the need for “hidden picture storage,”
which prevents pictures from being directly transferred to the
user’s phone gallery. In other words, pictures taken within the
app would remain within the app and would not appear
anywhere else. This hidden storage was considered to serve
both to simplify documentation (all photos are in one place,
making it easier to find and compare pictures) and to protect
the individuals’ privacy. Several workshop participants
mentioned how easily it could happen that an unpleasant and
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possibly embarrassing picture may pop up on the screen when
showing a friend holiday pictures on one’s phone.

Expert Consultation
Workshop participants agreed that expert consultations
constitute an integral part of the app (Figure 4). They suggested
that being able to record and send audio messages would be
particularly helpful for people with limited hand functioning.
In terms of design and functionalities, participants referred to
WhatsApp as a solution that most people are fairly familiar and
comfortable with. WhatsApp was described as the current status
quo medium for sharing and receiving support requests,
including pictures of pressure injuries. It was thus argued that
to replace this well-established practice, the app would need to
provide additional benefits to users.
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Figure 4. Expert consultation.

Individuals with spinal cord injury recognized the key benefit
in the fact that all communication with health care professionals
would be secure, thereby not jeopardizing their privacy. Health
care professionals confirmed that a system that would allow
them to display their absences would help to avoid common
problems such as pictures not being received on time due to an
employee’s holiday absence. A controversial aspect discussed
in this context was the level of desired privacy. Although some
service users argued that they would prefer to simply send an
anonymous request as a way of maintaining their autonomy and
decision power, health care professionals emphasized the
significance of knowing who they are providing advice to. They
argued that they would first need to verify whether the person
contacting them is entitled to use their service, in line with their
service mandate (limited to individuals with spinal cord injury).
In addition, they would need access to the person’s medical
history to be able to give them the best possible
recommendation. However, precisely what such a registration
process can and should look like was not further discussed
within the scope of the workshops.
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Reminders
A somewhat more debated feature of the app was the reminder
functionality (Figure 5). Workshop participants agreed that
many of the guidelines for the prevention of pressure injuries
could be transferred into the app in the form of reminders (eg,
for regular pressure relief). Although some workshop
participants identified reminders as a useful support tool,
including for informal caregivers, others perceived the reminders
to be patronizing and annoying, especially when presented to
users in a generic form. In this sense, participants described
recommendations such as “You should engage in pressure relief
x times a day” as poorly tailored and likely to be ineffective.
Participants agreed that, ideally, the app would include sufficient
information to provide them with tailored, timely interventions
(ie, provide recommendations in the moment when needed
rather than at predefined times) such as “At the moment pressure
on your right heel is critical, please check your skin and relieve
immediately to avoid a pressure injury.” However, there was
no consensus as to how this could be achieved in practice.
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Figure 5. Reminders.

As a result of these discussions, the current app prototype
provides users with a selection of reminder templates relating
to everyday activities (eg, regular drinking, repositioning) and
more long-term events (eg, check the seat cushion or mattress).
Users can modify the frequency/date of each reminder. Users
can also add new reminders and edit or delete them at any time.
Workshop participants agreed that ideally these reminder
settings should be completed together with a health care
professional. In addition, the specification of resting periods
during which signal tones and vibration functions are deactivated
was designed to prevent users from receiving reminders
unintentionally, for example during the night.

Knowledge Repository
In addition to specific functionalities that would translate the
guidelines identified in the preparatory phase more indirectly,
participants also acknowledged the importance of having a
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knowledge repository for finding relevant information to foster
awareness of different preventive measures. It was also
suggested that caregivers may benefit from being able to read
up information in an easily accessible format. Workshop
participants emphasized the importance of visual materials,
including both images and videos. They also advised against
presenting large chunks of text as users may feel overwhelmed.
In conceptualizing the knowledge repository (Figure 6), we
drew on existing resources, namely the knowledge repository
of the Paraplegie Community [32], which already provides a
wide range of patient education material. The content is
available in four languages (German, French, Italian, and
English) and is regularly updated by experts in the field of spinal
cord injury. Workshop participants agreed that it would be useful
to directly incorporate the knowledge repository of the
Paraplegie Community into the app prototype as it was both a
fitting solution and a pragmatic choice.
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Figure 6. Knowledge repository.

Phase 2: Perceived Usability of the App Prototype
Analysis of the task completion exercise (11 tasks) indicated a
high level of usability. As shown in Table 3, most of the
participants managed to complete the majority of tasks, at least
partially. In cases where participants did not complete tasks,
this was often caused by technical limitations of the app
prototype or a misinterpretation of the task at hand. Given that
participants were asked to verbalize their navigation behavior
while completing the tasks (think-aloud technique), task
completion times were not representative of the actual time it
took participants to complete specific tasks. In some cases,
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participants would pause midway when performing a task to
ask questions or to comment on design or navigation elements,
leading to inaccurate task completion times. As a consequence,
we did not analyze task completion times in-depth. Yet, our
analysis of participants’ navigation recordings showed that most
participants navigated the app very fluently with little back and
forth navigation (Table 3). These positive results are mirrored
in the average system usability score we calculated from the
individual participants’ ratings displayed in Table 3. The app
prototype received an average rating of 78.5/100 (range
47.5-95.0).
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Table 3. Individual assessments of the 11 tasks.

a

Participant ID

Number of tasks completed Number of tasks partially completed

Number of tasks not completed

Average naviga- SUSa score
tion fluency (1-5) (0-100)

AM0708

7

2

2

4

80

ChC1308

8

1

2

4

75

FB2908

9

2

0

4.2

87.5

FH0709

9

2

0

4.6

72.5

FR0608

9

1

1

4.4

90

GB0608

8

2

1

4.5

95

JL1409

5

4

2

4.5

75

ML2908

3

3

5

4

85

MS0908

10

0

1

4.8

80

NH0908

5

2

4

4.7

77.5

SIM1709

3

4

3

4.1

90

SM1308

6

3

2

4

75

TF0708

9

1

1

4.6

70

TH0908

6

2

3

4.4

47.5

TNS2108

7

2

2

4

77.5

SUS: system usability scale.

Our analysis indicated that reoccurring challenges to the
completion of tasks were primarily related to the following
aspects: (1) the testing device itself (Android, as iPhone users
were unfamiliar with the device, its icons, and navigation
system); (2) misunderstandings or misinterpretations regarding
the task (eg, participant set a reminder for a different time than
requested by the task); (3) confusion caused by labeling/word
choice of the app prototype (eg, the term “chat” led to
confusion); (4) preconceived behaviors and preconceptions (eg,
in one of the tasks, participants were asked to send a picture to
a health care professional. However, instead of sending the
picture through the app, some participants tried to export the
picture to email); and (5) malfunctioning/limited functionality
of the app prototype (eg, participant would click the “share”
icon, which was not activated in the prototype). No structural
differences in task completion and navigation were observed
in the study population.
Findings of the task completion exercise were supported by our
qualitative analysis of the semistructured interviews. Despite
the limited functionality of the app prototype, most participants
rated the prototype’s usability quite high. They appreciated the
logical, intuitive structure and the simplicity of the app
prototype, as well as the familiar functionalities.
No, super logical. Even if you come from a different
corner, I go over the camera and take a new picture,
or I go over to pressure injuries and take a new
picture that works, that's cool. [MS0908]
Well, I like it. Also, that it has some sort of chat
history. That's really something most people are
familiar with. These are the functions people know.
It's easy. It's clear. [FB2908]
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Although most participants rated the usability of the app
prototype as high, some of its aspects were also criticized. For
example, several respondents pointed out that some content was
depicted in a font size that was too small, making it difficult to
read, and that it would be good to have an overview of all the
things the app provides rather than having to look for it. Further
criticism related to the lack of a search function to identify
relevant content. Participants also noted that navigation
difficulties could arise, especially for people who were not yet
familiar with the app's structure.
It might be good to see the possibilities the app offers
right at the beginning. To show you what you can do,
otherwise, you have to click through. I think it's fine
if you are familiar with it, but when you open the app
for the first time you have to search for everything.
[AM0708]
Exactly, so it should be clearer and that you don't
have to scroll too much because you lose a lot of time
and you can't really read it well if you skip something.
[TH0908]
Similar to the findings of the usability test, our qualitative
analysis of the interviews indicated that some of the navigation
difficulties related to the testing device itself rather than to the
navigation structure of the app prototype. One of the study
participants also noted that elderly users may have difficulties
navigating.
For me, the difficulty was that I don't have a Samsung.
But if you have the app, it’s on your own phone and
you know how [to use it]. Of course, for elderly
people, it is a bit more difficult. [GB0806]
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Well, it was more of a fight with the Samsung [phone].
I know the iPhone by heart. If I could’ve worked with
the iPhone, it would've probably been faster. [JL1409]
The navigation issue was, however, described as minimally
problematic by some of the participants, claiming that it was
part of a natural learning process that one goes through
whenever installing a new app. In this way, they suggested that
users would explore the app through trial and error to get to
know and understand it better.
Well, the first time you access it, it's just a little bit of
trying things out, and eventually you'll get how it
works. [FB2908]
Then you just press something, you see what happens
- what is it that I’m looking for exactly. It’s a bit like
a natural flow guiding you […] It’s somehow
automatic, you just try things out as you go along.
[ML2908]

Discussion
Principal Findings
Using spinal cord injury as a case in point, this study details the
process and result of engaging different stakeholder groups in
the development of a self-management app. Our findings
illustrate how self-management needs can be translated into
meaningful technical solutions by involving the relevant
stakeholders in an open dialog and creative exercises. The fact
that all activities were guided by the previously developed
evidence-based content model (preparatory phase) helped to
ensure that the app prototype would draw on the latest scientific
evidence [9]. Given that many apps that address specific
disability conditions are informational and provide only limited
functionality, findings of this study are of great relevance to
advancing the development of mHealth solutions for people
with disabilities [45].

Co-designing mHealth Solutions: Lessons Learned
In the following, we critically reflect on co-design as an
approach to enrich the development of self-management apps
more generally. In particular, we would like to highlight three
key lessons learned from this project that are in line with recent
work in the field of co-designing health services [30,46], and
for specifically designing self-management support for people
with spinal cord injury [28].
A first point relates to what is commonly referred to as needs
assessment. Most scholars and practitioners will agree that
mHealth apps should be tailored to the needs of their intended
users as the end beneficiaries. For this purpose, needs
assessments are carried out. Unlike other forms of needs
assessments (eg, through surveys or interviews), the co-design
approach we adopted in this study allowed us to understand
different needs in context [31]. In other words, different
stakeholders’ needs were enacted, contextualized, and put into
perspective through an interactive exchange among the different
stakeholders involved in the prevention and treatment of
pressure injuries. Our experiences reflect those of earlier work
[47], highlighting that user personas can be particularly helpful
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in this process as they allowed participants to think beyond their
personal experiences and consider different scenarios.
A second point relates to translating needs into supporting
materials. In traditional, top-down patient education, experts
will—based on the needs they identified—devise educational
materials to address the needs of the target population. We
adopted a different approach to translating needs into support
materials. More specifically, we engaged the prospective users
of the app both in the identification of needs and in the
identification of technical solutions that could help to address
them. In doing so, we were able to access a previously untapped
source of ideas and knowledge, resulting in a rich catalog of
desirable features and functionalities of the app prototype. The
user experience designer greatly facilitated the co-design process
by illustrating how different technical solutions could address
specific requirements or issues raised by the participants (eg,
relating to data protection and privacy). As demonstrated by
earlier work [48], we also observed how creativity was
unleashed during the ideation workshop. Creativity-focused
exercises such as drawing mock-ups of user interfaces not only
stimulated discussion but also led to instances of knowledge
cocreation at the intersection of lived experience, medical
expertise, and technical solutions, as illustrated by the
description of the individual functionalities of the app prototype.
A third point relates to our learning process as a research team.
While moving along the co-design process, we as a research
team were continuously confronted with our own scientifically
grounded assumptions about the self-management of pressure
injuries. When initially conceptualizing the app prototype, for
example, we placed much greater emphasis on the
self-management component of the app, neglecting the
importance of communication aspects, which turned out to be
an essential component. Being open to this learning process,
despite being challenging at times, was indispensable and
allowed us to collaborate with our study participants on eye
level. During the co-design process, it also became evident that
there are conflicting concepts and desires, not only between the
different stakeholder groups but also within the same groups.
The prime example to mention here is that people with spinal
cord injury requested timely interventions (rather than arbitrary,
generic advice), which is difficult if not impossible to reconcile
with their wish for as much autonomy and privacy as possible.
In addition, the conflicting nature of some evidence-based
guidelines was identified as a key challenge [9]. In trying to
manage these tensions and possible points of conflict, we also
experienced the dark sides of co-design [29,49]. We had to
accept and deal with the fact that consensus among all
stakeholders was not always attainable nor compatible with the
financial and organizational constraints we faced [50,51]. This
involved negotiation, mediation, and, most importantly,
managing participants’ and other stakeholders’, including
funders’, expectations [52]. In line with earlier work [53], we
also had to face the fact that our co-design and development
approach had failed to adequately consider the need for an
implementation plan and a business model.
Our values, knowledge, and experiences as researchers
inevitably shape our work in one way or another [54,55].
Verbalizing our assumptions and expectations regarding the
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co-design process and its outcomes from the very beginning
can help us to establish a baseline. Against this baseline, we
can then consider the added value of co-design by asking
ourselves: What specifically did we gain from involving
different stakeholders at eye level? What are the aspects we
would have likely failed to consider? Could some of our
taken-for-granted assumptions be refuted? Moreover, being
conscious and reflective about the underpinnings of our work
can help us to maintain our research integrity and minimize the
risk of tokenism when co-designing health solutions with
different stakeholders. Critical reflection can also promote
out-of-the-box thinking, a much-needed skill when addressing
design problems that could be tackled by a myriad of potential
solutions [56,57]. Without such critical reflection, research
teams may fail to explore alternative solutions and instead fixate
on preset notions and ideas, which may result in suboptimal
design and development choices [58]. To promote such
out-of-the-box thinking, we chose to prioritize stakeholders’
lived experience and clinical guidelines instead of relying on
existing theoretical models to inform the design and
development of the app prototype. At a next stage, we plan to
link our findings to existing behavior change theories [59] to
devise detailed intervention content for a pilot trial. This will
then allow us to perform a rigorous evaluation of our
self-management app and help us to identify its most effective
components [60].

Strengths and Limitations
It needs to be acknowledged that the individuals agreeing to
take part in this study may have been more technology savvy
and may have thus held more positive attitudes toward mHealth
solutions as compared to those individuals that did not take part.
As a consequence, the app prototype may fail to account for the
specific needs of less tech-savvy target audiences. To counteract
this limitation, we incorporated user personas in the co-design
process to allow and encourage participants to think beyond
their personal expectations and experiences with technology.
Moreover, there are also some limitations related to the
functionality of the app prototype used to carry out the usability
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tests. Given that the app prototype was web-based, functionality
was limited and sometimes impeded, which may have led to
poorer evaluations. To account for this, all participants were
made aware of these inherent limitations of the technology
before starting the usability test. From a methodological point
of view, combining the task completion exercise with the
think-aloud technique during usability testing presented some
limitations. More specifically, it prevented us from assessing
the actual time it would take a participant to complete a specific
task. Last but not least, we cannot be sure how truly participatory
our co-design approach was. Although we aimed to involve the
different stakeholder groups as equal partners, we cannot know
with certainty whether this is how they experienced the
co-design process. We thus recommend researchers using
co-design methodologies to incorporate process evaluations
into their research to gain a better understanding of how different
stakeholders experience their participation.

Conclusions
Spinal cord injury is a complex chronic health condition,
requiring those affected to navigate competing interests and
priorities, paired with uncertainty about the accuracy and
relevance of clinical recommendations. This study shows that
involving individuals with spinal cord injury and health care
professionals in co-designing a self-management app is both a
feasible and enriching exercise in that it fosters knowledge
cocreation at the intersection of lived experience, medical
expertise, and technical solutions. In light of a current dearth
of mHealth solutions tailored to the needs of
community-dwelling individuals with spinal cord injury, this
study makes an important contribution by advancing our
knowledge on how to design interventions that can motivate
behavior change, specifically regarding the prevention of
pressure injuries. However, co-designing self-management
solutions is a time and resource-intensive endeavor. Future
research is needed to evaluate the impact of a co-designed
self-management app and to demonstrate its additional value
over conventional top down–designed solutions.
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Abstract
Background: Despite a doubling of osteoarthritis-targeted mobile health (mHealth) apps and high user interest and demand for
health apps, their impact on patients, patient outcomes, and providers has not met expectations. Most health and medical apps
fail to retain users longer than 90 days, and their potential for facilitating disease management, data sharing, and patient-provider
communication is untapped. An important, recurrent criticism of app technology development is low user integration design.
User integration ensures user needs, desires, functional requirements, and app aesthetics are responsive and reflect target user
preferences.
Objective: This study aims to describe the co-design process for developing a knee osteoarthritis minimum viable product
(MVP) mHealth app with patients, family physicians, and researchers that facilitates guided, evidence-based self-management
and patient-physician communication.
Methods: Our qualitative co-design approach involved focus groups, prioritization activities, and a pre-post quality and
satisfaction Kano survey. Study participants included family physicians, patient researchers and patients with knee osteoarthritis
(including previous participants of related collaborative research), researchers, key stakeholders, and industry partners. The study
setting was an academic health center in Southern Alberta.
Results: Distinct differences exist between what patients, physicians, and researchers perceive are the most important, convenient,
desirable, and actionable app functional requirements. Despite differences, study participants agreed that the MVP should be
electronic, should track patient symptoms and activities, and include features customized for patient- and physician-identified
factors and international guideline-based self-management strategies. Through the research process, participants negotiated
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consensus on their respective priority functional requirements. The highest priorities were a visual symptom graph, setting goals,
exercise planning and daily tracking, and self-management strategies. The structured co-design with patients, physicians, and
researchers established multiple collaborative processes, grounded in shared concepts, language, power, rationale, mutual learning,
and respect for diversity and differing opinions. These shared team principles fostered an open and inclusive environment that
allowed for effective conceptualization, negotiation, and group reflection, aided by the provision of tangible and ongoing support
throughout the research process, which encouraged team members to question conventional thinking. Group-, subgroup-, and
individual-level data helped the team reveal how and for whom perspectives about individual functional requirements changed
or remained stable over the course of the study. This provided valuable insight into how and why consensus emerged, despite
the presence of multiple and differing underlying rationales for functional requirement prioritization.
Conclusions: It is feasible to preserve the diversity of perspectives while negotiating a consensus on the core functional
requirements of an mHealth prototype app for knee osteoarthritis management. Our study sample was purposely constructed to
facilitate high co-design interactivity. This study revealed important differences between the patient, physician, and researcher
preferences for functional requirements of an mHealth app that did not preclude the development of consensus.
(JMIR Mhealth Uhealth 2020;8(7):e17893) doi:10.2196/17893
KEYWORDS
health services research; app; knee osteoarthritis; community-based participatory research

Introduction
Background
Knee osteoarthritis is an inflammatory condition affecting over
25% of middle-aged to older adults [1], causing significant
disability and reduced health-related quality of life. Knee
osteoarthritis is a significant, growing economic and health
burden to afflicted individuals and the society at large [2,3] and
is one of the most prevalent diseases worldwide [4].
Fortunately, mobile health (mHealth) technology, defined as
“medical and public health practice supported by mobile devices,
such as mobile phones, patient monitoring devices, personal
digital assistants, and other wireless devices,” including apps
[4], holds great promise for advancing the treatment and
management of chronic diseases, such as knee osteoarthritis.
Mobile technology is the fastest spreading technology in modern
history, expanding more than 28-fold, from an average of 3.7
mobile cellular subscriptions per 100 individuals in 1997 to 103
per 100 individuals in 2017 [5]. With thousands of apps released
daily [6], mobile technology has been ascribed limitless potential
to enhance patient and provider access to evidence-based,
effective health care resources, at a lower cost [7].
Importantly, recent osteoarthritis treatment and management
guidelines endorse patient self-management as a means to
increase self-awareness of symptoms and better prepare patients
to assume active roles in shared medical decision making [8].
mHealth can enable patient self-management through the use
of wearable aides for activity monitoring and behavioral change
using personalized, real-time feedback [9], through acquisition
of new knowledge, and by enhancing patient-provider
communication [10,11].
Despite the doubling of osteoarthritis-targeted mHealth apps
over the last decade, both app volume and app research focused
on knee osteoarthritis are incongruent with its high global
prevalence [12]. Most current apps fail to meet patient and
provider expectations for disease management, data sharing,
and enhancing communication [8,13,14]. Furthermore, although
users demonstrate high interest and demand for health and
http://mhealth.jmir.org/2020/7/e17893/
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medical apps [14], the vast majority fail to retain even a third
of users after 90 days because of infrequent use, high user
turnover, and low loyalty [15].
Unfortunately, research on knee osteoarthritis app development,
assessment, and effectiveness [4,8,14] is generally lacking [13],
as is a fulsome understanding of the documented or novel
barriers that lead to app discontinuity to inform meaningful
design improvements. Multiple existing studies document key
issues, including functionality, content and content
personalization, interactivity, behavior change theory
integration, and sustained use [13-17].
Calls to adopt more participatory, coproduction approaches to
technology design have emerged over the last decade in many
disciplines [18-20]; lack of co-design is a recurring criticism of
app development and design. User involvement is crucial to
ensure that needs, preferences, functional requirements, and
app aesthetics are responsive, reflect, and meet end user needs
[18,19]. Empirically tested mHealth apps oriented to and built
specifically with and for the needs, preferences, and activities
of patients with knee osteoarthritis and their providers [8] are
needed.
The call for apps that focus specifically on knee osteoarthritis
self-management, patient-clinician decision support, and shared
decision making [8] has not yet been answered; the anticipated
benefits of mHealth have not been fully realized.

Objectives
This study aimed to describe the co-design process of knee
osteoarthritis minimum viable product (MVP) app development
with and for patients and family physicians. An MVP (versus
a more comprehensive design product) was chosen because of
its specific focus on establishing key end user requirements,
meeting early adopter needs, and supporting ongoing iterative
research–focused app development, at optimized time and cost
[21]. The intent of MVP app development was to facilitate
guided self-management, provide evidence-based information
to patients and physicians, and facilitate communication while
addressing patient needs and challenges [22]. We sought to
understand whether and how patient and provider preferences
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for the functional requirements of a knee osteoarthritis app
differ, and whether patient-provider consensus was possible, in
the development of an app supporting knee osteoarthritis
management [14].

Methods
Engaging People With Lived Experience as Research
Team Members
This participatory research project engaged people with lived
experience of knee osteoarthritis from idea inception through
data collection, analysis, and dissemination. People with lived
experience provided crucial direction in co-design approach
development with team members trained as patient and
community engagement researchers (PACERs) [23], informed
by the Guidance for Reporting Involvement of Patients and the
Public 2.0 checklist [24].

Research Coalition
Patients, patient researchers, physicians, researchers, decision
makers, industry partners, and trainees were engaged to
co-design an MVP by combining 3 stakeholder-specific
collaborative research approaches. This included a
patient-to-patient approach [23] developed by and for patients
through PACER in which qualitatively trained patients co-design
using a 3-step grounded theory-based research process: (1) set
to clarify and explore the topic, (2) collect to interview, and (3)
reflect through collaborative analysis. The second approach
mobilized tacit health care provider knowledge and was
developed by the Enhancing Alberta Primary Care Research
Networks (ENACT) team [25]. ENACT supports practice-based
research networks and academic and community practitioners
conducting research in primary care. The third approach was
iteratively developed by team researchers, informed by
integrated knowledge translation [26] and collaborative
participatory design approach principles [18].

Conceptual Framework
Conceptual underpinnings are derived from the synthesis-based
mHealth design framework for osteoarthritis self-management
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by Choi et al [8], which highlights evidence-based decision
support, osteoarthritis assessment, shared decision making,
self-management (such as education, physical activity, feedback,
symptom/movement, and joint function monitoring), and data
visualization for patients and providers.

Recruitment
Patient participants, previously recruited through the media, the
Arthritis Society, and posters for participation in several
preceding PACER studies [22,23,27] were purposively recruited
and reinvited to continue their research involvement in this
study. Patients were eligible if they reported knee pain “on most
days of the month at any time in the past and any pain in the
past 12 months” [28]. Family physicians who had either
participated or showed interest but were unable to participate
in the preceding study [22] were invited by email and asked to
nominate a colleague if they could not attend. Physicians were
early majority [29] practitioners (ie, the first sizable segment
of providers to adopt an innovation after seeing others try it)
and were recruited to avoid designing around unrepresentative
perspectives of early adopters. Physicians had a diverse range
of experiences in practice settings in Alberta.
Key stakeholders, comprising decision makers from Alberta
Health Services, the main provincial health care service
provider, and the Alberta Bone and Joint Research Institute,
were invited to join the study from inception. Our industry
partner was invited to join the third interactive co-design session.

Study Design
We planned 3 full day, co-design sessions involving
semistructured focus groups, ranking and prioritization activities,
and a presession and postsession quality and satisfaction (ie,
convenience and importance) Kano survey [30]. Sessions were
full day, face-to-face meetings hosted at an academic health
campus in Calgary, Alberta, Canada (Table 1). Sessions were
informed by previous studies [22,23,27,28] and iteratively by
findings arising from each co-design session. This study was
reviewed and approved by the Conjoint Health Research Ethics
Board at the University of Calgary (REB161372).
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Table 1. Co-design session objectives, methods, and outputs.
Event

Objectives

Methods (analysis)

Session 1 (March
27, 2017)

•

•

Semistructured focus groups (thematic •
analysis of flip chart data, notes, transcribed notes)
•

Tool category features: symptoms
and activity, red flags/triggers, and
guided self-management strategies
Summaries, executive summaries

Condense potential functional re- •
quirements
Determine relative importance and
define functionality of MVP requirements
Explore how functional require- •
ment use by patients and physicians, to improve patient outcomes

Semistructured focus groups (member •
check, initial theming and thematic
•
analysis of flip chart data, notes, transcribed notes)

Categorized tool features
Inputs: goal setting, context, symptom tracking, activity tracking,
plans/strategies, prognosis prediction
(input)
Interaction reminders: daily, eventbased, periodic outputs; and feedback
to patients, physician summary, red
flags, prognosis prediction (output)
Summaries, executive summaries

•

Session 2 (April
18, 2017)

•
•
•

Establish MVPa symptom and
quality-of-life measures for patients and physicians
2. Establish parameters for MVP
use as communication and selfmanagement tool

Outputs

Provisional dot voting (frequency
•
counts used as a provisional prioritization criteria for each group)
•

•

Determine how stakeholders (pa- •
tients, physicians, researchers, and
decision makers) rated functional
requirements by importance and
convenience before and after
•
group introduction and review of
MVP

Mean (SD) importance score by partic- •
ipant group and all respondents, frequency count by category and partici- •
pant group)
Convenience scores (reported by participant group, frequency count by
category and participant group)

Quantified importance/convenience
scores for functional requirements
Thematic analysis of qualitative
comments by group (if required)

Session 3 (October •
3, 2018)

To review MVP appearance
•
(wireframes) and mock function,
and provide feedback on functional requirements for design iteration with development team and •
gather a definitive prioritization
and ranking of functional requirements for inclusion in the final
MVP using dot voting

Semistructured focus group discussion •
(member check, initial theming and
thematic analysis of notes: main takeaways)
Dot voting (frequency counts/range on •
task 1: must-have, won’t-have prioritization and task 2: desirability and actionability prioritization, reported by
participant group and all respondents)

Must-have, won’t-have dot voting
results by participant group and for
all respondents, for each functional
requirement
Desirability and actionability dot
voting results, by participant group,
all respondents, for each functional
requirement

Kano presurvey
and postsurveys
(October 1, 2017
and October 5,
2018)

a

MVP: minimum viable product.

Co-Design Sessions 1 to 3
A total of 7 a priori objectives defined the problem, needs, and
scope and functions of the proposed MVP development (Table
1). Co-design participants were separated into 2 multistakeholder
groups (two groups at S1 and S2, only one multistakeholder
group at S3), comprising the patients, physicians, researchers,
and decision makers, led by research staff and 2 note takers
each. This same format and procedures were applied to all
sessions.
S1 and S2 guiding questions and activities sought participant
perspectives on symptoms and MVP functionality, including
how physicians and patients measure and identify red flag
symptoms that trigger a family physician visit, how perceived
quality of life is affected by different symptoms, patient and
provider experience, and observed symptom variation. The team
investigated symptom prioritization and rating by both patients
and physicians using the Western Ontario and McMaster
Universities Arthritis Index (WOMAC) Numerical Rating Scale
3.1 index [31]. The WOMAC is a validated, 24-item,
self-administered knee and hip osteoarthritis index that assesses
3 dimensions: pain, disability, and joint stiffness. These data
established broad MVP use parameters, including supporting
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patient-physician communication and guided self-management,
exploring MVP benefits/limitations, and potential capability
for research-guided self-management.
The findings generated at earlier co-design and dot
voting/prioritization activities [32,33] were reconsidered by
participants during each session, and they were iteratively used
to help identify and define key functional requirements. This
iterative process was also used to surface discrepant views for
individual and group reflections, and subsequent discussion
[34].
Dot voting prioritization involved participants applying 2 each
of must-have (green) and won’t-have (red) stickers to their
priority requirements, in any desired configuration. Similarly,
S3 participants were given 10 each of desirability (blue) and
actionability (yellow) stickers to rank applicable requirements.
Votes were tallied by group (patients, physicians, and
researchers) and combined with other findings for prioritization.
Both sessions helped define the functional requirement
characteristics.
In the 6 months preceding S3, our industry partner applied early
findings to technical analysis and data consolidation and
generated recommendations for appropriate technologies and
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basic functional requirements. MVP mood boards (visual guide
of skeletal framework) were developed for S3 to illustrate page
layout, content arrangement, function range and prioritization,
display rules, and the effects of different scenarios on app
display. Boards were used to collect feedback and generate
definitive MVP functional requirement prioritization.
A Kano survey, conceptually grounded in the two-factor
motivational theory by Herzberg et al [30,35], assessed
satisfaction with proposed functionalities, and the degree to
which functionalities were required for satisfaction [36]. The
Kano survey is based on the theory of attractive quality, often
used to assess and relate customer satisfaction with specific
quality attributes [37]. In health care, it is used for
function-satisfaction interface [38] assessments, including
patient perceptions of service quality and quality expectations,
quality elements, patient-provider relationships, satisfaction,
and assessing how expectations vary with increased awareness
to inform appropriate and aligned service requirement design
[38].
A web-enabled Kano survey, comprising 10 three-part question
clusters, was emailed to all co-design participants 3 days
preceding and immediately following S3. The survey was
accompanied by a link to click-through MVP static wireframes
for independent review by participants (Multimedia Appendix
1) [36,39].

Data Collection and Analysis
Table 1 itemizes key data collection events, objectives, methods,
and planned outputs. S1 and S2 discussions were audio recorded
and key points transcribed by a research assistant, supplemented
by findings from the note takers. Text was analyzed line by line,
and important patterns pertaining to session objectives and
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research questions were identified [40]. Action-oriented themes
were framed as take-aways and refined for coherence [40].
Summaries were generated to inform iterative co-design.
The Kano survey results were collated, frequencies tabulated,
and visualized graphically by requirement and stakeholder group
(ie, patients, physicians, and researchers). Functional
requirements were ranked based on the combined study findings.
Mean importance (SD) was calculated for each requirement and
for each participant group, and an adjusted mean importance
(SD) was calculated across all respondents. Summaries
describing and quantifying the co-design process and its outputs
were generated for each phase. Survey comments were collated
and analyzed for important patterns [40].
Dot voting [32,33] was used to identify, rank, and prioritize
functional requirements on convenience dimensions (ie,
must-have, won’t-have, desirable, and actionable). Frequencies
(range) were presented for each dimension by the participant
group (ie, patients, physicians, researchers, and all participants)
and summarized.

Results
Co-Design Participants
A total of 28 unique co-design participants (13 males and 15
females) took part in at least one session. Overall, 4 patients, 5
physicians, 12 researchers (including 7 team, 3 PACERs, and
2 ENACT researchers), 3 trainees, and 2 decision makers took
part in the co-design process to refine concepts, functional
requirements, and their relative priority (Table 2). Two industry
partner team members observed and interacted at the S3
discussion, and neither completed Kano surveys and dot voting.
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Table 2. Co-design participant demographics (sessions 1-3).
Session and participants by group

Male, n

Female, n

Participants by session, n

Patients

2

2

4

Physicians

1

1

2

UCalgarya/academic researchers

2

4

6

ENACTb researchers

Session 1

1

1

2

c

0

3

3

Decision makers

1

1

2

Trainees

0

0

0

7

12

19

Patient

2

0

2

Physicians

0

2

2

UCalgary/academic researchers

2

4

6

ENACT researchers

1

1

2

PACER

0

2

2

Decision makers

1

1

2

Traineesd

3

0

3

9

10

19

Patients

2

2

4

Physicians

1

1

2

UCalgary/academic researchers

1

3

4

ENACT researchers

1

1

2

PACER

0

3

3

Decision makers

0

0

0

Trainees

0

0

0

Industry partners

2

0

2

7

10

17

PACER

Total Session 1
Session 2

Total Session 2
Session 3

Total Session 3
a

UCalgary: University of Calgary.

b

ENACT: Enhancing Alberta Primary Care Research Networks team.

c

PACER: patient and community engagement researchers.

d

Computer Science trainees, University of Calgary.

Co-Design Sessions 1 and 2: Focus Group Findings
S1 discussions generated a unanimous agreement on basic MVP
features and purpose, scope, patient/physician preferences and
rationale, design action items, and evolving refinements of app
functionalities (Textbox 1). Overall, the group thought that the
MVP should have the following:
•

Be electronic (ie, cell phone or web-enabled).
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•
•
•

Help patients manage symptoms and activity.
Include customized red flags/triggers.
Include evidence-based guided self-management strategies
(eg, output structured by the Osteoarthritis Research Society
International guidelines), including pain, weight
management and aids, scheduling for self-management
strategies, track progression, and report history (eg, activity,
symptoms, red flags), and self-management plan for
physician visits [31,41].

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17893 | p.425
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Mrklas et al

Textbox 1. Sessions 1 and 2 summary: participant-selected inputs, outputs and interactions/reminders.
Goal setting, context (input)
•

Patient-customized goals defined on first app use (symptoms, quality of life, activity and linked to custom activities, reminders). Tracking of
activities as output. Patient customizable comorbidities; visualized (homunculus), symptoms, activity history, previous plans, strategies

Symptom tracking (input)
•

Dimensions: pain, stiffness, function, others (swelling, warmth, and inflammation) by validated, evidence-based tools. Patient-guided entry:
threshold approach (eg, visual analog scale 0-10 provided, if higher than predetermined threshold, prompts location, duration, and intensity).
Journal for situation-specific symptom record. Symptom history as output

Activity tracking (input)
•

Patient-customized goal setting and exercises (evidence-based physiotherapy exercises). Exercise resource links per patients’ needs

Plans, strategies (input)
•

Sliders: My Exercise Plan, My Diet, My Medication (prescription, topical, and over the counter), and My Assistive Devices/Supports (aids,
accessories, and other therapies). Categories to include attempted therapies with evidence-based drop down list and customizability. Ranking
function to gather customized patient data about utility of strategies

Prognosis, prediction (input)
•

Algorithm to capture patient symptoms, other information, and prediction of osteoarthritis severity. Patients prompted to enter information,
context, and demographic information on first app use with customizable symptom tracking (time and frequency). Prognosis prediction as output,
graphic visualization for patients/providers. Minimum input, thresholds required.

Feedback to patients (output)
•

Report historical summary of goals, symptoms, activity, plans/strategies on patient dashboard. Provider summary graph as a separate dashboard
with one chart containing symptoms and activity.

Red flags (output)
•

Automated, predefined rules to capture symptoms, activity. Data considered red flags or signs stimulate action (eg, physician visit/emergency
department). Patient button to journal red flags as events to share with providers

Prognosis, prediction [42] (output)
•

On the basis of symptom inputted by patient, graph displays symptom fluctuation; sharable with providers

Daily, event-based, and periodic (interactions and reminders)
•

Customized input for daily, event-based, periodic reminders. Reminders seen as small red sign with numbers. Custom daily input used for
symptom/activity tracking. Periodic input (other than initial patient input) for goal setting, plans, strategies. Automated reminders aligned with
exercises, goals, pain, etc

S1 discussions generated additional insights considered during
S2 dot voting/prioritization activities. To facilitate further
refinement and discussion, participants decided to use S2 dot
voting to help generate consensus during their discussions rather
than dot voting to prioritize as initially planned (Textbox 1).
When discrepancies surfaced, these were highlighted during
and at the end of agenda sections at each session, and then
revisited for further exploration during report back times and
group discussions [34]. Participants eventually agreed to and
provided details on 12 functional requirements (inputs [n=5]:
goal setting and context, symptom tracking, activity tracking,
plans or strategies, and prognosis prediction; interaction
reminders [n=3]: daily, event-based and periodic reminders;
and outputs [n=4]: feedback to patients, physician summary,
red flags, and prognosis prediction). Participants advocated for
validated instruments and high-quality evidence sources for
medically relevant requirements identified by researchers. S1
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and S2 findings were consolidated and requirements refined
with the industry partner to inform S3 findings.

Session 3 Findings
Overall, 17 individuals (7 males and 10 females) attended
session 3, including 4 patients and 4 providers, 2 physicians
and 2 ENACT researchers, 3 PACERs, and 2 industry partner
facilitators. S3 was preceded and followed by Kano survey
assessments and involved in-depth consideration of the refined
functionalities that emerged from S2. Cumulative findings were
reviewed and checked by participants at the start and
high-priority requirements refined iteratively through S3
assessments, prioritization activities, and group discussions.

Kano Survey: Importance
The Kano surveys helped qualitatively describe, enumerate, and
reveal evolving co-design processes and outputs (Tables 3 and
4).
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Importance assessments revealed the top 6 functional
requirements: track pain symptoms, visual graph of symptoms,
self-management strategies, setting goals and follow through,
track functional impairment, and plan exercises and daily
tracking. Although differences in perceived importance arose
between participant groups, the top 6 requirements remained
the same pre- and post-Kano survey, summarized in Table 5.

Patients scored self-management as highly important and
patients referred to the MVP as a source of motivation, control,
planning, and a means of encouraging positive behavior. Patients
appreciated having knee osteoarthritis management functions
in a single spot, using the app to facilitate a physician-patient
interaction, and customizing and tracking progress over time.

Table 3. Presession Kano survey: importance by participant group (n=13).
App feature

a

Importance (9-point Likert scale: 1=not at all important to 9=extremely Mean adjusted imporimportant)
tance (n=13)
Patients (n=6)

Physicians (n=3)

Researchers (n=3)

Mean (SD) Ranka

Mean (SD) Ranka

Mean (SD) Ranka

Mean (SD) Overall
rank a,b

If the app could show you a graph of your 7-year 7.3 (1.03)
osteoarthritis severity prediction, how do you feel?

6

4.3 (2.08)

8

6.0c (1.41)

9

6.27 (1.85) 9

If the app could help you to set goals and follow
through, how do you feel?

8.2 (0.98)

2

8.3 (0.58)

2

8.7 (0.58)

1

8.33 (0.78) 1

If the app could help you set a plan with various
exercises and track them daily, how do you feel?

6.7 (2.94)

7

8.7 (0.58)

1

7.7 (1.53)

5

7.42 (2.27) 6

If the app could allow you to track your pain
symptoms over time, how do you feel?

7.8 (1.33)

4

7.7 (1.53)

4

8.3 (0.58)

4

7.92 (1.16) 4

If the app could allow you to track your stiffness 7.5 (1.22)
symptoms over time, how do you feel?

5

6.0 (2.65)

7

6.3 (1.15)

8

6.83 (1.64) 7

If the app could allow you to track your functional 8.0 (1.26)
impairment symptoms over time, how do you
feel?

3

8.3 (1.15)

2

8.7 (0.58)

2

8.25 (1.06) 2

If the app could show you a graph of your symp- 8.5 (0.84)
toms over time, how do you feel?

1

6.7 (2.08)

6

8.3 (0.58)

3

8.00 (1.35) 3

If the app could give you strategies to help you
self-manage your arthritis, how do you feel?

7.3 (1.21)

6

8.0 (0)

3

7.3 (1.15)

7

7.50 (1.00) 5

If the app could let you flag certain days where
arthritis impacted your plans, how do you feel?

5.2 (2.56)

9

4.0 (2.0)

9

7.7 (0.58)

6

5.50 (2.39) 10

If the app could give you reminders to update your 6.3 (2.16)
information (symptoms, exercise, goal tracking),
how do you feel?

8

7.0 (1.0)

5

5.7 (0.58)

10

6.33 (1.61) 8

Rank subjectively assessed based on a combination of mean scores and overall mean adjusted scores, 1=highest rank, 10=lowest rank.

b

Italics emphasize the overall rank for each functional requirement.

c

2 responses only.
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Table 4. Postsession Kano survey: importance by participant group (n=12).
App feature

Importance (9-point Likert scale 1=not at all important to 9=extremely Mean adjusted imporimportant)
tance (n=12)
Patients (n=7)
Mean (SD) Rank

Physicians (n=2)
a

Mean (SD) Ranka

Mean
(SD)

Overall rank
a,b

If the app could show you a graph of your 7-year 5.90 (2.19) 7
osteoarthritis severity prediction, how do you feel?

5.50 (2.12) 8

6.70 (1.15) 6

6.00
(1.86)

8

If the app could help you to set goals and follow
through, how do you feel?

7.00 (2.52) 4

9.00 (0)

1

6.00 (1.73) 7

7.10
(2.23)

4

If the app could help you set a plan with various
exercises and track them daily, how do you feel?

6.60 (1.81) 5

8.50 (0.71) 3

6.00 (2.83) 8

6.80
(1.89)

6

If the app could allow you to track your pain
symptoms over time, how do you feel?

7.40 (1.27) 2

7.50 (0.71) 6

8.30 (0.58) 3

7.70
(1.07)

1

If the app could allow you to track your stiffness 5.60 (2.23) 9
symptoms over time, how do you feel?

3.00 (1.41) 9

8.00 (1.00) 4

5.80
(2.42)

9

If the app could allow you to track your functional 5.90 (2.34) 8
impairment symptoms over time, how do you
feel?

8.50 (0.71) 2

8.30 (0.58) 2

6.90
(2.19)

5

If the app could show you a graph of your symp- 7.00 (1.83) 3
toms over time, how do you feel?

7.50 (2.12) 4

8.70 (0.58) 1

7.50
(1.68)

2

If the app could give you strategies to help you
self-manage your arthritis, how do you feel?

7.70 (1.11) 1

7.50 (2.12) 5

7.00 (1.00) 5

7.50
(1.17)

3

If the app could let you flag certain days where
arthritis impacted your plans, how do you feel?

5.10 (1.77) 10

2.50 (0.71) 10

5.70 (4.16) 10

4.80
(2.48)

10

6.00 (2.83) 7

6.00 (2.00) 9

6.20
(1.85)

7

If the app could give you reminders to update your 6.30 (1.89) 6
information (symptoms, exercise, goal tracking),
how do you feel?
a

Mean (SD) Rank

Researchers (n=3)
a

Subjectively assessed rank based on mean scores and overall mean adjusted scores, 1=highest rank, 10=lowest rank.

b

Italics emphasize the overall rank for each functional requirement.

Table 5. Functional requirement importance ranking: presession and postsession 3 Kano survey.

a

Presession Kano survey results

Ranka

Postsession Kano survey results

Ranka

Set goals and follow through

1

Track pain symptoms

1

Track functional impairment symptoms

2

Visual graph of symptoms

2

Visual graph of symptoms

3

Self-management strategies

3

Track pain symptoms

4

Set goals and follow through

4

Self-management strategies

5

Track functional impairment symptoms

5

Plan exercises and daily tracking

6

Plan exercises and daily tracking

6

Track stiffness symptoms

7

Reminders to update info

7

Reminders to update info

8

7-year osteoarthritis severity prediction

8

7-year osteoarthritis severity prediction

9

Track stiffness symptoms

9

Flag days

10

Flag days

10

1=highest rank, 10=lowest rank.

Kano Survey: Convenience
There were clear alignments and differences in how patients,
physicians, and researchers assessed the convenience of MVP
requirements (Multimedia Appendix 2).
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Patients’ presession must-have features overlapped with that of
the physicians (eg, planning exercises and daily tracking) and
expanded in number postsurvey. Setting a plan with exercises
and daily tracking remained must-haves for patients throughout.
Patients scored a 7-year osteoarthritis severity prediction as
attractive presession and postsession; researchers and physicians
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were indifferent. Researchers reported few must-haves and
aligned with physicians (ie, tracking functional impairment,
graphing symptoms, and the ability to plan exercises and track
daily).
The top 6 functional requirements generated by convenience
assessments differed from importance assessments in only 2

ways: the inclusion of reminders and the shifting of
self-management strategies to a slightly lower rank. Stiffness
symptom tracking and flags remained the lowest.
On the basis of the cumulative S1 to S3 findings and discussions,
requirements were relabeled into 7 categories, as shown in Table
6.

Table 6. Session 3 dot voting results: revised functional requirement categories and summary of must-have and won’t-have features.
Functional requirements

Must-have features
Patients, Physicians, n
n

Won’t-have features
a

Researchers ,
n

Total,
n

Patients, n

Physicians, n

Researchersa, n

Total,
n

Symptoms graph and summary
4
(charts, diagrams to visualize symptoms, goal achievement, context, and
communication)

1

3

8

0

0

0

0

Severity prediction (7-year osteoarthri- 0
tis severity prediction tool [42],

0

0

0

3

1

0

4

Setting goals (shared goal setting in- 0
cluding work, chores, sports, and
hobbies)

1

2

3

1

0

0

1

Tracking activity (for events and out- 0
comes, including activities, pain
swelling, function, mood, fatigue and
interventions, plans, and activities)

0

0

0

0

0

0

0

Reminders (reminders to update cus- 0
tomized patient information)

0

0

0

0

0

3

3

Flags (flags for identifying arthritis
burdensome days)

0

0

0

0

2

1

2

5

Information and strategies (self-man- 2
agement strategies including exercises, other conditions, medications, red
flags, local resources)

0

0

2

0

0

0

0

WOMACb)

a

Missing data (n=1).

b

WOMAC: Western Ontario and McMaster Universities Arthritis Index.

Session 3 Dot Voting Findings: Must-Have,
Won’t-Have, Desirability, Actionability
There was a strong preference for a symptom graph and
summary (Table 6), consistent with previous assessments.
Although physicians and researchers rated setting goals as a
must-have feature, patients favored information and strategies.
Flags was perceived as the highest won’t-have requirement
(n=5). Patients (n=3) and physicians (n=1) did not want severity
prediction, which was consistent with physician importance,
but contrary to patient importance findings (Tables 3 and 4).
Researchers did not want reminders (n=3).
The most desirable MVP features were: symptoms graph and
summary, setting goals, information and strategies, severity
prediction, tracking activity, and reminders, with preference
variability for severity prediction and reminders, consistent with
importance and convenience assessments (Multimedia Appendix
3). The least desirable requirement was flags, which was
unchanged from other assessment findings.
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Actionable requirements by descending frequency were
symptoms graph and summary, tracking activity, setting goals,
severity prediction, information and strategies, reminders, and
flags (Multimedia Appendix 4). With the exception of severity
prediction, the findings were highly consistent.

Discussion
Principal Findings
Co-design participants considered and prioritized MVP
functional requirements using iterative, qualitative co-design
[26] methods over 3 interactive sessions. Overall, the highest
priority requirements included the following: (1) symptoms
graph and summary; (2) setting goals; (3) tracking activity; and
(4) information and strategies.
Clear differences in preferences existed between stakeholders
and were documented throughout the research process. These
findings are consistent with other studies examining the
priorities and needs of patients and physicians in the
management of knee osteoarthritis [22], yet diverse perspectives
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17893 | p.429
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MVP functional requirements.
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The pattern of our findings and their consistency with related
literature suggest that we captured important alignments and
differences between participants through co-design; however,
further study to reveal co-design dynamics is required.

express and consider diverse viewpoints [34], and helped
preserve thought diversity. Voices were integrated by iteratively
raising, airing, and reconciling conflicting interests [34]. These
findings also align with a case study by Craven et al [48], in
that all participants shared responsibility for identifying
discrepancies and contributed to their exploration and
reconciliation. In summary, we avoided loss of voice by
involving multiple representative co-design partners (ie, patient,
physician, and researcher) at each session, using reflective,
responsive group processes, supporting open, transparent
dialogue and power sharing, developing common language, and
actively fostering a culture of mutual respect for the differing,
yet equally valued contextual expertise of participants [49,50].

It is possible that the patient participants in this study are not
representative of typical patients with knee osteoarthritis.
Individuals actively participating in research over longer periods
are more likely to be motivated and have different needs and
priorities than those who are less engaged in their own
self-management [43-45]. Further validation of these findings
within a broader knee osteoarthritis patient population is
necessary.

Our findings were highly consistent with key requirements
identified by mixed users co-designing rheumatoid arthritis
self-management tools, including customization, self-regulation,
and exercise planning or follow-up [47]. They were also
consistent with general design features of effective electronic
health interventions, including social context and support,
contacts with intervention, tailoring, and self-management
[12,13,51,52].

This study was limited in scope to MVP development and
purposely involved a smaller user group; however, the research
was nested within a larger collaborative research program. Study
results were immediately integrated into subsequent co-design
and alpha testing with a representative sample of patients and
physicians (personal communication by DA Marshall, November
2019).

The continued involvement of participants through each research
phase was key [22]. In doing so, we may have avoided common
difficulties such as establishing a shared starting point, rationale,
and purpose. These and other commonly documented design
process challenges (eg, maligned goals and tasks or difficulties
turning ideas into concrete app features) [48] did not arise.

The continuous involvement of participants from inception
ensured that the understanding, language, and goals were
negotiated. We supported diversity of thought with shared
governance and decision making, role clarity, and by
maintaining a safe, respectful, transparent research environment.

Limitations

Comparison With Prior Work
Early S1 and S2 findings revealed high-level agreement on
functional requirements among co-design partners. These
findings align well with findings from mixed group co-design
research by Revenas et al [16,46,47]. However, from the point
of initial agreement forward, we observed different, evolving
thought patterns from patient, physician, and researcher
perspectives. Fluctuating findings reflected emergent mutual
understanding and thought diversity [22] among co-design
partners. For example, group-level findings varied as a shared
understanding of severity prediction emerged, relative to other
functional requirements. The discussion revealed a newly
developed understanding that the extent and timing of future
physical knee osteoarthritis decline was not valued by patients
relative to their proximal, preventative needs. Although severity
prediction was initially important for patients and physicians,
and patients thought it desirable/actionable, it became a clear
won’t-have feature for patients, and rated less important and
convenient for both groups, by the end of S3.
Persistent thought diversity observed throughout our study
contrasts with reports of thought homogeneity [16,17,46,47],
or what Revenas et al describe as participant convergence.
Participant convergence is the blending of participant
perspectives [16,17,46,47], resulting in the inability to discern
the diversity of patient and provider voices in the process [17].
As Pilemalm and Timpka report [26], the application of a
rigorous co-design approach helped us establish a transparent,
safe, and supportive environment for participants to freely
http://mhealth.jmir.org/2020/7/e17893/
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From inception, the team discussed expectations for participation
and engaged in negotiation and clarification of roles [34]. Shared
governance
and
decision-making
principles
were
operationalized, as evidenced by the groups’ spontaneous
repurposing of S2 dot voting methods. Participants openly
expressed reservations and negotiated this modification with
ease. It is possible we avoided commonly documented
partnership challenges [17,48,52] by adopting structural and
process components, ensuring adequate resources, and time, by
actively engaging our stakeholders in revealing and reconciling
multiple, diverging perspectives [34], and by matching
participants with research phases [26,53].
The findings are promising; however, systematic assessment
and quantification of co-design processes, outcomes, and impact
is needed to validate these findings and reveal co-design
mechanisms [54].
Finally, there are mixed effectiveness findings and documented
challenges associated with mHealth development to support
and manage patients with chronic conditions [13,51] such as
knee osteoarthritis. These include a lack of sustained app use,
diminished product relevance, low daily patient routinization
[48,55], high turnover, low app use, and disloyalty [14]. These
challenges, coupled with the low reported likelihood of
successful app development (an estimated 1 in 10,000 in 2018)
[56], necessitate the use of deliberate strategies to optimize
interactivity and app relevance for target users.
Our prioritized functional requirements address documented
gaps [8], effective design features [12,52], and core mHealth
characteristics [57]. For patients, prioritized requirements
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addressed the inability of patients to track/assess symptoms (eg,
pain), a lack of apps to support shared decision making with
providers and support more informed patient self-management,
and broadened focus beyond education [12,13,51]. For
providers, prioritized requirements addressed the ability of an
app to facilitate joint function measurement and enhanced
decision support.
By reviewing the high-priority, midrange, and low-priority MVP
functional requirements, we co-designed an MVP that addresses
important, documented barriers for patients and providers in
their use of mHealth [51] to manage knee osteoarthritis. The

Mrklas et al
research was carried out in a way that was inclusive of diverse
perspectives, yet facilitated consensus.

Conclusions
In conclusion, this research represents an important intermediate
step in an interactive, ongoing dialogue with knee osteoarthritis
patients, their providers, and the health research community
about mHealth use to support knee osteoarthritis management
[22,23,58]. This study offers other researchers tangible rationale
for and an example of tailored co-design. The findings reveal
how structural and process aspects can facilitate the presence
and authenticity of patient, provider, and researcher voices while
optimizing an MVP for future research phases.
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Abstract
Background: Nausea and vomiting are common and distressing side effects for children receiving chemotherapy. Limited
evidence is available to guide antiemetic recommendations; therefore, prospective and reliable evaluation of antiemetic efficacy
is needed. Smartphone apps can be used to effortlessly and precisely collect patient-reported outcomes in real time.
Objective: Our objective was to develop a smartphone app to monitor nausea and vomiting episodes in pediatric cancer patients
aged 0 to 18 years and to test its usability and adherence to its use.
Methods: We used a user-centered design process and the evolutionary prototype model to develop and evaluate the app.
Multidisciplinary group discussions and several rounds of patient feedback and modification were conducted. We translated the
validated Pediatric Nausea Assessment Tool to assess nausea severity in children aged 4 to 18 years. The child’s own term for
nausea was interactively incorporated in the nausea severity question, with response options expressed as 4 illustrative faces.
Parent-reported outcomes were used for children aged 0 to 3 years. Reminders were sent using push notifications in order to
ensure high response rates. Children aged 0 to 18 years who were undergoing chemotherapy were recruited from the Department
of Pediatric Oncology at Copenhagen University Hospital Rigshospitalet to evaluate the app.
Results: The app’s most important function was to record nausea severity in children. After assistance from a researcher, children
aged 4 to 18 years were able to report their symptoms in the app, and parents were able to report symptoms for their children
aged 0 to 3 years. Children (n=20, aged 2.0-17.5 years) and their parents evaluated the app prospectively during a collective total
of 60 chemotherapy cycles. They expressed that the app was user-friendly, intuitive, and that the time spent on data entry was
fair. The response rates were on average 92%, 93%, and 80% for the day before, the first day of, and the next 3 days after
chemotherapy, respectively. Researchers and clinicians were able to obtain an overview of the patient’s chemotherapy dates and
responses through a secure and encrypted web-based administrative portal. Data could be downloaded for further analysis.
Conclusions: The user-friendly app could be used to facilitate future pediatric antiemetic trials and to refine antiemetic treatment
during chemotherapy.
(JMIR Mhealth Uhealth 2020;8(7):e18564) doi:10.2196/18564
KEYWORDS
mobile applications; patient-reported outcome measures; patient compliance; neoplasms; antiemetics; nausea; vomiting; cancer;
children; app
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Introduction
Background
Chemotherapy-induced nausea and vomiting are among the
most common and burdensome side effects that are experienced
by children who are undergoing cancer treatment [1,2]. The
symptoms are often accompanied by profound physical and
psychological consequences, including dehydration, electrolyte
imbalance, weight loss, and disruption of normal childhood
activities [1,2]. The prevention of chemotherapy-induced nausea
and vomiting has been improved over the years with novel
antiemetic drug combinations [3-6], but approximately 50% of
pediatric cancer patients still suffer from chemotherapy-induced
nausea and vomiting [7-9].
Correct assessment is an essential first step to manage nausea
experienced by children with cancer, but it is difficult to assess
subjective symptoms such as nausea in children. Clinicians and
children express and interpret nausea differently, which makes
it a challenge to score the symptoms with high validity and
reliability; therefore, antiemetic efficacy in pediatric trials is
often solely based on vomiting (an objective outcome), while
nausea (a subjective outcome) is rarely included as a clinical
outcome [7,8,10]. Nausea is an important outcome measure
because it occurs more often than vomiting and is one of the
most distressing side effects for children with cancer [2].
Clinical trials should, therefore, assess antiemetic efficacy in
children receiving chemotherapy using both nausea and vomiting
as clinical outcomes.
The side effects of chemotherapy are often underdocumented
by clinicians during prospective clinical trials [11-13].
Patient-reported outcomes can give more valid and reliable
information on the side effects of chemotherapy [14].
Patient-reported outcomes are defined as symptoms that are
directly reported by the patient, without interpretation by a
clinician or anyone else and are used as clinical trial outcomes
[14]. One barrier to accurately reporting the side effects
experienced by patients as patient-reported outcomes is that the
accuracy can be affected by the patient’s memory [14]. It is
extremely important to record patient-reported outcomes at
assigned times during pediatric clinical trials as recall bias may
be more pronounced among children than among adults [15].
Also, pediatric cancer patients must often commute frequently
between hospital and home, and some children live alternately
with different parents or caregivers; in these situations, paper
diaries may get lost or forgotten.

Prior Work
Electronic diaries can collect patient-reported outcomes with
more precision and effectiveness than paper diaries [16], and
the increased number of smartphone users allows an opportunity
to develop smartphone apps that collect real time
patient-reported outcomes [17,18]. Even though pediatric
patient-reported outcomes are advocated, parent-reported
outcomes may be needed when the child is too young to
complete a patient-reported outcome questionnaire [19].
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There are several smartphone apps for adult patients with cancer
that can monitor real time patient-reported outcomes and that
are used in clinical trials and to support patients as they manage
the side effects of chemotherapy [17,20,21]. In contrast, only a
few smartphone apps have been developed to monitor
patient-reported outcomes in children and adolescents with
cancer [22]. Wang et al [23] developed a smartphone app where
patients aged 8 years or older were able to record several
symptoms such as pain, fatigue, depression, and anxiety. A
user-centered design process has also been applied in the
development of smartphone apps to assess and manage pain in
children and adolescents [24,25]; Stinson et al [24] developed
a game-based smartphone app to assess pain in adolescents with
cancer [24]. The game-based nature and built-in reward system
was appealing to users and promoted high adherence rates with
a mean of 81% adolescents completing 100% of the tasks within
a 2-week period [24].

Study Goals
In this study, we aimed to develop and evaluate a smartphone
app to monitor nausea severity in children from 0 to 18 years
of age undergoing chemotherapy. We used a user-centered
design process where we engaged children who were undergoing
chemotherapy and their parents during the design, development,
and evaluation of the app. The evaluation process included an
investigation of the usability of the app and of adherence to the
app’s use.

Methods
Overview
This study was conducted in Copenhagen, Denmark and was
part of a prospective observational study. The study was
approved by the Danish Data Protection Agency (RH-2016-219,
I-Suite: 04804) and the Danish National Research Ethics
Committee (H-18020267). The app was approved by the
regulatory authorities in Center for It, Medico og Telefoni in
the Capital Region of Denmark.
We used a user-centered design process and the evolutionary
prototype model to develop and evaluate the app [26,27], and
we involved pediatric cancer patients and their parents
throughout the process (Figure 1 and Figure 2). Medical
researchers and software engineers worked synergistically in
the development of the app. Pediatric oncologists were consulted
throughout the process because they have an explicit
understanding of the users (pediatric cancer patients). The app
was developed in 4 phases: (1) The context of use was specified
(ie, the users, the tasks that the users would perform, and the
environment in which the users would use the app were
characterized), (2) requirements were specified (ie, requirements
and user goals that must be met for the app to be successful
were identified), (3) design solutions were produced (ie, an app
prototype was developed), and (4) the app was evaluated (ie,
for data completeness and to further refine the app).
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Figure 1. The app was developed and evaluated with the user-centered design process (adapted from ISO 9241-210:2019).

Figure 2. Workflow of the development and evaluation process according to the user-centered design process and the evolutionary prototype model.

Specify Context of Use (Phase 1)
Researchers including pediatric oncologists (n=4), a clinical
pharmacologist (n=1), and a medical researcher (n=1)
participated in the first discussions. The advantages of
developing an app and its content, as well as strategies to obtain
complete data sets were discussed. The discussion was based
on previous experience with pediatric antiemetic trials and a
literature review that was used to identify the best validated tool
for pediatric patient-reported nausea severity.

https://mhealth.jmir.org/2020/7/e18564

XSL• FO
RenderX

Specify Requirements (Phase 2)
The requirements were discussed with 2 software engineers
from ZiteLab in Copenhagen, Denmark [28]. A requirement
was that the app should include a customized notification system
to ensure high response rates. We aimed for a user-friendly and
intuitive app, and the usability was refined during several rounds
of patient feedback and modification (phases 3a and 3b).
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Produce Design Solutions (Phase 3)
Overall Structure
The app was developed with hybrid web-based technology to
allow a single code base to be deployed for both iPhone and
Android operating systems. Feedback was received from the
users (phases 3a and 3b), and subsequent prototypes were
produced, each with additional functionality or improvements
until a fully functional app was developed [27].

Eliasen et al
The users were able to get an overview of the day’s tasks when
the app was opened (Figure 3). Each morning, the user reported
nausea severity. Each evening, the user reported nausea severity,
retching and vomiting episodes, and antiemetic medications. In
addition, users could report nausea severity at any time they (or
in the case of parents for children from 0 to 3 years of age, their
child) felt nauseated.

Figure 3. The app with overview of the day’s task (left) and the patient’s expression of nausea severity (right).

Data Entry on Nausea Severity
We translated the Pediatric Nausea Assessment Tool (PeNAT),
a valid and reliable tool to assess nausea severity among children
who are pediatric oncology patients (from 4 to 18 years of age)
[29], from English to Danish. A questionnaire in the PeNAT
ensured that the child understood the concept of nausea, and it
focused the child’s attention to their feeling of nausea. Four
faces in the PeNAT corresponded to the nausea severity
encountered by the child—no nausea, mild nausea, moderate
nausea, and severe nausea (Figure 3). Children older than 8
years of age were presented with the 4 faces simultaneously,
while children aged 8 years or younger were presented with 2
faces simultaneously, and the pair presented depended on
whether the child said they felt no nausea or some nausea.
We translated the PeNAT according to The International
Medical Interpreters Association Guide on Medical Translation
[30]. The developers of the PeNAT were contacted for an
explanation of the concepts before the translation process. A
pediatric oncologist (CR) and a medical researcher (AE), both
with substantial knowledge of the subject terminology,
independently translated the tool from English to Danish. The
translations were compared and merged into a single final
translation, and if necessary, a third researcher (MKA) was
consulted.
The app had a definition module where the child was able to
define the term used for nausea as they understood it, in
accordance with the PeNAT [29]. The child could then express
nausea severity by tapping one of 4 faces that were presented
https://mhealth.jmir.org/2020/7/e18564
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horizontally and that represented increasing nausea severity
from left to right; the child’s own terminology for nausea was
incorporated in the question (Figure 3).
The app was also developed to address the need for
parent-reported outcomes for children aged 0 to 3 years. For
example, one question in the PeNAT is “Which face is more
like you right now?”; in the parent-reported tool, this question
is worded as “Which face is more like your child right now?”
Accordingly, 3 versions of the app were developed: one for
children aged 0 to 3 years (parent-reported outcome), one for
children aged 4 to 8 years (2 faces presented simultaneously),
and one for children aged 9 to 18 years (4 faces presented
simultaneously).

Data Entry on Questions Related to Nausea
The patients were asked about vomiting and retching episodes
each day. These questions were answered with 4 single bullet
options: no; yes, 1 to 2 times; yes, 3 to 5 times; or yes, 6 or more
times. An episode was deﬁned as a vomit or retch that was
separated from another vomit or retch by at least one minute.

Push Notifications
Push notifications were sent at 9 AM and 7 PM if the
questionnaires had not been answered each morning and
evening, respectively.

Web-Based Administration Portal
The web-based administrative portal was created as a secure
and encrypted home page. Data were anonymized (with
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18564 | p.438
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pseudonyms) and data storage and transmission followed general
data protection regulations. The portal consisted of a front end
(presentation layer for researchers) and a back end (data access
layer for software engineers).
The researchers could create unique log-ins for patients
including username, password, age group (0 to 3 years, 4 to 8
years, or 9 to 18 years), and scheduled chemotherapy dates. The
dates could be changed by the researchers, and the users could
forward changes to the researchers with a simple tap in the app,
if the dates were incorrect. The researchers could get an
overview of the patient’s scheduled chemotherapy dates and
view the patient’s responses and response rates. The data could
be downloaded for further analysis.

Patient Feedback on Content and Usability (Phase 3a)
The pilot assessment feedback came from children who were
pediatric patients and their parents, all of whom were recruited
at the Department of Pediatric Oncology, Copenhagen
University Hospital Rigshospitalet, during regular patient rounds
in November 2018 and December 2018. We used a qualitative
usability testing approach with 3 cycles of patient feedback and
modification. Children (n=9) and their parents participated (3
in each of 3 cycles). AE introduced the app to the test
participants who were asked to comment on words, to interpret
phrases in the questionnaire, and to suggest improvements to
the interface. A software engineer (MKA) modified the app
according to the feedback. The app prototype was modified
until no further changes were suggested.

Functionality of Data Entry and Push Notifications
(Phase 3b)
Clinical researchers (n=4) from the Department of Clinical
Pharmacology, Bispebjerg and Frederiksberg University
Hospital tested the functionalities of log-in, data entry, and push
notifications during 2 test periods, each lasting one week. Test
persons (n=4), 2 with an Android and 2 with an iPhone
smartphone, downloaded the app and were given unique log-in
information. The test person registered if they were able to
log-in, if they received push notifications, and if they could
enter data in the app. MKA and AE performed group discussions
with these individuals after each test period and discussed the
functionality of the app. MKA modified the app according to
the feedback.

Evaluate Designs (Phase 4)
Following the development of a fully functional app, we
included patients to test usability of the app and adherence to
its use. Patients (n=20) were recruited at the Department of
Pediatric Oncology, Copenhagen University Hospital
Rigshospitalet during March 2019 and April 2019. All parents
provided written informed consent for their child to participate
in the study. Eligible patients were children aged 0 to 18 years
who would be receiving at least 3 cycles of chemotherapy. The
child and at least one parent was required to be able to
communicate fluently in Danish. At least one parent needed to
have an Android or iPhone smartphone. Parents of children
aged 0 to 3 years needed to be able to describe the nausea
severity experienced by their child.
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One or both parents downloaded and installed the app from
Google Play or App Store and were given unique log-in
information. It was emphasized that the data collected were to
be used for research purposes, and that the parents should also
inform their pediatric oncologist or nurse about their child’s
symptoms. The questions in the app were delivered to each
child by AE who also taught the parents to administer the app.
The children (with assistance from their parents) were asked to
record their own nausea severity in the app, and AE noted if
they were able to naturally navigate through the app’s features.
The parents could then assist the child to enter data about nausea
severity for the day before and for the first 4 days after the start
of chemotherapy during 3 chemotherapy cycles. The children
and their parents were contacted in person before each cycle to
promote adherence to use of the app. A semistructured interview
was conducted at that time, and the participants were asked
what they liked or disliked about the app, if the app was easy
to use, and if the time spent on data entry was fair. AE provided
continuous feedback to MKA who modified the app according
to the feedback. This was continued until there were no further
recommendations for changes in the app.
The web-based administrative portal was fully developed in
this phase. AE tested if log-ins for new patients could be created
and if the portal provided a user-friendly interface and overview
of data completeness. MKA tested whether the back end
received the entered data accurately and if data could be
downloaded for further analysis.
We subsequently interviewed parents of patients aged 0 to 3
years in order to determine if the parents could grade the nausea
severity experienced by their child.
A paired, two-tailed t test was used to determine if the response
rates differed between morning and evening and if the response
rates differed between chemotherapy cycles. P<.05 was deemed
significant.

Results
Context of Use, Requirements, and Design Solutions
(Phases 1, 2, and 3)
During phases 1 and 2, we specified in which context the app
would be used, and we agreed on the overall requirements of
the app (Figure 1 and Figure 2). Based on the functions and
requirements that were described by the researchers, in phase
3, a beta-version smartphone app was created by software
engineers from ZiteLab in Copenhagen, Denmark [28]. These
functions and requirements were refined and modified according
to feedback from children who were pediatric cancer patients,
parents, and participants (phase 3a and phase 3b).

Participant Characteristics
The demographic and disease characteristics of the children
who were pediatric cancer patients (phases 3a and 4) and the
demographic characteristics of clinical researchers (phase 3b)
who participated in the user-centered testing are shown in Table
1.
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Table 1. Baseline demographics and disease characteristics of participants who were included in the development and evaluation of the app.
Characteristics

Phase 3a (n=9)

Phase 3b (n=4)

Phase 4 (n=20)

Age in yearsa, mean (range)

7.2 (2.9-16.5)

32 (30-36)

7.4 (2.0-17.5)

Female

4 (44)

4 (100)

8 (40)

Male

5 (56)

0 (0)

12 (60)

Acute lymphoblastic leukemia

5 (56)

N/Ab

9 (45)

Brain tumor

1 (11)

N/A

3 (15)

Hodgkin lymphoma

1 (11)

N/A

3 (15)

Kidney tumor

0 (0)

N/A

1 (5)

Non-Hodgkin lymphoma

1 (11)

N/A

1 (5)

Osteosarcoma

1 (11)

N/A

2 (10)

Rhabdomyosarcoma

0 (0)

N/A

1 (5)

111 (7-251)

N/A

110 (1-299)

Gender, n (%)

Primary diagnosis, n (%)

Duration of illness in daysa, mean (range)
a

At the time of study recruitment.

b

N/A: not applicable.

Patient Feedback on Content and Usability (Phase 3a)
The questions in the PeNAT were clear and easy to understand,
and the patients and their parents had no comments relating to
the meaning of words or phrases in the translation. The parents
of one newly diagnosed patient (less than one week) reported
that it would be demanding to enter data, which was in contrast
with the feedback from parents of patients who had been through
several rounds of chemotherapy, who expressed that they could
easily overcome to enter data in the app.
One suggestion for the interface was to include emojis as
pictorial expressions of the questions. Emojis were not included
in the PeNAT part of the app to be true to the original PeNAT
paper version.
Through interviews with parents, we found that the actual
antiemetics that were given did not always correspond with the
prescribed medications in the medical record, especially when
the child was discharged from hospital. To capture the actual
medication use, a medicine module was developed to let parents
fill in administered antiemetics, numbers of administrations,
and whether the patient used antiemetic rescue medications on
any given day. The medicine module included an autofill
function where the parents could copy answers from the previous
day with a single tap and modify answers that had changed.

Functionality of Data Entry and Push Notifications
(Phase 3b)
During the first test period, problems with the log-in function
required that participants restarted the app. All test participants
received push notifications informing them to enter data in the
app, and they were subsequently able to do so.

Design Evaluation (Phase 4)
The app was evaluated prospectively in patients (n=20) during
a total of 60 chemotherapy cycles.
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Usability
Overall, the patients and their parents expressed that the app
was user-friendly, intuitive, and that time spent on data entry
was fair. Satisfaction with the app was illustrated with the
following quotes: A male participant aged 12 years said, “It is
a really cool app, and the questions are very relevant.” A parent
of a 4-year old female said that, “she really likes to use the app,
and she also uses the ad hoc function to tell how she is feeling.”
The semistructured interviews revealed suggestions for changes
in the app. First, the log-in session was expanded from 2 hours
to 3 months, so that the users did not need provide log-in
information at every new task. Second, 15% (3/20) of patients
were so nauseated that they could not overcome the nausea to
answer the questions on that specific day; therefore, the parents
requested a solution enabling them to go back and help the child
answer questions from the previous day. This option was then
included in the app allowing users the possibility to return to
answer questions from within the previous 2 days. Third, the
days with questions were individualized, so they continued for
5 days after the last day with chemotherapy in the cycle. This
feature was added because 15% (3/20) of the children who
received chemotherapy over several days felt nauseated longer
than four days after the first chemotherapy administration.
Two adolescent patients suggested that the app should include
a module with an overview of their answers. It is our intention
to include this feature in a future version of the app.

Adherence to Use
All patients and their parents expressed that push notifications
were a convenient and efficient method to ensure that they
completed their tasks. The response rates were on average 92%,
93%, and 80% for the day before, the first day, and the next 3
days after chemotherapy, respectively (Figure 4). Individual
response rates of 100%, 50%, or 0% were given each day if the
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18564 | p.440
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morning or evening, or did not answer, respectively.

Figure 4. Data completeness for 20 patients using the app during 60 chemotherapy cycles.

The personal contact between the researcher and the participants
before each chemotherapy cycle promoted high response rates
the day before and the day of chemotherapy administration. The
next 3 days after chemotherapy, 15% (3/20) of the children did
not respond, each with different reasons—one patient did not
receive the push notifications, one patient had difficulties with
the log-in function, and one patient had a limited internet
connection at home. One adolescent (1/20, 5%) downloaded
the app on her own smartphone but did not complete the
questions due to severe nausea. Her parents then downloaded
the app and assisted her.
There were no significant changes in response rates when
response rates for cycles 1 to 3 were analyzed separately
(t5=2.57, P=.45 for comparing response rates for cycle 1 with
those of cycle 3). The response rates in the morning were
slightly higher than those in the evening, but the difference was
insignificant (t5=2.57, P=.11).

Additional Data on Usability for Patients Aged 0 to 3
Years
The interviews showed that most parents (21/22, 95%) of the
children aged 0 to 3 years could explain how their child reacted
when feeling nauseous, and they could use the app to express
their child’s nausea severity. Only the parents of one child (1/22,
5%) did not know how their child reacted when feeling
nauseous.

Discussion
Principal Results
We described the process of developing and evaluating a
smartphone app to collect pediatric patient-reported outcomes
of nausea severity and episodes of vomiting and retching.
Patients were able to self-report in the app the severity of nausea
that they experienced with assistance from their parents, and
clinicians and researchers had a good historical overview of
their symptoms in the web-based administrative portal.
Multidisciplinary group discussions ensured that the app and
the web-based administrative portal met both medical and
technical demands. It was essential that the app had a high
usability, so patients and their parents were involved early in
the development to get insight into their preferences.
Generally, patients prefer mobile data collection over more
traditional methods such as paper diaries, because it is easier
and faster to record data into a mobile device than it is to record
in a paper diary [31]. Some children thought it was interesting
to answer questions in the app because they liked to press the
faces reflecting nausea severity. They easily understood the
interactive component because the child’s own term for nausea
was incorporated into the questions. These features are not
possible in a paper diary or a web-based survey.

Usability of the Smartphone App
Nausea has a higher incidence than vomiting during
administration of chemotherapy, but it is a challenge to
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recognize subjective symptoms such as nausea in children.
Furthermore, children under 4 years of age are often excluded
from
studies
that
investigate
the
burden
of
chemotherapy-induced nausea and vomiting in children [32-34].
The target users of this app are children aged 0 to 18 years (and
their parents) undergoing cancer treatment. Our subjective
impression was that children aged 4 to 18 years were able to
express their nausea severity in the app. One 17-year-old patient
expressed (about nausea) that “it hurts in my stomach and I
have no appetite,” whereas a 7-year-old patient expressed that
nausea was “like an elevator moving up through the stomach
and all the way to the throat.” Children aged 0 to 3 years are
too young to complete a patient-reported outcome instrument,
and the PeNAT is not validated for this age group; however,
parents of patients aged 0 to 3 years expressed that they could
easily grade the nausea severity experienced by their child. By
including this age group, researchers were able to obtain data
about parent-reported nausea severity and vomiting episodes
for children aged 0 to 3 years.

Patient Adherence With Paper-Based and Electronic
Diaries
It was important that the patients adhered to the use of the app,
including patients with severe nausea who likely had reduced
energy to perform extra tasks during chemotherapy. In a paper
version of the PeNAT, 17% of the patients did not use the
questionnaire for three or more days out of seven days [32].
The high response rates in our study were attributed to the
individual patient reminders. Also, data were captured in real
time, and we could identify and respond to nonadherence early
by following the patient responses in the web-based
administrative portal. The reasons for nonadherence were mainly
technical difficulty–based (mainly in the first version of the
app) and not that the tasks were too demanding. The response
rates did not decrease over three chemotherapy cycles; therefore,
the app has the advantage that it could be used in antiemetic
trials using a crossover design, where patients undergo two
chemotherapy cycles.
Real time patient-reported outcomes reduce the risk of recall
bias and improve data quality. After requests from patients and
parents, patients were allowed to return to answer questions
from within the previous 2 days. This allowed patients with
severe symptoms on one day to respond the following day. The
survey time was recorded in the administration system which
permitted analysis of data accuracy and the ability to exclude
data that was not registered in real time. This is in contrast to a
paper-based approach, where the researchers are not aware of
whether patients are back filling or completing the paper diary
just prior to returning it to the researchers [24].

Challenges in Using Apps to Collect Patient-Reported
Outcomes
The digital revolution offers exciting new tools to support
research, but along with these new opportunities come some
challenges. We conducted a preliminary assessment of the
suitability of apps in the target population, and every participant
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in this study had a smartphone. Other target populations may
not have access to digital technology, and the target population
should, therefore, be assessed to determine whether digital data
collection is appropriate.
The development of an app is time consuming compared to the
time required to develop a paper diary or a simple electronic
web-based survey. Simple electronic diaries for use on
smartphones can be created at online research platforms without
extensive programming skills [35,36]. More advanced options,
such as individual patient reminders and interactive components,
require assistance from experienced software engineers. Also,
data storage in these platforms may not adhere to general data
protection regulations. The cost of developing an app depends
on the complexity of the interface and functions, and additional
costs must be considered for data storage and distribution in
Google Play and App Store; however, electronic data collection
reduces the time used for data handling because researchers do
not need to manually record data from paper diaries [31]. This
more precise and efficient data collection method could also
outweigh the time and price spent on preparing the trial [16-18].
Technical support needs to be available to maintain and upgrade
the app over time in clinical trials using apps for data collection.
Technical problems mainly arose when the software was updated
or when a new version of the app was launched. The major
technical problems were that patients could not log-in to the
app and that push notifications were not sent. Other barriers
that could prevent efficient data entry are limited access to
internet or if a patient signs out and forgets the username and
password. These problems require that investigators of the
clinical trial pay attention to both the function of the app and
to feedback from patients throughout the clinical trial so that
technical problems can be solved immediately. In our study,
one researcher was signed into the app with a test user log-in
to capture technical difficulties which were then directly
forwarded to a software engineer. A researcher also directly
transcribed patient-reported outcomes from the patients at any
time they were not able to report patient-reported outcomes in
the app.
The data entered by the patients will be used to determine
patient-related risk factors of chemotherapy-induced nausea
and vomiting, and the app will be used to collect pediatric
patient-reported outcomes in upcoming antiemetic trials. The
overview of the patient-reported outcomes can be used in the
future by clinicians to better refine antiemetic treatment for
forthcoming chemotherapy.

Conclusions
The app and the web-based administrative portal demonstrated
good usability for patients and researchers, and pediatric
patient-reported outcomes of nausea severity were collected
efficiently. The app can be used to facilitate future research
regarding antiemetic efficacy in pediatric cancer patients and
to better refine antiemetic treatment in upcoming chemotherapy
cycles.
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Abstract
Background: Embodied conversational agents (ECAs) are increasingly used in health care apps; however, their acceptability
in type 2 diabetes (T2D) self-management apps has not yet been investigated.
Objective: This study aimed to evaluate the acceptability of the ECA (Laura) used to deliver diabetes self-management education
and support in the My Diabetes Coach (MDC) app.
Methods: A sequential mixed methods design was applied. Adults with T2D allocated to the intervention arm of the MDC trial
used the MDC app over a period of 12 months. At 6 months, they completed questions assessing their interaction with, and
attitudes toward, the ECA. In-depth qualitative interviews were conducted with a subsample of the participants from the intervention
arm to explore their experiences of using the ECA. The interview questions included the participants’ perceptions of Laura,
including their initial impression of her (and how this changed over time), her personality, and human character. The quantitative
and qualitative data were interpreted using integrated synthesis.
Results: Of the 93 intervention participants, 44 (47%) were women; the mean (SD) age of the participants was 55 (SD 10) years
and the baseline glycated hemoglobin A1c level was 7.3% (SD 1.5%). Overall, 66 of the 93 participants (71%) provided survey
responses. Of these, most described Laura as being helpful (57/66, 86%), friendly (57/66, 86%), competent (56/66, 85%),
trustworthy (48/66, 73%), and likable (40/66, 61%). Some described Laura as not real (18/66, 27%), boring (26/66, 39%), and
annoying (20/66, 30%). Participants reported that interacting with Laura made them feel more motivated (29/66, 44%), comfortable
(24/66, 36%), confident (14/66, 21%), happy (11/66, 17%), and hopeful (8/66, 12%). Furthermore, 20% (13/66) of the participants
were frustrated by their interaction with Laura, and 17% (11/66) of the participants reported that interacting with Laura made
them feel guilty. A total of 4 themes emerged from the qualitative data (N=19): (1) perceived role: a friendly coach rather than
a health professional; (2) perceived support: emotional and motivational support; (3) embodiment preference acceptability of a
human-like character; and (4) room for improvement: need for greater congruence between Laura’s words and actions.
Conclusions: These findings suggest that an ECA is an acceptable means to deliver T2D self-management education and
support. A human-like character providing ongoing, friendly, nonjudgmental, emotional, and motivational support is well received.
Nevertheless, the ECA can be improved by increasing congruence between its verbal and nonverbal communication and
accommodating user preferences.
Trial Registration: Australian New Zealand Clinical Trials Registry CTRN12614001229662; https://tinyurl.com/yxshn6pd
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Introduction
Diabetes will affect 693 million people worldwide by 2045,
most of whom will have type 2 diabetes (T2D) [1,2]. People
with T2D can prevent or delay the onset and progression of
diabetes-related complications such as heart attack, stroke,
kidney failure, vision loss, and nerve damage through intensive
management of blood glucose levels [3]. However, effective
self-management is complex and difficult to implement and
sustain in daily life. Consequently, many people with T2D are
not able to achieve their recommended self-management targets
[4].
For several decades, diabetes self-management education and
support have been provided in person (one-to-one and
group-based), with many trials and real-world studies
demonstrating improved diabetes outcomes [5]. However, the
high cost and resource requirements limit the reach and
scalability of in-person programs [6]. Furthermore, ongoing
in-person support for sustaining the recommended diabetes care
targets is not feasible for most health care systems [4].
Considerable advances in technology related to smartphone
apps (including voice recognition, natural language processing,
and artificial intelligence capabilities) have led to an increase
in the feasibility of using embodied conversational agents
(ECAs) to provide education and support for the
self-management of chronic conditions, including T2D [7]. An
ECA is an animated conversational human-like character that
simulates person-to-person conversation with appropriate dialog
and human-like physical properties, including facial expressions
and body movements [8-10]. ECAs are increasingly being used
in a wide range of apps, providing support for mental health,
web-based information seeking, medication taking, behavior
change, and prevention of suicide [7,10-13].
Research on the acceptability of ECAs in self-management of
chronic conditions is still in its infancy, with a small number
of studies reporting high levels of acceptability of ECA-based
interventions [13-15]. Trust, empathy, and expertise have been
cited as essential components of diabetes education and support
[16]. Similar expectations may exist when the intervention is
delivered by an ECA. ECAs use facial expressions, body
movements, and speech and can offer a natural and accessible
means of communication. These characteristics of ECAs
potentially improve engagement compared with a static character
image, a nonrelational agent, or a text-only display [9,17,18].
ECAs may be perceived to provide additional motivational and
emotional support, which has previously been described by
people with diabetes as being as important to them as practical
support [19]. Preliminary evidence suggests that ECAs are
perceived to be less judgmental, less intimidating, and more
likable than a human counterpart, resulting in participants feeling
less guilty and more motivated by the interaction [13,14,17,18].
Collectively, this evidence suggests that ECAs may be effective
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in providing support for chronic disease management as they
help to engage users by building a social and emotional
relationship over time [9,18,20].
Some of the characteristics of ECAs that may affect their
acceptability include users being deterred by a monotonous
voice and repetitive messages [13,18,20]. Although ECAs are
more engaging if they have human-like characteristics and
engage in social dialog, this effect is mitigated if there is an
unnatural dissonance between a character’s speech and the
expected facial expressions and body movements of the ECA
[17,21-23]. This phenomenon, coined the uncanny valley by
Masahiro Mori in 1970, was supported by research suggesting
that people have unpleasant impressions of artificial characters,
such as ECAs that have an almost, but not perfectly, realistic
human appearance [24,25]. Previous studies have also
emphasized that the visual characteristics of an ECA are
important as these affect the perceptions of trustworthiness and
credibility, which can affect acceptability. For example, a more
playful, cartoon-like character is perceived as being more
friendly, whereas a more serious human-like character, dressed
professionally, is usually perceived to be more appropriate for
serious apps, such as self-management of chronic conditions
[26].
Research on the acceptability of ECAs to deliver
self-management support for chronic conditions via
self-management apps has been limited primarily to short-term
feasibility or pilot studies and to interventions that address only
a single behavior. Other studies use static images rather than
animations or have been conducted using desktop or laptop
computers in laboratory settings rather than with personal
smartphones used in everyday settings or in the wild [27,28].
Thus, this study aimed to address these gaps by investigating
the acceptability of an ECA delivering self-management
education and support to people with T2D in their everyday
lives.

Methods
Study Design
A convergent study design was used where quantitative and
qualitative data were collected at similar time points [29]. This
study was conducted within the context of a randomized
controlled trial to test the effectiveness of a T2D
self-management smartphone app, My Diabetes Coach (MDC)
[30,31]. The MDC study was conducted from 2014 to 2018
(Australia New Zealand Clinical Trials Registry ID
ACTRN12614001229662). The study was approved by the
University of Melbourne’s Human Research Ethics Committee
(ethics ID 1442433).

My Diabetes Coach
MDC used an ECA called Laura (Figure 1) to deliver
self-management education and support to adults with T2D.
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When users logged in for the first time, they were prompted to
set up a regular time to complete weekly interactive sessions
with Laura. During these conversations, Laura provided
education, feedback and motivational support for blood glucose
level monitoring, taking medication, physical activity, healthy
eating, and foot care. The conversations were personalized to
the individual’s self-management targets, physical fitness, and
foot health using recommendations provided by his or her
general practitioner.
The MDC app used voice recognition, prescripted conversational
elements, and a sophisticated script logic enabling the user to
interact with Laura in several predetermined variations,
mimicking natural conversations. Laura’s voice and conversation
were produced by a proprietary dialog engine (by Clevertar).

Baptista et al
Nonverbal behaviors were either explicitly scripted for each
dialog, or, if no behavior was specified, they were selected
randomly from a finite set of animations based on whether the
character was speaking and the dialog duration. User responses
from previous sessions dictated the direction of future sessions,
enabling a high degree of personalization. The ECA’s
appearance, conversational elements, back story, and accent
were refined through several rounds of expert and user testing.
Users were able to respond to Laura by touching an option on
the screen or by speaking out one of the options on the screen
when prompted to do so. Users also had access to a web-based
discussion board and website (with additional diabetes
resources) that could be accessed via the app as well as technical
support from the research team. An excerpt from a conversation
with Laura can be found on YouTube [32].

Figure 1. Laura, the embodied conversational agent.

Participants
Recruitment methods for the MDC trial are reported in the main
outcomes paper (under review). Briefly, participants were
recruited to the MDC trial from the general population in
Australia via several recruitment strategies. Adults with T2D
registered on the National Diabetes Services Scheme (NDSS)
database; willing to be contacted about research; and living in
New South Wales, Queensland, Victoria, and Western Australia
were invited to participate by the NDSS via mail and email.
The invitation letters were supplemented with media releases
and targeted advertising on social media by several organizations
(Diabetes New South Wales; Diabetes Queensland; Diabetes
Victoria; Diabetes Western Australia; Bupa Australia, a health
insurance provider; and the Australian Diabetes Educators
Association).
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For this study, participants from the intervention arm of the
MDC trial, who had access to the MDC app, completed a survey
at 6 months postbaseline, assessing several clinical and
behavioral outcomes, including their interaction with the ECA,
and a purposive subsample participated in subsequent
interviews. All participants received a plain language statement
describing the study and provided written consent.

Data Collection
Demographic and Clinical Characteristics
The demographics and duration of diabetes (self-reported) were
collected using web-based surveys at baseline. Glycated
hemoglobin A1c (HbA1c) is a pathology test assessing average
blood glucose levels over the past 2 to 3 months, providing an
indication of risk for long-term complications [33]. It was
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obtained, with participants’ consent, from their general
practitioner.

Acceptability: Quantitative Data
At the 6-month follow-up, the participants completed a
web-based survey that included 2 questions assessing the
acceptability of the ECA. The first question assessed the
perceptions of the ECA: “How well do the words below describe
Laura?” The respondents rated a range of positive and negative
traits (helpful, boring, friendly, competent, annoying, likable,
trustworthy, and real) using a 5-point Likert-type scale ranging
from describes very well to describes very poorly. The second
question asked, “How did interacting with Laura make you
feel?” The respondents selected from a list of descriptive
emotions (happy, confident, hopeful, motivated, worried, guilty,
frustrated, and comfortable) and were asked to select all that
applied. For both questions, positive and negative words were
randomly sequenced to minimize response bias. The descriptive
adjectives were chosen based on the literature on evaluating
ECAs and on working alliances between ECAs and users [34].

Acceptability: Qualitative Data
In-depth, semistructured qualitative interviews were conducted
from October 2017 to February 2018. Most participants had, at
that stage, completed the 6-month survey but were still actively
using the app. Purposive sampling of survey respondents was
used to identify interviewees who varied in terms of the duration
of diabetes, gender, age, and baseline familiarity with apps.
The interview guide was developed by the first author (SB) and
used exploratory questions and probes, with feedback from
other members of the research team (BO, GW, and JS) based
on the research question and findings from the current literature
[8,9,14,18,21-23,26,27,35-38]. The guide explored a variety of
topics, including experience at diagnosis; self-care behavior
before using the MDC app; users’ experiences with the MDC
app, including when, where, and how it was used; changes to
self-management practices as a result of using the MDC app;
initial impression of the ECA Laura and changes over time;
perceptions of her role in self-management, and her perceived
personality characteristics. The data relating to the acceptability
of Laura are presented here, with the other findings published
separately.
The interviews were conducted by telephone (by SB) and
recorded using a cloud architecture solution from the CTI Group
using their SmartInteraction Suite of recording software. During
each interview, SB used exploratory questions and probes (from
the interview guide) and noted points of interest, using these as
further probes. Immediately after each interview, SB prepared
a written summary of the interview and any relevant
observations. These were used to communicate interim findings
to the research team. When appropriate, additional questions
were added to the interview guide, enabling further exploration
of the issues raised by participants that were relevant to the
research aims. These notes were also used to aid in the
meaningful interpretation of data during data analysis.
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Data Analysis
The quantitative data were analyzed using IBM’s SPSS Statistics
25 package. Descriptive statistics were computed for
demographic and clinical characteristics and 2 questions
assessing the ECA. The qualitative data were transcribed,
deidentified, and thematically analyzed using NVivo 11,
following the first 5 steps of Braun and Clarke’s methodology
[39,40]. The integration of the quantitative and qualitative data
was achieved at the interpretation stage by comparing the
findings from the surveys and the semistructured interviews. In
practice, this involved referring to and using the qualitative data
to help interpret, triangulate, and add meaning to the quantitative
data. This process was iterative, with input from several
researchers (SB, GW, BO, and JS). This integration of
quantitative and qualitative data enabled further validation of
the findings and increased their explanatory value [41]. The
narrative of the results is blended with embedded quotes from
several sources to make the results more readable while using
as much evidence as possible. An anonymized coding
system—participant identity number (IDX): sex (male, M;
female, F): age (years)—was used to identify the source of each
quote (in parentheses after each quote).

Results
Sample Characteristics
Of the 93 MDC trial participants in the intervention arm, 66
(71%) participants provided responses at 6 months postbaseline,
and 19 of these participated in the interviews. Table 1 details
the characteristics of the 3 samples. Overall, 50% (33/66) of
the survey respondents were women, and the mean age of the
participants was 57 (SD 9) years and the mean baseline HbA1c
level was 7.1% (SD 1.4%) [33].
Those who completed the survey were significantly older
(P=.03) and completed more interactions with Laura (P=.001)
than those who did not complete the survey. No significant
differences were observed between the interviewees and other
participants in the intervention arm, except that the interviewees
completed significantly more interactions with Laura (P=.001).
The mean duration of the interviews was 51 min (range 29-79
min).
Overall, participants found Laura to be acceptable and were
positive in their appraisal of her and their interactions with her.
Most respondents agreed that Laura was helpful (57/66, 86%),
friendly (57/66, 86%), competent (56/66, 85%), trustworthy
(48/66, 73%), and likable (40/66, 61%). Some participants
described her as boring (26/66, 39%) and annoying (20/66,
30%; Multimedia Appendix 1). Participants were undecided
about whether or not they thought Laura was realistic. Of the
66 participants, 26 (39%) participants agreed that Laura was
real, 22 (33%) were undecided, and 18 (27%) disagreed. The
participants’ responses to their interactions with Laura were
positive overall, with many reporting that she made them feel
motivated (29/66, 44%), comfortable (24/66, 36%), confident
(14/66, 21%), happy (11/66, 17%), and hopeful (8/66, 12%).
Notably, 20% (13/66) were frustrated by their interaction with
Laura, and 17% (11/66) of the participants reported that
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interacting with Laura made them feel guilty. One participant
reported feeling worried (Multimedia Appendix 2).
Overall, 4 themes were identified from the qualitative data: (1)
perceived role—a friendly coach rather than a health
professional; (2) perceived support—emotional and motivational
support; (3) embodiment preference—acceptability of a
human-like character; and (4) room for improvement—need

for greater congruence between Laura’s words and actions.
Table 2 provides an integrative synthesis of the findings,
summarizing the 4 main themes emerging from the qualitative
data, quantitative endorsement of the adjectives describing Laura
and how the interaction made the participants feel, and
exemplars of the qualitative data. The 4 themes are described
in detail below.

Table 1. Demographic and clinical characteristics of the total sample and interviewed sample.
Participant Characteristics

My Diabetes Coach trial population (inter- Six-month follow-up
vention arm; n=93)
sample (n=66)

Interviewed participants (n=19)

Gender (female), n (%)

44 (47)

33 (50)

8 (42)

Age (years), mean (SD)

55 (10)

57 (9)

60 (8)

Year 10

10 (11)

9 (14)

5 (26)

Year 12 or apprentice

42 (45)

31 (47)

2 (11)

Graduate or post graduate

41 (44)

26 (39)

12 (63)

Paid employment

59 (63)

41 (62)

7 (37)

Retired

22 (24)

18 (27)

11 (58)

Unemployed or other

12 (13)

7 (11)

1 (5)

<5

43 (46)

25 (38)

8 (42)

5-10

29 (31)

23 (35)

8 (42)

10-20

7 (8)

4 (6)

3 (16)

Unknown

14 (15)

14 (21)

0 (0)

Baseline glycated hemoglobin A1c (%), mean (SD)

7.3 (1.5)

7.1 (1.4)

6.8 (0.9)

Baseline glycated hemoglobin A1c (mmol/mol), mean
(SD)

56 (44)

53 (30)

51 (20)

Multiple times per day

69 (74)

50 (76)

14 (74)

Once a day

23 (25)

13 (20)

4 (21)

Less than once a day

1 (1)

3 (5)

1 (5)

18 (15)

23 (16)

36 (17)

Education (highest level), n (%)

Employment status, n (%)

Duration of diabetes (years), n (%)

General app usagea (reported at baseline), n (%)

Total interactions with Laura, mean (SD)
a

General app usage at baseline represents the use of any app before participating in the My Diabetes Coach trial.
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Table 2. Integrated results matrix.
Themes

Quantitative data: endorsement of adjectives

Qualitative data: exemplar quotes

Perceived role: Laura is more
acceptable as a friendly coach
than as a health professional

•

•

•
•

•

“A ‘neutral approach’ was ‘better’ because it ‘didn’t
try and lean on any perceptions of authority.’” [ID04:
Ma: 44 years]
“I was worried about making sure that I was within
[my limits] knowing that I had to report to Laura!”
[ID11: Fb: 62 year]

Perceived support: Laura pro- •
vides emotional and motivational support
•

Laura was trustworthy, n=48 (73%). Interacting with •
Laura made me feel confident, n=14 (21%), hopeful,
n=8 (12%), and happy, n=11 (17%)
•
Laura was competent, n= 56 (85%). Interacting with
Laura made me feel motivated, n=29(44%)
•

“I needed somebody just to be there.” (ID15: F: 66
years)
“(She) used to make me laugh...and that’s hard to
do.” [ID18: M: 65 years]
“She was keeping you on track and keeping you
doing what you’re supposed to be doing.” [ID16: F:
57 years]

•
•

Laura was helpful, n=57 (86%)
•
Laura was competent, n=56 (85%), and trustworthy,
n=48 (73%). Laura made me feel confident, n=14
(21%), and comfortable, n=24 (36%)
•

“Instead of reading it, you’re hearing it and can read
at the same time. Instead of just hearing some voice,
you’re actually seeing [Laura] talk.” [ID05: M: 55
years]
“I’m not sure I would have given the same level of
credibility to, for example, a dog or a cat or something like that.” [ID04: M: 44 years]

Room for improvement: disso- •
nance between Laura’s words
and actions
•

Laura was annoying, n=20 (30%), boring, n=26
•
(39%), and not real, n=18 (27%)
Interacting with Laura made me feel frustrated, n=13
(20%)

“She said something, but her hand gestures were
exactly the opposite of what they should have been.
Like, rather than a big gesture, where a big gesture
is needed, there was a little gesture.” [ID08: F: 42
years]

Character preference: Laura is
engaging and her human-like
character is appropriate

a

Laura was likable, n=40 (61%), friendly, n=57
(86%), and helpful, n=57 (86%)
Interacting with Laura made me feel comfortable,
n=24 (36%)
Interacting with Laura made me feel guilty, n=11
(17%), and worried, n=1 (1%)

M: male.

b

F: female.

Theme 1: Perceived Role—Laura Is More Acceptable
as a Friendly Coach Than as a Health Professional
When prompted about what role Laura was perceived to play
in self-management support, some participants described Laura
as “a ‘friendly’ coach” (ID11: F: 62 years) who was just
“reminding me” of various diabetes self-management tasks.
Furthermore, when asked about their perceptions of Laura, some
participants described her with adjectives suggesting that she
had a personality, such as “sassy” (ID15: F: 66 years), “friendly”
(ID16: F: 57 years), “kind” (ID05: M: 55 years), and
“intriguing” (ID06: M: 71 years). These findings may explain
why most survey respondents described Laura as likable,
friendly, and helpful and reported that interacting with Laura
made them feel comfortable.
Conversely, other participants commented on how Laura
reminded them of their health professional: “There were times
when I would go and see my doctor, and I’d see Laura sitting
there, because her gestures, her voices, and mannerisms are
almost identical” (ID08: F: 42 years). Some participants “did
not necessarily want to see an authority figure” (ID1: M: 63
years), saying, for example, that “I don’t need to be called into
a doctor” (ID09: M: 71 years). Those who described Laura in
similar terms to their health professionals did not warm up to
Laura as they found her to be “patronizing,” “censorious,” and
“authoritarian” (ID11: F: 62 years). For example, some
described receiving her feedback as “having a mother-in-law
https://mhealth.jmir.org/2020/7/e17038
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in your pocket” (ID08: F: 42 years) and “feeling as though
you’re getting a slap on the wrist” (ID02: F: 66 years) similar
to “a recalcitrant child” (ID15: F: 66 years). Other negative
descriptions of Laura were that she was “really young,”
“super-skinny” (ID11: F: 62 years), and that she “talked at”
people (ID13: M: 58 years).
Laura’s perceived role influenced the participants’ reactions to
the support she offered. For example, participants who described
Laura as being similar to a health professional reacted to this
by “resisting” and “rebelling” against the “kind of authority”
(ID11: F: 62 years) that Laura represented to them. One
participant described how “feeling guilty” led him to “stop
using” the app for a while (ID13: M: 58 years). Another
participant commented on how she worried about negative
feedback: “I was worried about making sure that I was within
[my limits] knowing that I had to report to Laura!” (ID11: F:
62 years) Finally, one participant contemplated selecting her
best readings to report to Laura to avoid “getting told off,”
saying:
Do I record this one? It might be a bit high and she’s
going to get upset with me. [[ID15: F: 66 years]]
Conversely, those who perceived Laura to be less of an authority
figure and more like a friendly coach as she “didn’t try and lean
on any perceptions of authority, like for example, having a
doctor in a white coat” were also more receptive to the support
she offered. This is because they perceived her as having a more
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17038 | p.451
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“neutral approach,” which was “better” because “a conversation
between peers is more likely to be engaged with than one that
references levels of authority” (ID04: M: 44 years).
The varied reactions of the participants to Laura may be linked
to the inconsistencies between how Laura looked and how they
expected her to act. For example, one participant said:
It's set up with this young, groovy woman who's going
to help me, but she sounded like my GP who was
telling me what to do. So, it's a kind of disconnect
between how [Laura] looks and what she's actually
saying. [ID13: M: 58 years]
Finally, some participants described Laura’s role as an artificial
entity as a positive trait, making them more receptive to
receiving support from her. This is because they experienced
judgment and blame for their condition from “real” people:
From the minute they meet you, just by the look of
you, by the look of your appearance, they will judge
you. That's one thing I don't like about real people
because it happened to me. [ID03: F: 62 years]

Theme 2: Perceived Support—Laura Provides
Emotional and Motivational Support
For many, Laura provided emotional support that the participants
did not otherwise have:
I needed somebody just to be there. I see the hospital
doctors every six months, I only see my local doctor
when I need scripts or something. Apart from that,
who do you talk to? [ID15: F: 66 years]
Supporting this premise is the fact that many survey respondents
thought that Laura was trustworthy, and interacting with her
made them feel confident. Another example of how Laura
provided emotional support is described by one participant who
expressed how her humor helped him feel better:
[She] used to make me laugh when she used to stand
there with her hands on her hips waiting for me
sometimes. Like my wife is saying it was probably
good because if you felt down or something it made
you feel better. Well it definitely bought a smile to
may face a lot of times and my wife said that’s hard
to do. [ID18: M: 65 years]
A small number of survey respondents reported that interacting
with Laura made them feel happy, demonstrating some support
for the premise that she may have helped alleviate some of the
burden of care.
Laura also provided additional motivation through enhanced
monitoring and positive reinforcement:
She was keeping you on track and keeping you doing
what you're supposed to be doing and keeping you
doing the check-ups and that sort of stuff. [ID16: F:
57 years]
When I was doing the exercise section, she would ask
for me to record how much exercise I was doing for
the week and when I’d come back [and do it], I
actually almost got a pat on the back from her. I
wasn't trying to be impressive for (Laura), but I think
https://mhealth.jmir.org/2020/7/e17038
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it just gave you that little bit more incentive. [ID01:
M: 63 years]
Similarly, many survey respondents reported feeling more
motivated after their interactions with Laura.

Theme 3: Character Preference—Laura Is Engaging
and Her Human-Like Character Is Appropriate
Interacting with Laura provided an additional dimension to the
relational aspect of communication, resulting in reports of
improved engagement:
instead of reading it, you're hearing it and can read
at the same time. Instead of just hearing some voice,
you're actually seeing [Laura] talk. [ID05: M: 55
years]
Participants appreciated this additional dimension of
communication, describing it as an attempt to “try and engage
with you” and compared it with other apps where “you’re
inputting information and you might get a summary,” but there
was no “attempt to interact back with the user” (ID10: M: 49
years):
Laura was more personal so that's why I think I went
on for the six months. The other apps were like just
an impersonal graph or something, or just boxes
where you put the things in. [ID07: F: 67 years]
Some participants expressed a strong preference for Laura’s
human-like character. Diabetes was described as “a human
problem that should have a bit of stance and a bit of
professionalism” (ID06: M: 71 years). Others thought that a
nonhuman character such as a “fuzzy duck” or “Dobby the
diabetes elf” (ID11: F: 62 years) would be better as it would be
more “fun.” For these people, having “a character, even a
fictitious character” was more “user friendly” and better than
having “nothing there” (ID07: F: 67 years).
Participants who preferred a human-like character did not think
a cartoon character could be taken seriously: “I’m not sure I
would have given the same level of credibility to, for example,
a dog or a cat or something like that” (ID04: M: 44 years). Two
users put it as follows:
A cute puppy telling you that you got to exercise more
or, you know, eat more greens, is going to be less
convincing than a human. It just becomes a toy. Stick
with somebody that looks like they know what they’re
talking about. [Laura] fitted that bill. [ID17: M: 66
years]
[A nonhuman character] would just make me want
to throw the phone away completely! Because it's
about a human interaction with someone who has
information and resources about diabetes. [ID13: M:
58 years]
However, there were those who did not care about what kind
of character Laura was because she was “an inanimate object,
not a person” (ID19: M: 59 years). Some did not “identify with
or warm to Laura.” One participant said, “Laura had various
statements [that were motivational] but I don’t have a
relationship with Laura that caused me to value her opinion”
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(ID04: M: 44 years). Another participant said that although she
“learnt from” Laura:

Discussion

it’s not like if you went to your GP and you got your
bloods done and it was physically down from the last
six months, that’s a tangible quantity, but when it’s
coming from an avatar, it didn’t really mean anything
much. [ID12: F: 61 years]
Some participants described being irritated by Laura’s “life”
story, for example, when she said “I find that my family does
such-and-such,” because she was pretending to be something
she was not: “Don’t try and put it over me that this is a real
person that I’m talking to” (ID16: F: 57 years). However, others
liked Laura’s backstories:

Principal Findings

Yeah, even though it's not real, but the way she talks
about her kids and things like that. [I liked that]
because it is more human. [ID06: M: 71 years]

Theme 4: Room for Improvement—A Dissonance
Between Laura’s Words and Actions
When prompted about Laura’s appearance, speech, and
mannerisms, the interviewed participants described Laura as
being “just another robot” (ID09: M: 71 years) that they “could
not connect to” as she was “not human enough.” Interacting
with Laura, for many, depended on “how far along are you going
to pretend.” As one participant put it, “I couldn't suspend belief
that Laura wasn't this algorithm working out what she needed
to say to me or not say to me” (ID13: M: 58 years).
The primary reason given for this perception was Laura’s
“monotone” (ID08: F: 42 years) voice that sounded similar to
a “mechanised reading mechanism” with “a strange cadence
and inflection to some of her sentences” (ID11: F: 62 years).
Another reason was her “artificial movements” (ID14: M: 66
years) and dissonance between what was being said and her
body movements. According to one user:
She said something, but her hand gestures were
exactly the opposite of what they should have been.
Like, rather than a big gesture, where a big gesture
is needed, there was a little gesture. [ID08: F: 42
years]
This may have been the reason why some survey respondents
reported feeling frustrated after interacting with Laura and why
a reasonable proportion of participants described Laura as
boring, annoying and not real, or were undecided about these
descriptions.
Although it seems as though Laura was not an entirely
successful ECA, participants were willing to overlook her
shortcomings as they understood the intention behind Laura
and appreciated the effort made to make her engaging: they
were willing to “cut them some slack” because “at least it’s
trying to be personable.” Moreover, “They’re trying to make
her look [real]—I can understand what they’re trying to do”
(ID17: M: 66 years).
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Overall, the results suggest that an ECA is acceptable to people
with T2D for the delivery of long-term self-management
education and support. We found that people with T2D were
willing to make compromises and adjust their expectations,
while appreciating the effort of trying to create something more
appealing and engaging than graphs and numbers on a screen.
This implies that the increased interaction offered by an ECA
may be valuable to users and a worthy avenue for developers
to pursue when designing apps for people with chronic
conditions such as diabetes [20].
Our findings corroborate earlier research suggesting that some
users perceive an ECA to be less judgmental and more likable
than a human counterpart [13,14]. This is an important finding
as people with T2D often experience diabetes-related stigma,
the consequences of which can include disengagement with or
suboptimal self-care and diabetes-related health outcomes [42].
Suitably designed ECA support may be especially important in
making people who experience diabetes-related stigma feel less
judged and more open to sharing difficulties with
self-management, thereby potentially increasing their
engagement with appropriate self-care [43]. We also suggest
that using supportive, nonblaming language is critical when
designing ECAs for stigmatized conditions such as diabetes
[44].
The results suggest several mechanisms through which an ECA
may help establish and maintain a relationship with the user
over time, such as increasing relational communication,
providing ongoing emotional support and motivation, and
alleviating some of the burden associated with chronic disease
management through humor [18]. Our results suggest that
another way to improve acceptability is to achieve a better match
between an ECA’s appearance and users’ expectations of the
ECA’s perceived role. For example, some participants expressed
that diabetes is a serious human issue and viewed human-like
characteristics as being more credible. Others expressed the
desire to alleviate the burden of management by incorporating
a fun character, supporting previous findings of a similar nature
[26]. These varying opinions may reflect the nascent nature of
the field and the fact that ECAs are not yet common.
Another related finding was that participants who perceived
Laura to be a friendly coach were more open to receiving
support from her when compared with those who perceived
Laura to be similar to a health professional. The implication is
that an ECA with a relaxed, friendly approach may be more
successful in building a supportive relationship than an ECA
that adopts a more authoritative role. Future attempts to develop
ECAs for diabetes management could accommodate both
viewpoints by striking a balance with a human-like, friendly,
approachable character and avoiding patronizing messaging
and mannerisms. More research is necessary to determine how
expectations of users on the role that an ECA plays in
self-management varies and how this informs their preference
for the ECA’s character.
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Another important consideration is just how human an ECA
should be. Although participants reported a clear preference for
a human-like character, which is supported by previous research
[15], her presentation of a backstory might be a step too far as
it did not seem credible to some participants, possibly because
of an uncanny valley phenomenon [25]. This finding is
supported by previous research on other relational agents whose
personality traits and life stories are enjoyed by some users,
whereas, to others, the attempt at making them too human-like
is not appealing [18,45]. It will be interesting to explore
attitudinal changes toward ECAs with personality as they
become more common, and familiarity increases.
Our findings add to the mounting evidence that suggests that
perfecting natural communication via congruence between
verbal and nonverbal communication is critical to improving
acceptability [20]. Nonverbal cues such as facial expressions,
gaze, gestures, postures, and body movements have a deep
impact on the process and outcome of communication, with
approximately 65% of social meaning derived from nonverbal
behavior [46]. Laura’s mannerisms and body movements were
the main basis on which she had particular personality traits
attributed to her, ranging from patronizing and censorious to
funny and sassy. Although the MDC app attempted to create
an ECA with natural communication, this effort was impeded
by difficulties using the speech recognition function; lack of
inflection in Laura’s voice; and a limited number of random
body movements, rather than ones that match the context of the
conversation. Understanding natural behaviors, biological
processes that underlie them, and creating efficient algorithms
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to implement a convincing simulation via an ECA is challenging
but critical to the success of future ECA-based self-management
support [15,35].

Strengths and Limitations
This mixed methods study is one of the first to explore users’
experiences of a sophisticated ECA in a real-world setting over
a 6-month period and offers several novel findings and
suggestions for future research. Although conducted within the
context of a randomized controlled trial, our participants used
the app in the context of their everyday lives, which is a strength
of the research. The mixed methods approach provides robust
evidence based on responses from a wide range of participants.
However, people who were retired, highly educated, and
engaged with the app were overrepresented in the interviewed
sample of participants.

Conclusions
The importance of the relational aspect of agents for health care
is becoming an increasingly prominent theme in the literature.
Our study adds to this literature by describing the long-term
experiences of people using an ECA for diabetes
self-management support and making recommendations for
improvements and future research. These findings suggest that
ECAs play a promising role in self-management support and
education. However, accommodating user preferences and
expectations of the role that an ECA may play in
self-management and improving their natural communication
are key to their success.
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Responses to question Q2: How did interacting with Laura make you feel? (N=66 ).
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Abstract
Background: The health conditions of Japanese salespersons may be adversely affected by their lifestyle. Face-to-face or on-site
health interventions are not convenient for salespersons because of their tendency for out-of-office sales. Previous studies showed
that mobile health (mHealth) interventions (compared to usual practice) have great potential to promote physical activity. For
Japanese salespersons, mHealth can offer additional convenience to change their physical activity habits because they can access
the mHealth contents anytime and anywhere. However, the specific elements that are most important to maintain physical activity
levels using an mHealth approach remain unclear.
Objective: We aimed to identify elements that account for both a high average physical activity level and can help to prevent
a decrease in physical activity during a 9-week intervention period.
Methods: Salespersons were recruited from 11 Japanese companies. A team-based walking intervention was held from October
to December 2018 (for a total of 9 weeks), during which the walking step data were recorded by smartphone apps. Average
walking steps of each participant during the intervention and the difference in walking steps between the initial and the final week
were respectively used as dependent variables. The effects of team characteristics (ie, frequency of communication with team
members and team size) and behavioral characteristics (ie, number of days with recorded steps on the apps) on the average walking
steps, and the difference in walking steps between the initial and the final week were estimated using multiple and multilevel
regression analyses.
Results: Of the 416 participants, walking step data of 203 participants who completed postintervention assessments were
included in the analyses. Multiple regression analysis of the average walking steps showed that the number of days with recorded
steps was positively correlated with the log-transformed average walking steps (β=.01, P<.001). Multilevel analysis of the average
walking steps considering the company level estimated that the intraclass correlation coefficient was 37%. This means that
belonging to the same company largely affected an individual’s average walking steps. Multiple regression analysis of the
difference in walking steps showed that communication with team members once or twice a week correlated with preventing a
decrease in walking steps from the initial to the final week (β=1539.4, P=.03), and being on a larger team correlated with a
decrease in walking steps from the initial to the final week (β=–328.4, P=.01).
Conclusions: This study showed that the elements accounting for high average walking steps and those preventing the decrease
in walking steps from the initial to the final week differed. Behavioral characteristics correlated positively with average walking
steps. Team characteristics (ie, regular communication and a smaller team size) significantly correlated with preventing a decrease
in walking steps.
(JMIR Mhealth Uhealth 2020;8(7):e16159) doi:10.2196/16159
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Introduction
Background
Previous studies have identified mobile Health (mHealth) as an
effective and accessible tool that can be used by a large number
of individuals, especially with the upsurge in mobile
communication devices [1]. In addition, some studies have
explored whether mHealth interventions would be more effective
than usual interventions (eg, face-to-face, printed leaflets), or
whether the change in target lifestyle from pre- to
postintervention would be significant within the mHealth
intervention group [2,3]. Previous reviews showed that mHealth
has great potential to promote physical activity in a wide range
of settings [4], including the workplace [5]. Maintaining good
physical health or behavior change has been reported as hard
to achieve [6,7], even if the study period is relatively short (eg,
1-3 months) [8]. In particular, some mHealth intervention studies
consistently showed a decline in physical activity levels over
time [9,10]. However, no study has identified the significant
elements required to maintain the physical activity level in an
mHealth intervention.

Health Condition Among Japanese Salespersons
Being a salesperson is one of the representative job types in
Japan. According to the 2015 population census [11],
salespersons (7,410,702) accounted for 14% of all employed
Japanese individuals, and ranked as the fourth largest among
12 job categories. Therefore, an intervention program focusing
on salespersons can have an important role in health promotion
at Japanese worksites.
The number of companies that are strategically promoting
“Health and Productivity Management,” an approach that
considers the health management of employees from a corporate
management perspective, has been increasing in Japan [12].
The physical activity level of the Japanese population aged 20
to 59 years (working population) in 2018 was lower than that
of the average Japanese population; the percentage of Japanese
men and women reporting a regular exercise habit was 31.8%
and 25.5%, respectively, and was 5%-10% lower among people
aged 20 to 50 years [13]. Particularly at Japanese worksites, the
health conditions of salespersons may be more adversely
affected than those of others due to their lifestyle. For instance,
salespersons are more likely to work long hours, become
inactive, and skip meals [14], partly because their customer’s
schedule comes first. It is not convenient for salespersons to
use a face-to-face or an on-site health intervention such as
providing healthy company cafeteria meals, because of their
tendency toward out-of-office sales. Therefore, mHealth can
offer additional convenience to change the physical activity
habits of Japanese salespersons because they can access the
mHealth contents anytime and anywhere. However, to the best
of our knowledge, there has been no mHealth research that has
focused specifically on Japanese salespersons.
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Team-Based and Competitive Intervention Program
Previous studies have suggested that a team-based competitive
approach would be effective to improve individual health-related
behaviors and health outcomes. Shape Up Rhode Island, a
statewide team-based campaign to promote weight loss and
walking, showed that changes in weight were similar among
teammates, and being on a more active team was associated
with a greater increase in activity for individual members
[15,16]. Accordingly, we expect that being a part of a team can
improve the individual physical activity of team members
through supportive interactions that encourage healthy behaviors
[17,18]. In addition, it can be anticipated that people in a
competitive environment use rankings as motivation to work
toward their individual goals [18]. Therefore, we expect that an
intervention program based on a team-based competitive
approach would also be effective in targeting salespersons.
In this study, we conducted a team-based competitive walking
intervention for Japanese salespersons via a smartphone app.
The participants were required to record their daily step counts
via the smartphone app. The participants could also check their
individual daily step counts and their team’s weekly ranking
via the smartphone app.

Goal of this Study
This observational study aimed to identify elements that account
for maintenance of physical activity during the intervention.
Two different approaches that could be used to estimate the
extent to which participants maintain their physical activity
levels are calculating the average physical activity level and the
amount of change of physical activity from the initial to the
final period during the intervention. Therefore, the purpose of
our study was two-fold, namely: (1) to estimate the effect of
team and individual behavioral characteristics on the average
walking steps of each participant, and (2) to examine the effect
of team and individual behavioral characteristics on the
difference in walking steps between the initial and final week
of the program.

Methods
Contents of the “Walking Intervention”
We held the “Walking Intervention” to promote walking activity
via smartphone apps at 11 companies representing the financial,
manufacturing, and pharmaceutical industries.
To recruit participants, we distributed the original leaflets to
sales departments at each company. We did not provide any
participant incentives for applicants at the recruitment stage of
this study. Applicants who were regular employees, working
in the sales department of each company, and who could carry
smartphones with them during working hours to record their
walking steps were eligible to participate in this intervention.
The decision to include applicants under medical treatment in
this intervention was officially determined at the discretion of
a physician. We registered 416 participants from September to
October 2018. A total of 85 teams of 3 to 8 members each were
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16159 | p.459
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formed. The team was formed by self-selected members or by
an intervention manager at each company who recruited
participants from their own worksites.

Ltd, Tokyo, Japan) to allow them to check their daily walking
steps. Individual and team rankings were calculated weekly by
the walking step counts displayed in the app.

Before the Walking Intervention started, we explained to each
participant the health benefits of walking, but the participants
did not have to set individual daily walking goals (eg, 8000
steps a day). Since the participants’ worksites and residences
geographically varied, we did not have any joint event to
promote the participants’ walking behavior. In addition, we did
not officially provide any messages to the participants
recommending them to walk more.

Figure 1 demonstrates the features of the CARADA app. The
app can automatically record the participants’ daily walking
steps and shows their step records at the top of the home screen.
To send their daily walking step data to the database, the
participants have to push the “data connection” button manually.
The app displays the results of the individual daily walking
steps, along with the company, team, and individual rankings
by calculating the step data stored in the database. Based on
previous studies indicating the effectiveness of social
comparison [18], we expected that the participants would be
motivated by checking the company, team, and individual
ranking results.

Since salespersons are likely to be out of the office for sales
and need an easy-to-participate program that can be conducted
anytime and anywhere, we held the intervention via smartphone
apps. The participants downloaded the app CARADA (MTI
Figure 1. Features of the CARADA app.

We held a seminar at each company before starting the walking
intervention during which the intervention manager explained
the purpose of the intervention, the rules, and how to download
the CARADA app. Seminars were held at a total of 7 companies;
the other 4 companies did not have the chance to gather the
participants together before the intervention. Therefore, for the
companies that did not have a seminar in advance, we provided
materials that included the same information as provided in the
seminar: the purpose of the intervention, the rules, and how to
download the CARADA app.
https://mhealth.jmir.org/2020/7/e16159
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The intervention was held from October 17 to December 17,
2018 (total of 9 weeks or 62 days). One company had a 2-week
delay from October 31 to December 31, 2018.

Postintervention Assessment
We administered questionnaires to the participants after the
intervention (January 2019) via the CARADA app to assess the
frequency of communication between team members, daily
means of transportation during working hours, the reason for
participating in this intervention, and the applicability of an
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16159 | p.460
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app-based walking intervention. According to previous studies
[15-18], we hypothesized that some factors (eg, good team
relationship) would be essential for the success of a worksite
health intervention. Therefore, we developed the questionnaires
based on the hypothesis and through discussion with the
intervention managers (see Multimedia Appendix 1). To reduce
the burden on the participants, we did not insist that they answer
the questionnaires both prior to and after the intervention.

week was calculated by subtracting the average walking steps
for the final week from that of the initial week. Multilevel
analysis was also used because the data had a clustered structure
(ie, step count data of participants within companies). However,
because the eligible data for the analysis of difference in walking
steps included that of a company with step counts from only
one participant, we did not apply the multilevel analysis for the
difference in walking steps.

Statistical Analyses

We used the following factors as confounding variables: sex
(male=1, female=reference), age (years), daily means of
transportation during working hours (1=use of a public
transportation system, not using public transportation=reference)
or walking (walking=1, not walking=reference), the reason for
deciding to participate in the intervention (voluntary
participation=1, invitation from their colleagues or
boss=reference), the business category to which the participants
belonged (finance=reference, manufacturing, pharmaceutical),
and whether the company to which the participants belonged
had a seminar before the intervention (having a seminar=1, not
having a seminar=reference). We examined the correlation
coefficients of all explanatory variables. All correlation
coefficients were between –0.5 and 0.5, and there were no strong
correlations observed among the explanatory variables.

Because the distribution of average walking steps was
right-skewed, we could not apply a parametric analysis that
requires a normal distribution. Therefore, the Wilcoxon
rank-sum test or Kruskal-Wallis rank-sum test was used to
compare the median of average walking steps between the
explanatory categorical variables. One-way analysis of variance
(ANOVA) was used to compare the average difference in
walking steps between the initial and final week between the
explanatory categorical variables.
We performed analyses to estimate the effects of team and
behavior characteristics on average walking steps and the
difference of walking steps between the initial and the final
week. The following team characteristics were included: team
size (number of participants in a team, ranging from 3 to 8
members) and the frequency of communication with team
members (rarely=reference, once or twice a month, once or
twice a week, three or four times a week, every day). As a
behavioral characteristic, the number of days with recorded
steps of each participant was examined.
We first performed multiple regression and multilevel analyses
to examine the effect of team and individual behavioral
characteristics on the average walking steps, and then performed
an additional multiple regression analysis to examine the effect
of team and individual behavioral characteristics on the
difference in walking activity between the initial and the final
week throughout the program.
For the first analyses, the average walking steps of each
participant during the intervention was the dependent variable.
Multiple regression analysis was performed to examine the
relationship of team and behavioral characteristics with average
walking steps. As the degree of health consciousness and
motivation for physical activity were considered to likely differ
among the 11 companies, we subsequently applied the random
intercept model to consider the random effect of the company
to which each participant belonged. In addition, we used the
business category (finance, manufacturing, and pharmaceutical)
as a confounding variable because the lifestyle and work style
among salespersons could vary according to business category.
The average walking steps of each participant was
log-transformed as a dependent variable, because the values
were always above zero and the distribution was right-skewed.
For the second analysis, the difference in walking steps between
the initial (ie, first and second week) and the final week (ie,
ninth week) for each participant was the dependent variable.
The difference in walking steps between the initial and the final
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Statistical analyses were performed using R 3.5.1 software with
the dplyr [19], ggplot2 [20], and lme4 [21] packages. A P value
<.05 was considered statistically significant.

Ethical Approval
This study was conducted with payouts from the Ministry of
Health, Labor, and Welfare, Japan. The University of Tokyo
Human Research Ethics Committee approved this study
(18-213). All participants received a written and/or verbal
explanation of the intervention requirements before providing
consent. We provided an informed consent form when the
participants downloaded the CARADA app.

Results
Recruitment and Participants
Of the 486 people who applied to participate in the walking
intervention, 70 were not eligible for official participation
because they either dropped out of the intervention or did not
comply with the research requirements. Therefore, we officially
registered 416 participants for the walking intervention. We
included the walking step data of 203 participants who
completed the assessments after the intervention in the final
analyses (Figure 2). We did not include any participants with
incomplete data in the analysis (n=213) who did not complete
the final assessment, because some essential explanatory
variables were obtained only from the final assessment. For
example, it was not possible to ascertain the exact subjective
team evaluation (eg, frequency of communication with team
members) from the noncompleters. Therefore, if a team was
composed of only noncompleters, we could not analyze that
team in this study.
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Figure 2. Study flow diagram.

Characteristics of Participants
Table 1 summarizes the characteristics of the final 202
participants included in the analyses on the average walking
steps during the intervention. We excluded one of the 203
participants who completed the assessments after the
intervention from this analysis because they failed to record
any steps during the intervention. Table 2 shows the
characteristics of 175 participants included in the analyses with
respect to the difference in walking steps between the initial
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and the final week (28 of 203 participants who did not record
any steps at the initial or during the final week were excluded).
The sample predominantly comprised men for both the analysis
on the average walking steps and the analysis on the difference
of walking steps. The majority of participants communicated
with their team members once or twice a week among the five
communication categories. The average team size was 5.8. The
number of recorded step days was 54.7 for the analysis on the
average walking steps and was 58.5 days for the analysis on the
difference of walking steps (Table 1 and Table 2).
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Table 1. Characteristics of participants for the analysis on average walking steps during the intervention (N=202a).
Characteristic

Value

Sex (male), n (%)

159 (78.7)

Age (years), mean(SD)

41.3 (8.91)

Daily means of transportation, n (%)
Public transportation system=no

131 (64.9)

Public transportation system=yes

71 (35.1)

Walking=no

137 (67.8)

Walking=yes

65 (32.2)

Voluntary participation, n (%)

141 (70.1)

Business category, n (%)
Finance

90 (44.6)

Manufacturing

22 (10.9)

Pharmaceutical

90 (44.6)

Having a seminar before the intervention, n (%)

154 (76.2)

Frequency of communication with team members, n (%)

a

Rarely

31 (15.4)

Once or twice a month

36 (17.9)

Once or twice a week

73 (36.3)

Three or four times a week

28 (13.9)

Every day

33 (16.4)

Did not answer

1 (0.5)

Team size, mean (SD)

5.8 (1.62)

Number of days with recorded steps, mean (SD)

54.7 (12.44)

One participant who did not record any steps at all was excluded from the total 203 participants.
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Table 2. Characteristics of participants for the analysis on the difference of walking steps between the initial and the final week (N=175a).
Characteristic

Value

Sex (male), n (%)

136 (77.7)

Age (years), mean (SD)

41.9 (9.04)

Daily means of transportation, n (%)
Public transportation system=no

108 (61.7)

Public transportation system=yes

67 (38.3)

Walking=no

115 (65.7)

Walking=yes

60 (34.3)

Voluntary participation, n (%)

122 (70.1)

Business category, n (%)
Finance

78 (44.6)

Manufacturing

17 ( 9.7)

Pharmaceutical

80 (45.7)

Having a seminar before the intervention (%)

132 (75.4)

Frequency of communication with team members (%)

a

Rarely

22 (12.6)

Once or twice a month

30 (17.2)

Once or twice a week

66 (37.9)

Three or four times a week

26 (14.9)

Every day

30 (17.2)

Did not answer

1 (0.6)

Team size, mean (SD)

5.8 (1.60)

Number of days with recorded steps, mean (SD)

58.5 (6.49)

Twenty-eight participants who did not record any steps in the initial or final week were excluded from the total 203 participants.

Multimedia Appendix 2 shows the results of the comparison
between the completers (n=203), who completed the final
assessment, and the noncompleters (n=213), who did not
complete the final assessment, in terms of age, sex, and the
average recorded walking steps. The completers were
significantly older, walked more, and the proportion of female
completers was higher than that of noncompleters.

Descriptive Statistics
Figure 3 shows the distributions of the average walking steps
and difference in walking steps between the initial and the final
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week. The distribution of the average walking steps was
right-skewed, and the distribution for the difference in walking
steps tended to be normal.
The mean and median (IQR) average walking steps was 8024
and 7908 (5710-9819), respectively, with a range of 1724 to
22,965. The Shapiro-Wilk normality test showed a significant
effect (W=0.96, P<.001). The mean and median (IQR) difference
in walking steps between the initial and the final week was
–898.0 and –760.4 (–2462.6 to 878.8), respectively, with a range
of –7908.5 to 6429.2. The Shapiro-Wilk normality test was not
significant (W=0.99, P=.19).
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Figure 3. Distribution of the average walking steps and difference in walking steps between the initial and the final week for each participant.

Table 3 shows the Wilcoxon or Kruskal-Wallis rank-sum test
results for the average walking steps of each participant for each
categorical variable. The average walking steps differed
significantly between the following variables: using the public
transportation system or walking, the company’s business
category to which the participants belonged, and having a
seminar before the intervention. The average walking steps and
age were significantly correlated (Pearson correlation coefficient
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0.23, P=.001). The average walking steps was also significantly
correlated with the number of days with recorded steps (Pearson
correlation coefficient 0.37, P=.001). Team size did not
significantly correlate with average walking steps. The
participants who did not have a seminar recorded significantly
higher average walking steps than those who did receive the
seminar in advance (Table 3).
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Table 3. Average walking steps for each explanatory variable.
Categorical variables

n

Median (IQR) average stepsa

Sex

P valueb
.08

Female

43

8404 (6888-10,228)

Male

159

7623 (5610-9701)

Use of public transportation system

<.001

No

131

6775 (5350-8618)

Yes

71

9527 (8170-11,185)

Walking

<.001

No

137

7025 (5576-9183)

Yes

65

9149 (7570-11,003)

Voluntary participation

.86

No

60

7806 (5572-9799)

Yes

141

7910 (5782-9831)

Did not answer

1

9333 (N/Ac)

Business category

.003

Finance

90

8363 (5961-10,370)

Manufacturing

22

9235 (7864-9936)

Pharmaceutical

90

6778 (5391-9123)

Taking a seminar before the intervention

<.001

No

48

8816 (8040-10,346)

Yes

154

6967 (5391-9468)

Frequency of communication with team members

.27

Rarely

31

8058 (5667-9626)

Once or twice a month

36

7154 (4505-9251)

Once or twice a week

73

7750 (5722-10,158)

Three or four times a week

28

7385 (5319-9151)

Every day

33

8529 (6602-10,333)

Did not answer

1

9333 (N/A)

a

The distribution of average walking steps of each participant was right-skewed; therefore, the medians of average walking steps with IQR are shown
for each categorical variable.
b

The P values for categorical variables were estimated by the Wilcoxon or Kruskal-Wallis rank-sum test.

c

N/A: not applicable.

One-way ANOVA results for the difference in walking steps
between the initial and the final week for each categorical
variable demonstrated that participants who used public
transportation systems or walked for their daily transportation
recorded a significantly smaller difference in walking steps
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between the initial and the final week than those who did not
use public transportation systems or did not walk for daily
transportation. There were no significant correlations between
any of the continuous variables and the difference in walking
steps (Table 4).
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Table 4. Difference in walking steps between the initial and the final week for each explanatory variable.
Categorical variables

n

Mean (SD) of difference

Sex

.22
Female

39

–453 (2638)

Male

136

–1026 (2542)

Use of public transportation system

.006

No

108

–1315 (2671)

Yes

67

–226 (2252)

Walking

.01

No

115

–1241 (2519)

Yes

60

–240 (2550)

Voluntary participation

.72

No

52

–1017 (2284)

Yes

122

–865 (2690)

Did not answer

1

1216 (N/Ab)

Business category

.79

Finance

78

–762 (2325)

Manufacturing

17

–846 (1786)

Pharmaceutical

80

–1042 (2926)

Having a seminar before the intervention

.10

No

43

–333 (2186)

Yes

132

–1082 (2661)

Frequency of communication with team members

a

P valuea

.42

Rarely

22

–1797 (2220)

Once or twice a month

30

–1082 (3244)

Once or twice a week

66

–633 (2446)

Three or four times a week

26

–995 (1751)

Every day

30

–624 (2891)

Did not answer

1

1216 (N/A)

The P values for categorical variables were calculated by one-way analysis of variance.

b

N/A: not applicable.

Multiple Regression and Multilevel Analyses
Table 5 shows the multiple regression analysis results for the
average walking steps (multiple R2=0.36; adjusted R2=0.31).
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The behavioral characteristic (number of days with recorded
steps) was positively correlated with the log-transformed average
walking steps (β=.01, P<.001).
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Table 5. Multiple regression analysis for factors influencing average walking steps during the interventiona (N=192b).
Variables

βc

SE

P value

Intercept

8.05

0.22

<.001

Sex (male=1)

–.02

0.07

.80

Age (years)

.01

0.003

.02

Daily means of transportation (using public transportation system=1)

.18

0.07

<.001

Daily means of transportation (by walking=1)

.04

0.06

.50

Voluntary participation (yes=1)

.04

0.07

.54

Finance (reference)

N/Ad

N/A

N/A

Manufacturing

.09

0.1

.36

Pharmaceutical

–.09

0.08

.27

–.07

0.08

.41

Rarely (reference)

N/A

N/A

N/A

Once or twice a month

–.08

0.09

.38

Once or twice a week

–.02

0.08

.80

Three or four times a week

–.03

0.1

.77

Every day

.03

0.1

.75

Team size

–.01

0.02

.48

Number of days with recorded steps

.01

0.002

<.001

Business category

Having a seminar before the intervention (yes = 1)
Frequency of communication with team members

a

The participants’ average steps were log-transformed.

b

Participants with missing data for explanatory variables were excluded from the analysis.

c

Partial regression coefficients are reported.

d

N/A: not applicable.

Table 6 shows the multilevel analysis results for the average
walking steps according to the participants’ company level. The
intraclass correlation coefficient (ICC) was 37% in the null
model (0.07 [variance of company]/0.12 [variance of
residual]+0.07 [variance of the company]), indicating that
belonging to the same company largely affected an individual’s
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average walking steps. The Akaike Information Criterion value
for the null model was 178.93 and was 207.3 for Model 1. In
this multilevel analysis, the number of days with recorded steps
still showed a significant positive correlation with the
log-transformed average walking steps.
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Table 6. Multilevel analysis results for average walking steps during the interventiona (N=192b).
Variables

βc

SE

P value

(Intercept)d

8.21

0.28

<.001

Sex (male=1)

.12

0.07

.07

Age (years)

.002

0.003

.43

Daily means of transportation (using public transportation system=1)

.14

0.07

.04

Daily means of transportation (walking=1)

–.01

0.06

.82

Voluntary participation (yes=1)

.06

0.07

.38

Finance (reference)

N/Ae

N/A

N/A

Manufacturing

.05

0.20

.82

Pharmaceutical

–.16

0.21

.48

–.10

0.20

.63

Rarely (reference)

N/A

N/A

N/A

Once or twice a month

–.05

0.08

.56

Once or twice a week

–.01

0.08

.90

Three or four times a week

–.08

0.09

.38

Every day

.06

0.09

.52

Team size

–.0008

0.02

.96

Number of days with recorded steps

.01

0.002

<.001

Business category

Having a seminar before the intervention (yes=1)
Frequency of communication with team members

a

The participants’ average steps during the intervention were log-transformed.

b

Participants with missing explanatory variable data were excluded from the analysis.

c

Partial regression coefficients are reported.

d

Intercept of null model=9.02 (–0.09)

e

N/A: not applicable.

Table 7 shows the multiple regression analysis results for the
difference in walking steps between the initial and the final
week (multiple R2=0.13, adjusted R2=0.04). For the team
characteristics, significant correlations were observed between

https://mhealth.jmir.org/2020/7/e16159

XSL• FO
RenderX

having communication with team members once or twice a
week and preventing a decrease in walking steps from the initial
to the final week. Being on a larger team was also correlated
with a decrease in walking steps from the initial to the final
week.
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Table 7. Multiple regression model results for the difference in walking steps between the initial and the final week (N=167a).
Variables

βb

SE

P value

(Intercept)

2810.2

2331.2

.23

Sex (male=1)

–659.5

526.9

.21

Age (years)

–11.2

23.8

.64

Daily means of transportation (using public transportation system=1)

1051.7

515.1

.04

Daily means of transportation (walking=1)

613.1

487.9

.21

Voluntary participation (yes=1)

–316.8

558.7

.57

Finance (reference)

N/Ac

N/A

N/A

Manufacturing

–11.9

767.7

.99

Pharmaceutical

688.2

599

.25

–453.6

597.5

.45

Rarely (reference)

N/A

N/A

N/A

Once or twice a month

1041.4

741.9

.16

Once or twice a week

1539.4

683.4

.03

Three or four times a week

1142.6

775.4

.14

Every day

1143.8

777.7

.14

Team size

–328.4

130.8

.01

Number of days with recorded steps

–39.4

32.3

.23

Business category

Having a seminar before the intervention (yes=1)
Frequency of communication with team members

a

The participants with missing explanatory variable data were excluded from the analysis.

b

Partial regression coefficients are reported.

c

N/A: not applicable.

Discussion
Principal Results
The average walking steps had a significant positive correlation
with the individual behavioral characteristic (number of days
with recorded steps). However, preventing a decrease in walking
steps from the initial to the final week had significant
correlations with two team characteristics (having
communication with team members once or twice a week and
being on a smaller sized team).
Previous studies have suggested that a positive change in
physical activity was most likely to occur at the beginning of
the program, and the physical activity level tended to decrease
from the beginning to later periods [9,10]. The present study
showed that the elements contributing to recording a higher
number of average walking steps and those contributing to
preventing a decrease in walking steps from the initial to the
final week were different. The intervention for individual
behavior (eg, offering an easy activity tracking tool) was
effective in enhancing the basic physical activity level. The
intervention for team relationships (eg, providing support for
team members via some communication tools) was effective in
preventing a decrease in physical activity level during the
9-week intervention period.
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Average Walking Steps
The number of days with recorded steps was positively
correlated with the average walking steps throughout the
intervention. Recording step counts via smartphone apps can
offer an easy way of monitoring the steps, and thus provide
direct feedback on daily walking patterns. Previous studies have
reported that use of a self-monitoring technique was associated
with a positive change in health-related behavior and health
outcomes [22,23]. For example, self-weighing led to success
with weight loss; furthermore, with a greater number of days
that participants monitored their own weight, there was a greater
decrease in weight [23]. Intervention programs using
self-monitoring methods also showed great potential to increase
physical activity [22]. Feedback tools can be effective for
increasing physical activity; Kang et al [24] showed that using
a pedometer with a feedback tool significantly increased the
participants’ motivation to become more active.
Smartphone apps can provide more effective self-monitoring
and feedback tools than traditional pedometers [25]. For
example, smartphone apps can be equipped with visible
feedback content, which is not possible with traditional
pedometers. It may be more convenient to record and monitor
daily step counts via smartphone apps than traditional
pedometers, as people usually carry smartphones with them
throughout the day. In addition, smartphone apps can offer more
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16159 | p.470
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accessible self-monitoring tools than a website-based program
[26]. Therefore, it is speculated that the number of days with
recorded steps in this study might have been amplified by using
smartphone apps with strong self-monitoring and feedback
features.
In the multilevel analysis on the average walking steps, the ICC
was 37% and being in the same company largely explained the
individual variance in average walking steps. It is possible that
a company that employed more healthy salespersons happened
to have a healthy culture and more motivation toward physical
activity as a whole. However, considering the results of previous
studies showing that community culture has a significant impact
on individual health-related behaviors and health outcomes
[27-29], the causal relationship between health outcomes of
individual employees and the degree of health consciousness
at the company level could be in the opposite direction. This
study showed that participants who did not have a seminar
before the intervention recorded a higher average number of
walking steps. One possible reason is that companies that
consider their employees to not have a healthy lifestyle and
promote Healthy and Productivity Management [12] might have
encouraged the participants to take a seminar to further motivate
them. However, the seminar was not effective in improving the
employees’ behavior. We can assume that interventions to raise
awareness about health that are administered company-wide
can result in greater success in the change in individual
employees’ health outcomes.

Difference in Walking Steps
In the analyses on the difference of walking steps between the
initial and the final week, a smaller team size correlated with
preventing a decrease in walking steps throughout the
intervention. It has been suggested that a social network and
social support can contribute to increased physical activity levels
[30,31]. We assumed that the participants in smaller teams
would more easily be able to communicate with each other, and
that the positive social support effect was more likely to occur
in smaller rather than in larger teams.
Having communication with team members once or twice a
week also correlated with preventing a decrease in walking steps
from the initial to the final week. Previous studies showed that
having a social interaction could reduce participants’ attrition
[32]. It is possible that having regular communication built
social support among team members, which contributed to
preventing a decrease in walking steps from the initial to the
final week. However, there was no dose-response relationship
between the frequency of communication and prevention of a
decrease in walking steps. Having communication more than
once or twice a week did not correlate with preventing a
decrease in walking steps. One possible explanation is that the
effect of social support on physical activity performance was
influenced by personality type [33]. Some participants may feel
encouraged to do more walking, whereas others may feel
pressured from social support. Therefore, this finding may
indicate that a moderate level of communication is needed to
promote physical activity.
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Limitations
One of the potential limitations of this study is that we included
participants who voluntarily decided to participate in this
walking intervention; thus, the sample population might have
been comparatively more health-conscious than the general
population. We excluded 213 participants from the analyses
who did not complete the assessment. In addition, we conducted
the assessment via a smartphone app; therefore, it is possible
that participants who were unfamiliar with the use of smartphone
apps could not properly respond to the assessment. There is a
need for further examination on whether the effectiveness of
self-monitoring and feedback via smartphone apps that was
observed in this study can also be applied to people who are
unfamiliar with the use of smartphone apps. The assessment
was conducted after the intervention, raising the possibility that
only the people who were motivated by the walking intervention
might have answered the assessment questionnaire. The people
who were highly motivated may have been the participants who
were more satisfied with this intervention because of their team
relationship or their success with walking behavior. In fact, the
average number of recorded walking steps among the completers
was higher than that of noncompleters. It is possible that only
the people with a high number of recorded walking steps or that
had good communication with team members might have been
included in this analysis. The same bias could have occurred
among the 28 of the 203 participants who did not record any
steps in the initial week or during the final week, and were
therefore excluded in the analyses due to a lack of difference
in walking steps between the initial and the final week.
Additionally, the sample was predominantly comprised of men.
According to the population census of 2015 [11], the proportion
of men among salespersons was about 56%. The proportion of
men in this study was larger than that indicated from the census
result. One of the possible reasons for this discrepancy is that
the industries selected to focus on in this study tend to employ
more male salespersons than female salespersons; for example,
the proportion of male salespersons in the manufacturing
industry (including the pharmaceutical industry) was over 80%
and that in the financial industry was about 50% [11]. Therefore,
a wide range of industries should be targeted to generalize these
results in future studies.
The number of days with recorded steps might also reflect the
participants’ motivation for walking; that is, participants with
a more inherent motivation to walk would record a higher
number of days with steps. This could have resulted in reduced
effectiveness of self-monitoring and feedback using smartphone
apps compared to expectation.
Another limitation is that the study period was shorter than that
used in other studies focusing on the long-term intervention
effect on physical activity. For example, Buckingham et al [5]
reviewed the studies regarding an mHealth intervention for
physical activity and reported that a significant mHealth effect
on physical activity was largely observed from 1 month to 12
months after the beginning of the intervention. Although our
study period was only 9 weeks, we expected that not all of the
participants would maintain their physical activity level during
this period. For example, Boyce et al [8] reported that the
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
greatest change in mean BMI occurred within the first few
weeks (ie, 4 weeks) and then plateaued until the end of
intervention (ie, at week 12). Therefore, we expected that the
physical activity level would decline in most participants, while
some would maintain the increased physical activity level. Our
aim was to investigate the specific factors that would most
contribute to these differences in physical activity levels.
Therefore, follow-up research after the intervention (eg, 12
months) should be conducted to assess the long-term effects
similar to previous studies.
This study used a multilevel analysis to consider the company
effect of this clustered data structure. We also tried to consider
the clustered effect of a team, but as some teams had only one
eligible participant for analysis, we could not apply the
multilevel analysis considering the team effect. We checked the
correlation between all of the explanatory variables (including
team variables). All correlation coefficients were between –0.5
and 0.5, and the observed explanatory variables were
numerically independent. However, it is possible that the
clustered effect of a team was not sufficiently investigated.

Hamamatsu et al
As this study used a cross-sectional design, we cannot infer
causal relationships between the individual recorded steps and
team or behavioral characteristics. We did our best to adjust for
possible confounders using statistical analysis, but since this
study was not a randomized controlled trial, there are many
unmeasured confounders that could also explain the results.
Therefore, we cannot simply generalize the results from this
study.

Conclusion
This study showed that the elements that accounted for raising
the average number of walking steps and those that accounted
for preventing a decrease in walking steps from the initial to
the final week were different. The behavioral characteristic
(number of days with recorded steps via smartphone apps) was
positively correlated with the average number of walking steps.
Team characteristics (having regular communication once or
twice a week and a smaller team size) were significantly
correlated with preventing a decrease in walking steps.
Considering the above factors, we can develop more effective
mHealth programs focusing on salespersons, which can be used
for maintenance of high physical activity levels.
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Abstract
Background: Pregnancy mobile apps are becoming increasingly popular, with parents-to-be seeking information related to
their pregnancy and their baby through mobile technology. This increase raises the need for prenatal apps with evidence-based
content that is personalized and reliable. Previous studies have looked at whether prenatal apps impact health and behavior
outcomes among pregnant and postpartum individuals; however, research has been limited.
Objective: The primary objective of this study is to assess whether the use of a health system–sponsored mobile app—Circle
by Providence—aimed at providing personalized and reliable health information on pregnancy, postpartum recovery, and infant
care is associated with improved health outcomes and increased healthy behaviors and knowledge among users.
Methods: This observational study compared app users and app nonusers using a self-reported survey and electronic medical
records. The study took place over 18 months and was conducted at Providence St. Joseph Health in Portland, Oregon. The sample
included patients who received prenatal care at one of seven Providence clinics and had a live birth at a Providence hospital.
Recruitment occurred on a rolling basis and only those who completed the survey were included. Survey respondents were
separated into app users and app nonusers, and survey responses and clinical outcomes were compared across groups using
univariate and adjusted multivariate logistic regression.
Results: A total of 567 participants were enrolled in the study—167 in the app user group and 400 in the nonuser group. We
found statistically significant differences between the two groups for certain behavior outcomes: subjects who used the app had
75% greater odds of breastfeeding beyond 6 months postpartum (P=.012), were less likely to miss prenatal appointments (P=.046),
and were 50% more likely to exercise 3 or more times a week during pregnancy (P=.04). There were no differences in nutritional
measures, including whether they took prenatal vitamins, ate 5 fruits or vegetables a day, or drank caffeine. We found no differences
in many of the infant care outcomes; however, there was an increase in awareness of “purple crying.” Finally, there were no
significant differences in measured clinical health outcomes, including cesarean births, length of hospital stays (in minutes), low
birth weight infants, preterm births, small-for-gestational-age births, large-for-gestational-age births, and neonatal intensive care
unit stays.
Conclusions: The use of the Circle app, which provides access to personalized and evidence-based health information, was
associated with an increase in certain healthy behaviors and health knowledge, although there was no impact on clinical health
outcomes. More research is needed to determine the impact of mobile prenatal apps on healthy pregnancies, clinical health
outcomes, and infant care.
(JMIR Mhealth Uhealth 2020;8(7):e17183) doi:10.2196/17183
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Introduction
Demand for prenatal apps has increased over the years, as
parents-to-be seek reliable information outside of clinical hours
[1]. Lee et al [2] showed that apps related to pregnancy and
childcare have become an important resource, particularly
among first-time parents. There are currently dozens of available
pregnancy apps aimed at providing varying degrees of
information to individuals throughout their pregnancy and during
the postpartum period.
While mobile pregnancy apps can provide education between
prenatal visits, studies have shown that pregnancy apps often
lack evidence-based information and localized resources that
new parents can trust [2-4]. Other studies have shown that many
pregnant individuals are turning to the internet to search for
information related to pregnancy symptoms before speaking
with their health care provider, sometimes consulting unreliable
information [1,5]. Patient-facing technology, including apps,
should be tailored to the patient to better engage and educate
the patient on key risk factors and other issues related to their
pregnancy and birth [6]. Some studies have shown that pregnant
patients, especially first-time parents and those at high risk,
frequently use mobile apps as a source of information on
pregnancy and infant care [2,3,7,8]; however, many of the tools
found in pregnancy apps have not been shown to be effective
[9]. For example, breastfeeding trackers are increasingly
prevalent, but very few have been shown to provide
evidence-based information and recommendations [9,10]
To find a way to help pregnant patients outside of traditional
prenatal appointments, the Providence St. Joseph Health’s
Consumer Innovation Team had discussions with 10 providers,
including perinatal providers, service line leaders, and educators
from the Swedish Medical Center and Providence Health &
Services. They also conducted one-on-one interviews with 11
individuals in Seattle, Washington, and 7 individuals in Portland,
Oregon, who were either pregnant or new parents. The provider
and consumer sessions were facilitated by a 3rd-party user
experience research firm. Providers reported that they were
limited by time constraints during inpatient visits to address all
patient questions, as well as their clinical and nonclinical needs.
Pregnant individuals and new parents expressed a desire for
information they could trust, that helped them feel “normal,”
could be personalized to their unique needs, and that connected
them to care quickly when they needed additional support. Based
on these discussions, the team designed the Circle app with the
following goals:
•

•
•

Provide Providence and its patients and their families with
the opportunity to connect and receive personalized health
information to promote healthy pregnancies, births, and
pediatric care from birth to 18 years of age;
Give users access to relevant, evidence-based pregnancy
and infant care information they can trust;
Connect users to prenatal and postnatal care and services;
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•

•
•
•

Provide informative content, to-do lists, and reminders
related to prenatal and pediatric care, including tools to
track fetal movement, pregnancy weight gain, vaccines,
feeding, and diapers that parents-to-be and current parents
can use in consultation with their provider;
Improve patient retention with Providence St. Joseph Health
providers;
Positively impact family well-being;
Integrate with Providence’s MyChart and promote Express
Care Virtual, which are online services offered by
Providence that are aimed at increasing access to care.

Circle launched in 2016 in Portland, Oregon, and the greater
Seattle, Washington, area. In 2018, Circle was acquired by
Wildflower Health, a digital health company based in San
Francisco. As of September 2018, the app is now available to
patients across all Providence St. Joseph Health locations. As
of November 2019, there were over 45,000 registered Circle
users.
This study examined whether use of the Circle app during the
prenatal period was associated with improved health and health
behavior outcomes among pregnant and postpartum parents.
We hypothesize that use of the Circle app would be associated
with improved healthy behaviors and knowledge during and
after pregnancy and improved clinical outcomes compared to
non-Circle app users.

Methods
Study Overview
This was an observational study that used surveys and electronic
medical records to examine a variety of outcomes on health
knowledge, healthy behaviors for pregnancy and infant care,
and clinical outcomes. The Providence Health and Services
Institutional Review Board approved this study.

Data Sources
There were two main data sources for this study: the Providence
Birth and Infant Care Survey and electronic medical records.
The Providence Birth and Infant Care Survey was developed
by Providence St. Joseph Health’s Center for Outcomes
Research and Education (CORE) in partnership with the
Consumer Innovation Team. The survey included validated
measures of certain health behaviors and knowledge in the
prenatal and postnatal periods as well as infant care. The survey
also measured demographics and the use of resources and
technology (including the Circle app) to obtain information on
pregnancy and infant care.
Electronic medical records from Epic, an electronic health record
software application used by Providence St. Joseph Health,
included individual-level data on clinic visits, medical
procedures, and diagnoses during pregnancy and at birth. These
data were used to identify the study sample based on
engagement in prenatal care at one of the seven selected clinics
and having a live birth at a Providence hospital. This data source
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was also used to measure clinical outcomes at birth for the birth
parent and infant.

Participants and Recruitment
We used Epic medical health records to select potential study
participants based on the following criteria: they had four or
more prenatal encounters at one of the seven selected Providence
clinics in Portland, were over 18 years of age, and gave birth
to a live infant at a Providence hospital in the past 4-6 months.
Individuals were excluded if they were an employee of
Providence. Recruitment into the study occurred from March
2018 to January 2019. During the study window, a total of 1500
people were identified as potential participants.
Paper surveys were sent out to all potential participants through
the mail with a small monetary compensation for their time.
Nonresponders received a second survey in the mail as well as
an email reminder and electronic versions of the survey. A total
of 618 viable surveys were returned for an overall response rate
of 41.2%.
Survey responses were used to define the app user group and
the comparison nonuser group. The app user group comprised
individuals who indicated that they used the Circle app during
the prenatal period and the nonuser group comprised individuals
who indicated that they did not use the app during the prenatal
period or did not use the app at all. Respondents were excluded
from the analysis if they did not indicate use of any resources
in the prenatal period (n=31) and if their responses concerning
Circle use were contradictory (ie, it was unclear if they were,
in fact, a Circle user; n=20). After exclusion, the total number
of individuals with viable surveys was 567. A total of 167 people
qualified for the app user group (those who used Circle in the
prenatal period), and 400 people qualified for the comparison
nonuser group (those who did not use Circle in the prenatal
period).

Outcome Measures
The Providence Birth and Infant Care Survey includes many
validated and developed measures of pre- and postnatal health,
health care, health behaviors, and health knowledge. We selected
three main types of outcome measures for this study:
•

•

•

Prenatal care and behavior: patient’s prenatal and
postpartum care, including missed appointments; dental
care; exercise, prenatal vitamins, fruit/vegetable and
caffeine consumption [11-16]
Infant care: breastfeeding, preparedness for appointment,
awareness of “The Period of Purple Crying” (a time early
in an infant’s life when there is more crying than normal),
and vaccine hesitancy [12,17-20]
Demographics and socioeconomic status: age,
race/ethnicity, gender identity, number of children, marital
status, income, education, and insurance type [12]

Clinical outcomes were defined as binary variables (present or
absent) using a combination of the International Statistical
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Classification of Diseases and Related Health Problems-10,
Current Procedural Terminology / Healthcare Common
Procedure Coding System, and revenue codes. Clinical outcomes
included caesarian section, preterm birth (fewer than 37 weeks
of gestation), low birth weight (less than 2500 g),
small-for-gestational-age birth (weight below the 10th percentile
for the gestational age), large-for-gestational-age birth (weight
above the 90th percentile for that gestational age), length of
stay for a birth event, and presence of a neonatal intensive care
unit (NICU) stay.

Analysis
Univariate logistic regressions were used to identify
demographic differences between the app user and nonuser
groups. Survey outcome measures with Likert-type scales were
collapsed into binary responses for positive and negative
responses. For responses on a 5-point Likert scale, we collapsed
only the clearly positive responses into the positive group with
the remaining responses allocated to the negative group. We
did not adjust our significance level based on multiple
comparisons, which should be considered in the interpretation
of results. Analysis of outcomes were conducted using one-step
multivariable logistic regressions constructed with adjusting
variables based on significant difference across the two groups
and understanding of factors that can impact pregnancy
outcomes—age (continuous), race, gross household income,
number of children, and insurance type. All analyses were
conducted in R, version 3.3.3. We considered P<.05 to be
statistically significant for the purposes of this study.

Results
Demographic and Socioeconomic Profile
The Providence Birth and Infant Care Survey asked questions
on demographics and the socioeconomic status of respondents
to better understand the profile of individuals using Circle in
the prenatal period compared to those who did not. Our results
found that the prenatal Circle users and non-Circle users were
similar in age and marital status (Table 1). We did find a
statistically significant difference in race and ethnicity between
users and nonusers (P=.01). Circle users were more likely to
be white than non-Circle users. Circle users were also more
likely to be pregnant with their first child compared to
non-Circle users (P<.001).
The survey looked at several socioeconomic factors, including
self-reported education, household income, and insurance status
(Table 2). We found statistically significant differences between
the groups in gross household income and insurance type. There
were fewer low-income prenatal Circle users than non-Circle
users (P=.001) and, likewise, fewer Circle users on Medicaid
(P=.02). Despite this difference in health insurance coverage,
there was a similar percentage of people in each group covered
by the Providence Health Plan. These differences were adjusted
for in our analyses.
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Table 1. Demographic profile of study participants (N=567). Italicized P values are significant.
Characteristic

Prenatal Circle use (n=167), n (%) No prenatal Circle use (n=400), n (%) P value

Age group

.81

Under 25

7 (4.2)

26 (6.5)

25-29

34 (20.4)

84 (21.0)

30-34

62 (37.1)

133 (35.3)

35-39

53 (31.7)

119 (29.8)

40 and older

11 (6.6)

38 (7.5)

Race/ethnicity

.01

White

117 (70.3)

243 (60.7)

Hispanic

7 (4.2)

39 (9.8)

Asian

14 (8.5)

60 (15.0)

Other

29 (17.0)

58 (14.5)

First child

109 (65.1)

193 (48.4)

More than 1 child

58 (34.9)

207 (51.7)

Number of children

Marital status

<.001

.65

Married or domestic partnership

145 (86.6)

341 (85.2)

Single, never married

16 (9.8)

49 (12.3)

Divorced

2 (1.2)

5 (1.3)

Something else

4 (2.4)

5 (1.3)

Table 2. Socioeconomic profile of study participants (N=567). Italicized P values are significant.
Characteristic

Prenatal Circle use (n=167), n (%) No prenatal Circle use (n=400), n (%) P value

Education

.10

High school or less

18 (10.4)

64 (16.1)

Some college

23 (14.0)

65 (16.4)

Vocational training or 2-year degree

8 (4.9)

27 (7.2)

A 4-year college degree or more

118 (70.7)

241 (60.4)

Gross household income ($ US)

.001

$30,000 or less

25 (14.7)

97 (24.3)

$30,001 to $50,000

14 (8.6)

66 (16.4)

$50,001 to $70,000

22 (12.9)

52 (13.0)

$70,001 to $100,000

38 (22.7)

55 (13.8)

$100,001 to $150,000

33 (19.63)

75 (18.7)

Insurance type

.02

Private coverage

126 (75.2)

253 (63.3)

Medicaid/Oregon Health Plan

21 (12.7)

87 (21.8)

I don't have insurance now

4 (2.4)

19 (4.8)

Other

16 (9.7)

40 (10.0)

Insured by Providence Health Plan
Yes

70 (41.8)

167 (41.7)

No

88 (52.7)

199 (49.8)

I don't know

9 (5.5)

34 (8.4)
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Healthy Behaviors
The study examined prenatal care and healthy habits during
pregnancy for the study population (Table 3). We found that
very few people in either group felt they were unprepared for
their prenatal care appointments and a similar percentage of
people in each group received dental care during their
pregnancy. We did find that Circle users were significantly less

likely to miss prenatal appointments compared to non-Circle
users, showing a 45% reduction in the odds of having a missed
prenatal care appointment when using Circle (P=.046). Survey
results also found that Circle users had 50% greater odds of
reporting that they exercised three times a week during
pregnancy (P=.04). All other behaviors measured showed no
significant difference.

Table 3. Health behaviors of study participants while pregnant (n=541a). Italicized P values are significant.
Behavior

Prenatal Circle use
(n=162), n (%)

No prenatal Circle use
(n=379), n (%)

Logistic regression
aORb

P value

Prenatal care
Felt unprepared for appointments

10 (6.3)

16 (4.8)

1.24

.62

Missed prenatal appointments

18 (11.2)

69 (18.1)

0.55

.046

Received dental care during pregnancy

103 (63.7)

215 (56.6)

1.10

.64

Exercised 3 times a week

82 (50.6)

147 (38.9)

1.50

.04

Did not take recommended vitamins

8 (4.9)

23 (6.1)

0.91

.84

Did not eat 5 fruit/vegetables a day

30 (18.8)

79 (20.9)

0.95

.84

Drank more than 2 caffeinated beverages a day

12 (7.4)

31 (8.2)

1.32

.47

Health behaviors

a

Study participants with responses to health behavior questions.

b

aOR: adjusted odds ratio. Adjusted for age (continuous), race, gross household income, number of children, and insurance type.

Caring for Infants
We assessed several aspects of infant care in the survey (Table
4). The results showed a 75% increase in the odds of
breastfeeding for 6 months or more among Circle users

(P=.012). In addition, there was a statistically significant
increase in the awareness of the “Purple Crying” period among
prenatal Circle users compared to non-Circle users (P=.04). We
did not observe any differences in preparedness for infant
appointments and vaccine hesitancy between groups.

Table 4. Responses from participants on caring for infants (n=541a). Italicized P values are significant.
Response

a

Prenatal Circle use (n=162), n (%) No prenatal Circle use
(n=379), n (%)

Logistic regression
aORb

P value

Breastfed for more than 6 months

118 (73.1)

226 (59.6)

1.75

.01

Unprepared for infant appointments

4 (2.5)

11 (3.0)

0.50

.28

High vaccine hesitancy

9 (5.6)

31 (8.2)

0.73

.44

Never heard of “Purple Crying”

23 (14.1)

105 (27.8)

0.55

.04

Study participants with responses to infant care questions.

b

aOR: adjusted odds ratio. Adjusted for age (continuous), race, gross household income, number of children, and insurance type.

Clinical Health Outcomes
We examined clinical health outcomes for prenatal Circle users
and non-Circle users, including cesarean births, length of
hospital stays (in minutes), infants with low birth weight,
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preterm
births,
small-for-gestational-age
births,
large-for-gestational-age births, and NICU stays. There were
no significant differences between the app user and nonuser
groups for all measured clinical outcomes (Table 5).
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Table 5. Clinical outcomes for birth parent and infant (n=541a). Italicized P values are significant.
Outcome

Prenatal Circle use
(n=162), n (%)

No prenatal Circle use Logistic regression
(n=379), n (%)
aDiffb

aORc

P value

Maternal outcomes
Cesarean delivery, n (%)

40 (24.7)

99 (26.1)

—d

0.96

0.857

Length of stay (minutes), average (SD)

4256 (2615)

4196 (3591)

284

—

0.369

Low birth weight

2 (1.2)

3 (0.8)

—

0.82

0.831

Preterm birth

8 (4.9)

6 (1.6)

—

3.08

0.061

Small for gestational age

7 (4.3)

10 (2.6)

—

2.90

0.077

Large for gestational age

3 (1.9)

6 (1.9)

—

1.00

0.997

NICUe stay

8 (4.9)

20 (5.0)

—

0.72

0.452

Infant outcomes, n (%)

a

Study participants with clinical outcomes data.

b

aDiff: adjusted means difference. Difference adjusted for age (continuous), race, gross household income, number of children, and insurance type.

c

aOR: adjusted odds ratio. Odds ratio adjusted for age (continuous), race, gross household income, number of children, and insurance type.

d

Not applicable.

e

NICU: neonatal intensive care unit.

Discussion
Principal Findings
The Circle app was created with the goal of providing reliable,
personalized content to its pregnant patients and new parents.
The Providence health system saw the app as a potential tool
to better reach patients outside of clinic hours and to help reduce
the incidence of negative prenatal and birth outcomes. Data
from the self-reported survey demonstrated that the app was
associated
with
improvement
in
some
healthy
behaviors—increased exercise during the prenatal period,
increased duration of breastfeeding, increased knowledge of
the “Purple Crying” period, and a decrease in missed prenatal
visits. These findings are in line with research demonstrating
the feasibility and suitability of mobile apps in impacting
behavioral change in other fields of health [21].
However, this study showed that use of the app was not
associated with differences in clinical health outcomes such as
premature births, cesarean births, low birth weight babies, and
neonatal intensive care unit stays. Previous studies in the mobile
health field have also demonstrated the difficulty in impacting
clinical health outcomes [10,22,23]. Even in randomized
controlled trials, studies that successfully demonstrate the
effectiveness of prenatal apps in improving health behavior
often fail to find statistically significant differences in neonatal
outcomes, delivery, or pregnancy complications [24]. Due to
small study populations, many trials may be underpowered to
detect clinically and/or statistically significant changes in
prenatal health outcomes [25]. More research is needed to better
understand how digital health and mobile apps can help move
the dial on adverse clinical health outcomes.
Our results contribute to the evolving health care field and the
move toward digital care to better engage patients outside of a
https://mhealth.jmir.org/2020/7/e17183
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clinical setting. The use and availability of mobile apps in
prenatal care is growing [1,7], and our study shows that the use
of prenatal apps that provide reliable, personalized content to
the patient can improve some behavior health outcomes among
pregnant and new parents.

Limitations
This study has several notable limitations. First, our study
population was limited to individuals who received care at 7
Providence clinics and gave birth at Providence hospitals in
Portland, Oregon, limiting the number of people who would be
eligible for the survey and creating a bias in the sample. Second,
we did not use a random sample and could only include
individuals who responded to our survey—to ensure they were
or were not Circle users—which is another source of potential
bias in our sample. Third, this was an observational study, not
a randomized controlled trial (ie, respondents were not
randomized to the app user and nonuser groups), meaning that
there may be underlying differences between the two groups.
Fourth, most outcomes were survey-based, which could be
subject to reporting bias, such as individuals overreporting
positive behaviors and underreporting unhealthy ones. However,
since both groups are self-reporting, we can expect to see the
same level of inflation in both groups. Findings from the survey
on demographics and socioeconomic status suggest that Circle
did not reach a diverse racial or socioeconomic population,
limiting the generalizability of this study to other patient
populations. Finally, while our survey results indicate that some
individuals in the nonuser group were using other app-based
resources, we did not make any formal comparisons on whether
the Circle app led to different outcomes compared to other apps.

Conclusion
Our study demonstrated that using Circle was associated with
positive impacts on several key health behavior and knowledge
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17183 | p.480
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outcomes but has no significant impact on clinical health
outcomes. These health behaviors and knowledge outcomes
have important benefits for healthy pregnancies and healthy
infant care. Improvements could be made to target a more
diverse audience to promote health equity, to expand the impact
on health behaviors and knowledge, and to adjust content and
other key features to impact clinical health outcomes. While

Cawley et al
our results demonstrate the potential utility of using apps to
promote healthier behaviors and knowledge, more research is
needed to determine the efficacy of health system–sponsored,
personalized mobile pregnancy apps and their ability to improve
health outcomes among pregnant and postpartum parents and
their infants.
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Abstract
Background: Poor oral hygiene is a great public health problem worldwide. Oral health care education is a public health priority
as the maintenance of oral hygiene is integral to overall health. Maintaining optimal oral hygiene among children is challenging
and can be supported by using relevant motivational approaches.
Objective: The primary aim of this study was to identify mobile smartphone apps that include gamification features focused
on motivating children to learn, perform, and maintain optimal oral hygiene.
Methods: We searched six online app stores using four search terms (“oral hygiene game,” “oral hygiene gamification,” “oral
hygiene brush game,” and “oral hygiene brush gamification”). We identified gamification features, identified whether apps were
consistent with evidence-based dentistry, performed a quality appraisal with the Mobile App Rating Scale user version (uMARS),
and quantified behavior scores (Behavior Change score, uMARS score, and Coventry, Aberdeen, and London-Refined [CALO-RE]
score) using three different instruments that measure behavior change.
Results: Of 612 potentially relevant apps included in the analysis, 17 met the inclusion criteria. On average, apps included 6.87
(SD 4.18) out of 31 possible gamification features. The most frequently used gamification features were time pressure (16/17,
94%), virtual characters (14/17, 82%), and fantasy (13/17, 76%). The most common oral hygiene evidence-based recommendation
was brushing time (2-3 minutes), which was identified in 94% (16/17) of apps. The overall mean uMARS score for app quality
was high (4.30, SD 0.36), with good mean subjective quality (3.79, SD 0.71) and perceived impact (3.58, SD 0.44). Sufficient
behavior change techniques based on three taxonomies were detected in each app.
Conclusions: The majority of the analyzed oral hygiene apps included gamification features and behavior change techniques
to perform and maintain oral hygiene in children. Overall, the apps contained some educational content consistent with
evidence-based dentistry and high-quality background for oral self-care in children; however, there is scope for improvement.
(JMIR Mhealth Uhealth 2020;8(7):e16365) doi:10.2196/16365
KEYWORDS
mobile health; oral health care; gamification; mobile store; evidence-based dentistry; behavior change technique; Mobile Application
Rating Scale user version
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Introduction
Oral diseases caused by oral hygiene are a major problem
worldwide. In some countries, more than 80% of school children
are affected [1-3]. Oral diseases can cause severe pain and loss
of teeth, both of which affect appearance, dietary intake, and
consequently the growth and development of children [4,5].
Poor oral hygiene is associated with poor quality of life and
increased morbidity and mortality [1-3,6]. The maintenance of
oral hygiene or oral self-care, which includes the use of
toothbrushes, dental floss, and other interdental aids for healthy
teeth, gums, oral soft tissues, palate, tongue, lips, and salivary
glands, is important for quality of life, socialization, overall
health, and well-being [7-9].
Brushing at least twice a day with toothpaste containing fluoride
is considered an important aspect of the prevention and
promotion of good brushing habits at an early age to prevent
early childhood dental decay [10-12]. Oral health care providers
play a key role in promoting oral health care among children
[13]. Maintaining optimal oral hygiene can be challenging owing
to different factors contributing to the lack of motivation and
the need to initiate initial dental assessments between 6 and 12
months of age [14,15].

Fijačko et al
care of children above 13 years. The second stage was performed
using smartphones. In this stage, the relevant apps were
downloaded and evaluated independently by two reviewers (NF
and LG). The same reviewers evaluated the eligibility of the
apps against preset criteria. Any issues were resolved by
discussion among the other members of the study team. We
included all free and paid apps that had two or more gamification
features in English. Downloaded apps were analyzed on
Samsung Galaxy S8 (Samsung, Seoul, South Korea) running
Android 9.0 Pie (Google Inc, Mountain View, California, USA)
for Android apps and iPhone 7 running iOS 12.3.1 (Apple Inc,
Cupertino, California, USA) for iOS apps. If the same app was
found for both Android and iOS, we reviewed the app available
on Android, as the Google Play Store provides more information
about each app than that available on the Apple App Store [34].

Measures and Rating Tools
All ratings and rankings were conducted individually and
independently by authors (NF, LG, AN, and LC) with
experience, knowledge, and skills in the field of mHealth and
experience in different fields of health care (nursing,
bioinformatics, and dentistry) to support the synthesis of the
search results.

Rating Tool for Gamification Features

As children get older, there are new opportunities to use mobile
health (mHealth) apps to support pediatric oral hygiene.
Gamification is defined as the use of features to increase target
behaviors and engagement. The purpose of gamification is to
enable users to perform tasks more effectively while making
them more enjoyable [16-18]. Gamification features, including
badges, levels, and leader boards [17-19], offer novel approaches
in dentistry [20]. Gamification has also been included in asthma
apps [21] for similar reasons and has been incorporated into
other app reviews for fitness apps [22,23], chronic disease
management [24], smoking cessation [25], and health promotion
[26]. The aim of our study was to identify apps that include
gamification features and evidence-based dentistry (EBD) to
support the maintenance of oral self-care in children.

Two authors (LC and NF) identified gamification features by
using the modified taxonomy of 31 gamification components
(Multimedia Appendix 1) [19,35]. The scoring for gamification
features was 1 point for the full implementation of gamification
features, 0.5 points for partial implementation, and 0 points if
the feature was not implemented.

Methods

Mobile App Rating Scale User Version and Quantifying
Behavior Change

Systematic Search Criteria and Selection
All apps were searched in June 2019 across six different
smartphone app stores (Google Play Store [27], Apple App
Store [28], Windows Phone Store [29], Amazon Appstore [30],
BlackBerry World [31], and Samsung Galaxy Apps [32]). Our
search strategy had two stages. The first evaluation stage was
performed in each app store by using the same four search
strings (“oral hygiene game,” “oral hygiene gamification,” “oral
hygiene brush game,” and “oral hygiene brush gamification”).
The PICO criteria [33] were used to define the search criteria
as follows: population (children below 13 years), intervention
(free and paid apps that contain enlightenment gamification
features and that allow users to be part of the interaction),
comparison (app contents), and outcome (suitable apps for
learning, performing, and maintaining oral health). Apps were
excluded if they were duplicate (from multiple search strings
and from multiple official web stores), were games, had a
non-English interface, and were not related to the oral health
https://mhealth.jmir.org/2020/7/e16365

XSL• FO
RenderX

Rating Tool for Oral Hygiene-Related Content Based
on Dentistry Evidence
We evaluated EBD in each app using criteria and scored them
according to the following four groups: (1) preparing to brush
(two items); (2) before brushing (one item); (3) brushing (four
items); and (4) after brushing (three items) (Multimedia
Appendix 2) [36-40].

Based on the Mobile App Rating Scale user version (uMARS)
[41], we performed quality appraisal of apps. Originally, the
MARS tool was developed with the aim that researchers could
use it to determine whether apps satisfied certain quality criteria
instead of relying on a subjective five-star rating system [41,42].
The uMARS is a simplified version of MARS [42], which allows
multidimensional measurements (sections A-F) of performance
indicators (section A), functionality (section B), esthetics
(section C), quality of information (section D), subjective quality
of the app (section E), and perceived impact (section F). The
uMARS tool was developed to eliminate the need for trained
professionals, and according to a study by Stoyanov et al, it has
good internal consistency (α=.09), and high reliability [41]. All
items were rated on a 5-point Likert scale from 1 (inadequate)
to 5 (excellent) and were already used in a similar study [43].
Behavior change was also rated and ranked according to three
taxonomies (Behavior Change score [44], uMARS score [41],
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16365 | p.485
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and Coventry, Aberdeen, and London-Refined [CALO-RE]
score [45]) related to behavior change (Multimedia Appendix
3 and Multimedia Appendix 4). Similar to the rating tool for
gamification features, the scoring system allowed 0, 0.5, or 1
point according to implementation. The exception was the
uMARS score where items were scored based on a Likert scale
from 1 (strongly disagree) to 5 (strongly agree).

Data Analysis
All data analyses and visualizations were prepared using
Microsoft Office Professional 2016 (Microsoft Excel 2016;
Microsoft Corp, Redmond, Washington, USA) and IBM SPSS
Statistics version 25 for Windows (IBM Corp, Armonk, New
York, USA). Intraclass correlation coefficients (ICCs) were
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calculated to provide results on consistency among observational
ratings provided by multiple raters [46].

Results
Descriptive Characteristics
We identified 612 potentially relevant apps, and only 17 (3%)
met the inclusion criteria. The Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) flow
diagram [47] presents the process of scanning the apps using
the inclusion and exclusion criteria. The two largest groups of
apps that were excluded in the PRISMA diagram (Figure 1)
were apps that required specific equipment or accessories [48]
and apps that included gamification but did not include any
interaction with the user [49].
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Figure 1. PRISMA flow diagram of the selection of the included apps.

The vast majority of apps were free to download (11/17, 65%)
and were available in both the Google Play Store and Apple
App Store (14/17, 82%). Most apps did not require registration
(14/17, 82%) and were updated in the last 2 years (13/17, 76%).
Apps were developed in multiple countries, including the United
States (6/17, 35%), Japan (2/17, 12%), Australia (1/17, 6%),
Germany (1/17, 6%), England (1/17, 6%), Lithuania (1/17, 6%),
North Korea (1/17, 6%), South Korea (1/17, 6%), Russia (1/17,
6%), Sweden (1/17, 6%), and Ukraine (1/17, 6%). Apps were
developed by small and medium-size enterprises (14/17, 82%),
health care–related agencies (2/17, 12%), and an individual
(1/17, 6%).

https://mhealth.jmir.org/2020/7/e16365

XSL• FO
RenderX

Apps were targeted at different age groups of children. Among
the 17 apps, 1 (6%) app was for children aged 5 years or less,
7 (41%) were for children aged 5 to 8 years (41%), 2 (12%)
were for children aged 6 to 12 years, and 7 (41%) did not
provide information about the target age of children but had a
Pan European Game Information 3 (PEGI) certificate.
Table 1 presents all the relevant apps and their basic
characteristics [50-80]. We assessed the subjective quality of
the apps by answering the following question included in the
uMARS framework: “What is your overall (star) rating of the
app?” The quality of the apps was rated on a 5-point Likert scale
from 1 (the worst app I have used) to 5 (the best app I have
used). The mean app score was 3.79 (SD 0.69). The lowest score
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16365 | p.487
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was 3, and the highest score was 5. We compared the results
with the ratings of users in the smartphone app stores. If the
app ratings were available on both smartphone platforms
(Android and iOS), we used the mean score. The mean user
rating was 4.26 (SD 0.29) (Android: 4.21, SD 0.34; iOS: 4.33,

SD 0.54), and the mean number of raters was 4981.79 (SD
12023.77) for Android apps and 359.62 (SD 934.17) for iOS
apps. Based on a t test, there was a statistically significant
difference between uMARS estimates (mean 3.85, SD 0.16)
and user ratings (mean 4.26, SD 0.30; t32=−2.27; P=.03).

Table 1. Description of the included apps.
Full app name

a

Smartphone platform

Rating in the form of stars (number of raters)
Google Play Store

Apple App Store

Brush DJ [50,51]

Android & iOS

4.2 (1363)

4.7 (948)

Brush Hero [52,53]

Android & iOS

—a

4.2 (24)

Brushing Hero [54,55]

Android & iOS

4.5 (371)

4.2 ( 24)

Brush Monster [56,57]

Android & iOS

4.4 (199)

5.0 (2)

Brush My Teeth [58,59]

Android & iOS

4.6 (5)

—

Brush'n'Save [60,61]

Android & iOS

4.0 (87)

—

Brush Teeth with The Wiggles [62,63]

Android & iOS

4.3 (132)

4.8 ( 8)

Brush Up [64,65]

Android & iOS

3.8 (736)

4.1 (64)

Chomper Chums [66,67]

Android & iOS

4.1 (355)

5.0 (7)

Disney Magic Timer by Oral-B [68,69]

Android & iOS

4.0 (36,434)

3.9 (3348)

Mimizavr Clean Teeth [70,71]

Android & iOS

4.0 (14)

—

MyTeeth [72,73]

Android & iOS

5 (1)

3.0 (9)

My Virtual Tooth - Virtual Pet [74,75]

Android & iOS

4.3 (29,945)

4.3 (197)

Timo Kids Routine Timer [76,77]

Android & iOS

4.1 (100)

4.0 (1)

Tooth Hero [78]

Android

3.7 (3)

—

Toothsavers Brushing Game [79]

iOS

—

4.6 (8)

Toothy: Toothbrush Timer [80]

iOS

—

4.5 (34)

Not available.

Gamification Features
On average, apps included 6.87 (SD 4.18) out of 31 possible
gamification features. The most frequent gamification features
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were time pressure (16/17, 94%), virtual characters (14/17,
82%), and fantasy (13/17, 76%). The less frequently represented
gamification features were conforming behavior and
leaderboards (each 0.5/17, 3%) (Figure 2).
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Figure 2. Gamification component categories of gamification features.

We identified all apps based on the gamification features (17/17,
100%) from the system design and challenges part of
gamification component categories (Figure 2).
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Apps in which we identified the most gamification component
categories of gamification features were Toothsavers Brushing
Game [79], Chomper Chums [66,67], Brush Monster [56,57],
and Brush Up [64,65] (Figure 3).

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16365 | p.489
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Fijačko et al

Figure 3. Percentage of gamification component categories for each app.

Oral Hygiene-Related Content Based on Dentistry
Evidence
On average, we identified 4.9 (SD 4.98) oral hygiene-related
contents in 10 groups based on the level of EBD
(EDB1-EDB10). The most common EBD content focused on
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brushing time (Figure 4) from the EBD group category
“Brushing.” Most apps (14/17, 82%) had brushing time set to
2 minutes whereas the app Brushing Hero [54,55] had it set to
1 minute. Only two apps (MyTeeth [72,73] and Brush Up
[64,65]) had it set to 3 minutes.
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Figure 4. Group categories of evidence-based dentistry (EBD) oral hygiene-related content.

The most common brushing technique was the scrub brush
technique (5/17, 29%). One app (MyTeeth [72,73]) allowed the
user to choose among different brushing techniques (scrub brush
technique; circular technique; Bass technique; and vertical
technique from red [gums] to white [teeth], or inside, chewing

surface, and outside or chewing surface, outside, and inside).
Over one-third of the apps did not mention any EBD brushing
technique (Figure 5).
On average, the apps included almost 3 out of 10 EBD contents
(Figure 6). The MyTeeth app included the most EBD contents.

Figure 5. Brushing techniques used in the apps.
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Figure 6. Number of evidence-based dentistry (EBD) contents in the apps.

uMARS App Quality Scores and Oral Hygiene Care
Behavior Change Techniques

reviewers was high for uMARS ratings (ICC=0.80; 95% CI
0.63-0.92). Toothsavers Brushing Game [79] had the highest
score in each section of the uMARS (Table 2).

The total mean score for the section “app quality” was 4.30 (SD
0.36), which is considered a good result. The ICC among app
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Table 2. App scores for each section of the Mobile App Rating Scale user version.
Full app name

a

uMARSa section
Engagement

Functionality

Esthetics

Information

App quality

App subjective quality Perceived impact

Brush DJ

3.5

4.5

3.5

4.1

3.9

3.5

3.8

Brush Hero

3.9

3.1

4.7

—b

3.9

2.5

2.9

Brushing Hero

4.4

4.8

4.7

—

4.6

4.0

3.3

Brush Monster

5.0

4.8

5.0

4.4

4.8

4.9

4.0

Brush My Teeth

3.7

4.4

4.3

3.1

3.9

3.3

3.2

Brush'n'Save

3.8

5.0

2.5

4.3

3.8

3.9

3.6

Brush Teeth with The Wiggles

4.4

4.8

4.0

—

4.4

3.5

3.2

Brush Up

4.3

4.6

4.3

4.5

4.4

5.0

4.2

Chomper Chums

4.7

4.6

4.2

4.3

4.4

4.1

4.1

Disney Magic Timer by Oral- 4.3
B

4.8

4.2

3.0

4.3

3.1

3.2

Mimizavr Clean Teeth

4.5

5.0

5.0

—

4.8

4.3

3.5

MyTeeth

3.2

4.6

4.0

—

3.9

3.3

3.7

My Virtual Tooth - Virtual
Pet

4.4

4.6

4.0

—

4.3

3.6

3.1

Timo Kids Routine Timer

4.0

4.9

4.2

—

4.4

3.1

3.6

Tooth Hero

4.4

4.0

4.0

2.5

4.5

4.0

3.7

Toothsavers Brushing Game

4.9

4.9

4.8

4.8

4.9

5.0

4.5

Toothy: Toothbrush Timer

3.1

4.4

4.2

4.0

3.9

3.4

3.3

Mean score (SD)

4.15 (0.55)

4.58 (0.46)

4.21 (0.60) 3.90 (0.76)

4.30 (0.36)

3.79 (0.71)

3.58 (0.44)

ICCc,d

0.85

0.71

0.78

0.56

0.88

0.84

0.98

uMARS: Mobile App Rating Scale user version.

b

Not available; in 7 out of 17 (41%) apps the “information” quality section could not be assessed because data were not included.

c

ICC: intraclass correlation coefficient.

d

A random effects average measures model with absolute agreement was used for calculated ICCs among two sets of ratings.

We also evaluated apps based on “subjective quality,” where
the mean estimate was good (mean 3.79, SD 0.71) and on
“perceived impact,” where the mean estimate was also good
(mean 3.58, SD 0.44) (Table 2).
Results from three behavior change scores across three
instruments indicated that Brush Up [64,65], Toothsavers
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Brushing Game [79], and Chomper Chums [66,67] included
the most strategies targeting behavior change (Figure 7). The
most common oral hygiene care behavior change techniques
were “prompt intention formation” and “model or demonstrate
the behavior.”
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Figure 7. Number of oral hygiene care behavior change techniques. BC: Behavior Change; CALO-RE: Coventry, Aberdeen, and London-Refined;
uMARS: Mobile App Rating Scale user version.

Discussion

from 2019 showed increased duration of toothbrushing when
using the Brush Up app [81].

Gamification Features

The brushing technique is important for optimal oral self-care.
It is recommended that children use a modified Bass technique
because of efficient plaque removal compared with other
toothbrushing techniques [82,83]. The scrub brushing technique
was the most frequently suggested in the reviewed apps. The
scrub brushing technique is the easiest to program into an app
and the most commonly used technique in the general population
[82,84].

The primary objective of this study was to identify apps that
include gamification features focused on motivating children
for behavior change to maintain oral self-care and optimal oral
hygiene. The study results showed that most of the oral hygiene
apps included a relevant number of gamification features and
behavior change techniques to perform and maintain oral
hygiene in children. Additionally, many apps contained
EBD-supported educational content and achieved relatively
high scores in app quality ratings. The most commonly identified
gamification features were “time pressure” and “audible
feedback” in the form of songs that help children to practice
oral health care correctly. We compared our gamification results
with a study conducted in a pediatric population [81] and found
similar results with a focus on “feedback” and “goals” versus
“information provision (general)” and “goal setting (behavior).”
The authors also concluded that using apps for oral health care
can improve motivation for oral self-care in children. Moreover,
recent research found that knowledge provision increased
motivation in children and that gamification might improve
engagement with apps [49].

Apps Content Based on Dentistry Evidence
Our second aim was to determine what should be included in
EBD health care apps. A small proportion of apps included
EBD and the most frequently included EBD content was
brushing time. Oral health care professionals generally
recommend at least 2 or 3 minutes for brushing teeth. A study
https://mhealth.jmir.org/2020/7/e16365
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Children should perform oral hygiene activities more than two
times a day, and yet, less than half of the apps included proper
EBD warnings or reminders for users to brush their teeth at least
twice a day. We also found that only a few apps emphasized
brushing with a proper toothbrush and toothpaste quantity, as
supported by the literature to reduce the incidence of decay
[82,85]. The recommended “pea-sized amount,” which
represents approximately 1000 parts per million (ppm) fluoride,
is generally recommended, yet only two apps visualized the
correct quantity of toothpaste.
Another important aspect of oral hygiene is the use of a soft or
extra-soft toothbrush for safe oral health care [86]. Older brushes
lose their plaque removal ability [87,88] and are often
contaminated with microbes [89]. Guidelines recommend
replacing toothbrushes when they show signs of bristle splaying
tear. In addition to oral self-care, less than 20% of apps included
the use of dental floss or other interdental brushing approaches.
None of the apps promoted the EBD recommendation to first
floss and then brush [90,91].
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Although the usage of apps to monitor and manage health is
increasing, it is difficult to find information about the sources
used in the development of the apps [92]. In addition, many app
developers focus on the usefulness and ease of use of the app
instead of the quality of the content included in the app.

App Quality and Behavior Change Techniques
Our results showed that average users tended to give more
positive feedback to apps based on functionality [93] and
popularity [94], and there was less focus on usability or quality,
which can potentially represent dangerous health information
for future users. Therefore, researchers often rely on more
complex evaluation tools like the uMARS [95] to obtain a better
estimation of app quality. Overall, the Toothsavers Brushing
Game [79] had the highest quality score according to the
uMARS. Additionally, Toothsavers Brushing Game [79] had
the highest scores in all categories of gamification components,
EBD oral hygiene-related content, and all three behavior change
technique taxonomies, which is consistent with our results.
Brush Monster [56,57] and Chomper Chums [66,67] were also
visually well designed, included EBD content, and did not have
any specific technical problems during their use.
One of the most important behaviors in oral hygiene care change
techniques is user interaction with the app [96]. Our results
showed that one app included learning of oral self-care with
virtual model teeth and enabled the user to perform self-based
oral health care interaction in the app. In the apps Brushing
Hero [54,55] and Brush Monster [57,58], augmented reality is
added to the self-based oral health care interaction, where the
user is a role model. Other apps use one or more different
teaching approaches for oral self-care in the form of virtual teeth
or a virtual tooth, gradually revealing a picture, virtual model
teeth, video, and games.
We also must consider the risk of using apps as an intervention
for oral hygiene care in children, as the youngest users seem to
be most highly affected by and at risk for behavioral addictions
[97]. The pattern of smartphone abuse is greatest among young
people, and problematic use is linked to self-esteem, impulsivity,
self-identity, and self-image. Problematic use is also associated
with sleep disturbance, anxiety, stress, and, to a lesser extent,
depression [98], as well as impaired psychological well-being,
impaired parent and school relationships, and additional
behavioral problems [99]. As interventions using apps or games
for increasing oral hygiene care quality can be successful,
judicious use is advised. Our observation is that using apps for
learning, performing, and maintaining oral self-care requires
less than 10 minutes every day, and this is much lower than the
average time spent on a smartphone.

Observation of Apps and Tips for Future Oral Health
Care App Developers
Our study provides app reviewers and developers of oral
self-care with structured information on how future apps should
be implemented and which EBD content should be included.
Apps for supporting oral self-care in oral hygiene should have
a combination of gamification features and EBD. Collaboration
with oral health care professionals (eg, oral health care
organizations and dentists) can improve the content provided
https://mhealth.jmir.org/2020/7/e16365
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in the app and bring EBD self-care information to targeted end
users.
We found the following two secondary app payment strategies:
“freemium” (eg, in-app purchases) and “free trial” (eg, free to
premium version). Three apps had a trial version and required
payment over time (Toothy: Toothbrush Timer [80],
€1.32/month [US $1.42/month]; Brush Up [64,65], €1.11/month
[US $1.20/month] or buy €11.14 [US $12.02]; My Virtual
Tooth-Virtual Pet [74,75], €5.49 [US $5.92]). In-app purchases
in different forms were offered in five apps, with a minimum
price of €0.99 (US $1.07) and maximum price of €11.14 (US
$12.02) per item. To increase usage, many mobile game
companies provide ‘‘freemium” services, which cost the player
nothing for basic usage but need payment with real money for
advanced functionality or virtual goods [100]. Liu et al found
that the freemium strategy is positively associated with increased
sales of paid apps [101]. The most popular in-app purchases
were in the form of getting virtual goods (ie, coins), disabling
in-app advertisements, getting virtual characters (eg, avatars),
and achieving virtual goals (eg, levels). Only three apps in the
smartphone app stores provided information that the apps
contain advertisements and offer in-app purchases. Affective
states, such as playfulness, seem to be one of the most influential
factors positively affecting consumers’ intention to pay for
mobile game services [102]. Additionally, “stickiness,” that is,
the trait of a game that engages users, is found to greatly and
positively influence in-app purchases [103].
Positive effective states associated with in-game rewards seem
to help the user to play the game better and can enhance both
perceived value and customer loyalty [104]. Many smartphone
games that provide “freemium“ services are intended to be used
by children. Hence, it seems that smartphone game service
providers try to use the affective states of children to increase
their revenue. This is especially concerning since the
preadolescent (and adolescent) brain is still very much
developing, especially in terms of reasoning and anticipating
what will happen in the future [105]. Only one app (Disney
Magic Timer by Oral-B [68,69]) alerted users that real money
is needed to make in-app purchases; therefore, parental
supervision is recommended. Google Play Store and Apple App
Store provide users the opportunity to get a refund of the money
paid but within a limited period.

Limitations
As with any review of commercially available tools in app
stores, there is time sensitivity of the results because apps are
being added and removed from app stores daily. Given that
caveat, this review is meant to provide an overview of the state
of apps available in this field, with less emphasis on individual
apps. Another limitation of this study is that it focused only on
features that were freely available in the apps. As such, we may
have missed gamification features, EBD contents, and other
features in the apps. We also excluded apps that required
subscription over time. The last limitation in this study is that
we did not make any in-app purchases in paid apps, so we could
not present additional results for in-app purchases.
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Future Research
Future work should evaluate one of the highest scoring apps
(eg, Toothsavers Brushing Game and Chomper Chums) in a
randomized controlled trial to evaluate oral hygiene outcomes
and motivation for learning, performing, and maintaining oral
self-care among children.

Conclusions

Fijačko et al
oral health care. The Toothsavers Brushing Game app had the
highest scores, and if future updates introduce more EBD
content, it could be the most appropriate app for learning,
performing, and maintaining good oral health care in children.
Gamification features with EBD have good potential as new
approaches for health care providers to change behavior in the
form of learning, performing, and maintaining proper oral
hygiene with EBD in the clinical environment.

In this systematic review, we did not find any app that had all
the segments for learning, performing, and maintaining proper
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Abstract
Background: The Centers for Disease Control and Prevention (CDC) diabetes prevention program (DPP) has formed the
foundation for Type 2 Diabetes Mellitus (T2DM) prevention efforts and lifestyle change modifications in multiple care settings.
To our knowledge, no randomized controlled trial has verified the efficacy of a fully mobile version of CDC’s diabetes prevention
program (DPP).
Objective: This study aimed to investigate the long-term weight loss and glycemic efficacy of a mobile-delivered DPP compared
with a control group receiving usual medical care.
Methods: Adults with prediabetes (N=202) were recruited from a clinic and randomized to either a mobile-delivered, coach-guided
DPP (Noom) or a control group that received regular medical care including a paper-based DPP curriculum and no formal
intervention. The intervention group learned how to use the Noom program, how to interact with their coach, and the importance
of maintaining motivation. They had access to an interactive coach-to-participant interface and group messaging, daily challenges
for behavior change, DPP-based education articles, food logging, and automated feedback. Primary outcomes included changes
in weight and hemoglobin A1c (HbA1c) levels at 6 and 12 months, respectively. Exploratory secondary outcomes included program
engagement as a predictor of changes in weight and HbA1c levels.
Results: A total of 202 participants were recruited and randomized into the intervention (n=101) or control group (n=99). In
the intention-to-treat (ITT) analyses, changes in the participants’ weight and BMI were significantly different at 6 months between
the intervention and control groups, but there was no difference in HbA1c levels (mean difference 0.004%, SE 0.05; P=.94).
Weight and BMI were lower in the intervention group by −2.64 kg (SE 0.71; P<.001) and −0.99 kg/m2 (SE 0.29; P=.001),
respectively. These differences persisted at 12 months. However, in the analyses that did not involve ITT, program completers
achieved a significant weight loss of 5.6% (SE 0.81; P<.001) at 6 months, maintaining 4.7% (SE 0.88; P<.001) of their weight
loss at 12 months. The control group lost −0.15% at 6 months (SE 0.64; P=.85) and gained 0.33% (SE 0.70; P=.63) at 12 months.
Those randomized to the intervention group who did not start the program had no meaningful weight or HbA1c level change,
similar to the control group. At 1 year, the intervention group showed a 0.23% reduction in HbA1c levels; those who completed
the intervention showed a 0.28% reduction. Those assigned to the control group had a 0.16% reduction in HbA1c levels.
Conclusions: This novel mobile-delivered DPP achieved significant weight loss reductions for up to 1 year compared with
usual care. This type of intervention reduces the risk of overt diabetes without the added barriers of in-person interventions.
Trial Registration: ClinicalTrials.gov NCT03865342; https://clinicaltrials.gov/ct2/show/NCT03865342
(JMIR Mhealth Uhealth 2020;8(7):e17842) doi:10.2196/17842

https://mhealth.jmir.org/2020/7/e17842

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17842 | p.502
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Toro-Ramos et al

KEYWORDS
prediabetes; body weight; mHealth; mobile app; mobile phone; randomized controlled trial

Introduction

effective or superior to in-person programs, especially for people
who decline to take part in time-intensive face-to-face programs.

Background

Previous Work

In the United States, 84.1 million people are living with
prediabetes, and 2 million people are diagnosed with diabetes
annually [1]. According to the World Health Organization, an
estimated 422 million people worldwide had diabetes in 2014,
and the prevalence continues to rise [2]. By 2050, the Centers
for Disease Control and Prevention (CDC) estimates that 1 in
every 3 people globally will have diabetes [3]. It remains a
leading cause of death and disability, accounting for over US
$327 billion annually in health care costs [4]. Patients with poor
glycemic control develop microvascular complications such as
blindness and end-stage renal disease as well as macrovascular
complications such as heart attack and stroke [5]. The best way
to combat type 2 diabetes mellitus (T2DM) is through
prevention.

Studies using mobile-based platforms have focused largely on
weight loss rather than diabetes risk reduction. In searching the
literature, one study was found that evaluated the efficacy of a
mobile-based platform adapted from the DPP curricula based
on weight loss in obese patients. However, the sample size was
limited, and the HbA1c level was not an end point [20]. Many
virtual DPP programs that utilize the internet and social media
currently exist and have shown effectiveness similar to the
original in-person DPP. However, fully mobile interventions
without in-person components that evaluate long-term results
have not been tested by means of a randomized controlled trial
(RCT). Therefore, this study offers an opportunity to expand
our understanding in this area.

Restoration of normal glucose regulation in persons with
prediabetes decreases the risk of developing T2DM and
cardiovascular disease [6]. The most effective intervention to
date is the CDC’s diabetes prevention program (DPP) [7].
Studies have demonstrated a modest amount of weight loss
through lifestyle modification, with participants significantly
reducing their chances of developing T2DM [7-9]. DPP-based
educational curricula have been well studied and validated in
diverse patient populations, including in-patient settings [10-13].
As a result, findings from the DPP have formed the foundation
for T2DM prevention efforts and lifestyle change modifications
in multiple care settings.

Noom (Noom, Inc) is a mobile-based program that delivers
structured curricula and coaches who communicate with users
in real time through a web-based dashboard. In an observational
study, Noom’s DPP program resulted in 85% engagement at
the end of the program, in which program completion was
defined as having participated in at least one weekly curriculum
activity for 9 weeks, per CDC standards and similar to other
studies [21]. Upon completion of the core program, participants
lost an average 5.6% of body weight [22]. At 65 weeks, the
mean weight loss was 6.2% in starters who read one or more
lessons per week for ≥4 core weeks, 7.4% in completers who
read ≥9 lessons per week on core weeks, and 9.0% in
maintenance completers who did any action in postcore weeks
(all P<.001) [23].

Prediabetes is often discovered during routine medical visits by
way of hemoglobin A1c (HbA1c) testing in at-risk individuals
(based on the American Diabetes Association [ADA] screening
criteria) [14]. Face-to-face time with clinicians is often limited,
so adequate delivery of DPP-based initiatives is a challenge.
Although clinicians recognize diabetes prevention as an urgent
public health need that can dramatically affect the well-being
of their patients, a lack of funding, collaboration, and other staff
support have been reported to be key obstacles for DPP
implementation in clinical practice. In addition, patients have
expressed low urgency in seeking further health care after a
prediabetes diagnosis [15,16]. Furthermore, highly effective,
in-person DPPs can have low participation and adherence
[17,18]. Mobile interventions require, or are perceived to
require, less commitment, thereby overcoming a barrier in
treating those at risk where in-person interventions fall short
[18].
Evidence-based, scalable interventions for preventive treatment
are urgently needed [16]. Exploring novel ways to empower
patients to pursue lifestyle changes to prevent or delay the onset
of diabetes is critical in addressing the growing diabetes
epidemic. Approximately 4 out of 5 adults in the United States
own a smartphone [19], and health information has never been
more accessible. As such, it would be desirable to have lower
cost, less resource-intensive, and scalable programs that are as
https://mhealth.jmir.org/2020/7/e17842
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Objective
The purpose of this RCT was to investigate the effectiveness
of a novel, fully mobile, coach-enhanced, DPP program
compared with a standard care control with paper-based CDC
DPP content. The hypothesis was that participants in the
intervention group would have a greater reduction in body
weight and HbA1c levels at the study end point after the
successful completion of the virtual DPP curriculum.

Methods
Recruitment
This parallel RCT took place at Stony Brook Medicine’s tertiary
care ambulatory clinics from October 2016 to June 2018 in
Long Island, New York. Subjects were recruited from general
internal medicine, family medicine, and endocrinology practices.
The inclusion criteria included patients who were English
speaking, were >18 years old, were a referral from the patient’s
physician, had an HbA1c level of 5.7% to 6.4% within 3 months
before study enrollment, and owned a smartphone (Apple or
Android). The exclusion criteria included patients who had
experienced recent weight loss (by patient report, >5 pounds in
the 6 months preceding the enrollment visit), had a previous
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diagnosis of type 1 diabetes mellitus or overt T2DM, had serious
or persistent mental illnesses, had >72 hours of hospitalization
in the past 30 days, who were currently enrolled in a structured
weight loss program or within the month preceding study
enrollment, were pregnant or nursing, who had given birth
within the past 3 months, and had been discouraged by a
physician to enroll in a DPP program.
Participants were identified through the electronic medical
record based on prediabetes diagnostic criteria (as defined by
the ADA [24]). Clinicians at each clinic site were provided with
information describing the study and the designated contact for
study enrollment. Study personnel contacted individuals for
participation, either in person or by telephone call if they had
expressed interest in participating in the study. Potential
participants were given an information sheet describing the
study before enrollment. After indicating an interest in study
participation, informed consent was obtained by the study
personnel in person or by telephone. All procedures in this study
were in accordance with the ethical standards of the World
Medical Association Declaration of Helsinki, and all study
protocols were approved by Stony Brook University’s
institutional review board. This trial was retrospectively
registered with ClinicalTrials.gov under NCT03865342 on
March 9, 2019. The Consolidated Standards of Reporting Trials
statement is included in Multimedia Appendix 1.

Randomization
Participants were enrolled and randomized by study coordinators
to either the intervention (Noom Coach) or control study arms
utilizing a random number generator with a 1:1 allocation ratio,
which automatically concealed the previous allocation. The
sequence was generated by an external statistician using SAS
software, version 9.4, of the SAS system for Windows (SAS
Institute Inc). Coordinators set up intervention group participants
with the mobile program free of cost and provided control group
participants with a printed version of the DPP curriculum [25].
Study coordinators provided Noom with only the first names
and email addresses of the randomized participants. No protected
health information was provided to Noom by the investigators.
Coordinators contacted each participant for the 6- and 12-month
visits. Clinicians who gathered follow-up data were unaware
of the random allocation, and masking was not broken for the
duration of the study.

Procedures
Subjects were weighed at the offices of their physicians at the
time of study enrollment, between 5 and 7 months (6-month
time point), and between 11 and 13 months (12-month time
point) poststudy enrollment. In-clinic weight measurements
were recorded in the electronic medical record as part of usual
care at the time point of each visit. Patients who attend these
clinics are normally scheduled to visit their physician every 6
months; study participants were not asked by study personnel
to see their physician any more frequently than as part of usual
care. HbA1c testing was completed at baseline, 6, and 12 months.
If at any measurement time, the HbA1c level increased above
ADA criteria for overt T2DM, participants were counseled and
referred to their primary care provider. The baseline HbA1c level
https://mhealth.jmir.org/2020/7/e17842

XSL• FO
RenderX

Toro-Ramos et al
was any HbA1c level available in the electronic medical record
for the participant in the 3 months before study enrollment.
Primary care and endocrinology clinics used the DCA Vantage
(Siemens) point-of-care (POC) HbA1c machine (shown to have
high levels of accuracy and precision for HbA1c between 5%
and 8%) [26,27]. This is a clinical laboratory improvement
amendment–waived capillary fingerstick test to allow clinicians
to check patients’ HbA1c levels in the clinic. POC testing is
offered to all patients in these practice sites and was offered to
study participants at each of their respective HbA1c testing time
points. The HbA1c level from commercial laboratory visits
within the required period was used in lieu of POC testing when
available. Of all HbA1c measurements for the participants in
this study, 99% at baseline, 98% at 6 months, and 95% at 12
months originated from commercial laboratory visits. At
baseline and 6 months, the POC values were from the
intervention group, and at 12 months, they were equally
distributed.
As an incentive for participating, subjects were offered US
$10.00 gift cards to Starbucks at the 6- and 12-month follow-up
visits at the time of weight and HbA1c measurements.
For the intervention group, within the program, an assigned
Noom Coach digitally communicated with participants
individually and as a group [23]. During the first week of the
study, participants randomized to the intervention learned how
to use the Noom program, how to interact with their coach, and
the importance of maintaining motivation throughout the
program. Participants had mobile access to coach-participant
messaging, group messaging, daily challenges for behavior
change, the DPP education articles (weekly bite-sized content
over 20 weeks for the core portion and up to 52 weeks for the
maintenance phase), food logging with color coding, steps and
exercise logging, and automated feedback based on food choices
(Figure 1). They were asked to log their weight by self-report,
meals, and physical activity within the program on a weekly
basis. National Diabetes Prevention Program–certified coaches
securely monitored participant progress through a web-based
dashboard. Participants could communicate as needed to support
their individual journeys and could expect to hear from their
coach every day.
Coaches working with the participants in the Noom program
were trained to meet National Diabetes Prevention Program
standards and trained in motivational interviewing techniques.
Motivational interviewing is a client-centered therapeutic
modality that utilizes positive regard, reflections, and the
illumination of client strengths as a route to behavior change
[28]. Coaches assisted users in setting specific, measurable,
attainable, realistic, and time-based goals on a weekly basis.
Coaching functions as a productive addition to a weight loss
intervention through the use of accountability, feedback (food
logs and choices), problem-solving, and positive reinforcement
for the desirable behavior [29]. Motivational interviewing has
previously shown promising results in weight loss in women
with T2DM [30]. This increase in weight loss for those receiving
motivational interviewing was proposed to function through
treatment adherence.
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Figure 1. Selection of screen pages for mobile health intervention.

Outcomes
Primary outcome measures included a change in weight and
HbA1c levels at 6 and 12 months from the start of the program.
The CDC’s National Diabetes Prevention Program benchmark
for weight loss is ≥5% at 6 and 12 months [1]. Secondary
outcomes were exploratory and included in-program actions
(indicators of program engagement) as predictors of the change
in weight and HbA1c levels. Any known occurrence of serious
adverse events in study participants, defined as death, serious
violent incidents, and formal complaints about the intervention
were recorded.
The engagement categories were measured by weekly numbers
of logged meals, logged weigh-ins, logged steps, articles read,
posts in the group, and messages to the coach. Previous research
has suggested that focusing on specific areas of behavioral
regulation of food intake [31], physical activity [31], education
[32,33], coaching [29], and self-monitoring of weight through
regular weigh-ins [34] may promote behavior and lifestyle
changes and further weight loss success.

Statistical Analysis
The sample size was determined using the estimated SDs of the
change in HbA1c levels from an intervention study of patients
with prediabetes (N=129) [35]. Using an SD of 0.36 and α of
.05 resulted in a final sample of 224 study participants (112 per
group) at 80% power to identify a minimum detectable
difference of 0.5% in change in HbA1c levels.
Descriptive statistics were calculated for baseline characteristics,
including mean, SD, and 95% CI, to summarize differences
from baseline to 6 months and to study the conclusion at 12
months between program intervention and control groups. Linear
mixed models tested the null hypothesis that the mean weight
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and HbA1c levels of the intervention and control groups were
equal over time, after adjusting for other covariates. Hypothesis
tests are two-sided at the .05 significance level. Multiple linear
regression examined in-app actions and engagement variables
as predictors of weight loss in the intervention group. Changes
in weight and HbA1c levels in the intervention group were
analyzed first regardless of program completion. As program
engagement is a key factor in attaining clinically meaningful
outcomes, we further conducted prespecified analyses based on
participants who completed the program as per CDC standards
[36]. Maximum likelihood estimates with estimation
maximization algorithms were used for missing data. All
statistical analyses were performed using SPSS Statistics for
Windows (version 21.0; IBM Corp), Minitab (version 17.0;
Minitab, LLC), and Mplus (version 8.1; Muthén and Muthén).

Results
Participant and Study Characteristics
Between October 2016 and June 2017, 1513 potential
participants were assessed for eligibility, of whom 930 did not
meet the inclusion criteria and 381 declined to participate. From
this, 202 participants who met the study criteria were recruited
and randomized (Figure 2). Participation and retention were
high, with 82.2% (166/202) of participants completing all study
follow-up visits. At baseline, no differences were observed
between groups in weight, BMI, HbA1c level, or demographic
characteristics (Table 1). Among the participants, 73.8%
(76/103) of the intervention and 69% (68/99) of the control
group were female, with a BMI of 31.3 kg/m2 and 30.9 kg/m2,
respectively. The mean age was 55.7 years for the intervention
group and 57.5 years for the control group. No study-related
serious adverse events were reported.
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Figure 2. Trial profile of recruitment and completion.

Table 1. Baseline characteristics of the study groups.
Demographic characteristics

Intervention group (n=103)

Control group (n=99)

Women, n (%)

76 (73.8)

68 (69)

Weight (kg), mean (SD)

85.71 (21.47)

85.93 (22.02)

Hemoglobin A1c (%), mean (SD)

5.94 (0.18)

5.93 (0.19)

Height (m), mean (SD)

1.66 (0.08)

1.66 (0.09)

BMI (kg/m2), mean (SD)

31.25 (6.43)

30.94 (7.23)

Age (years), mean (SD)

55.69 (13.63)

57.54 (12.45)

Among 80 intervention participants who downloaded the
program, 27 did not engage meaningfully (completed fewer
than 4 in-app actions, for example, read less than one article
per week over 4 weeks), 53 started (logged an action and read
articles for at least four weeks), and 45 completed the program
(logged an action and read articles for at least nine weeks). At
6 months, among those who had weight data, 31% (28/91) of
the intervention group (if they started the program or not) and
38% (17/45) of completers lost >5% body weight compared
with 14% (11/77) in the control group. At 12 months, among
those who had weight data, 27% (25/91) in the intervention
group and 38% (17/45) of completers maintained >5% body
weight loss compared with 14% (10/72) in the control group.
Similar to the control group, no significant changes in weight
or HbA1c levels were seen in those who did not engage
meaningfully or start the program. Weight and HbA1c levels by
intention-to-treat (ITT) and by completion at 6 and 12 months
are shown in Multimedia Appendix 2.
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Weight and Hemoglobin A1c Changes at 6 Months
In the ITT analyses, accounting for missing data, changes in
weight and BMI were significantly different at 6 months
between the intervention and control groups. Weight and BMI
were lower in the intervention group at 6 months by −2.64 kg
(SE 0.71; P<.001) and −0.99 kg/m2 (SE 0.29; P<.001),
respectively. No difference was seen in HbA1c levels between
groups at 6 months (mean difference 0.004%, SE 0.05; P=.94).
In the analysis that did not involve ITT, weight loss was
significant over time in the intervention group but not in the
control group, and there was a significant interaction of group
by time (P=.04), indicating that weight loss was dependent on
being in the intervention group. Those who completed the
program achieved a clinically and statistically significant weight
loss of 5.6% at 6 months based on paired t tests (Table 2; Figure
3). BMI significantly decreased over time in the intervention
completers group versus the control group (P<.001; Figure 4).
The HbA1c levels significantly decreased over time in both
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groups at 6 months, but there was no significant interaction of
group by time (P=.35; Figure 5). In the intervention group, those
who completed the program did not report a HbA1c level above

6.4% at any time point. In the control group, 2 patients reached
HbA1c levels at or above 6.4% at 6 months.

Table 2. Change in body weight and hemoglobin A1c at 6 and 12 months by participant group (intervention, intervention completers, and control
group).
Measured
values

Intervention groupa

6
months,
mean
(95%
CI)

Effect

Weight
(kg)

−3.31
(−4.43
to
−2.19)

−0.12 <.001 −2.22
(−3.31
to
−1.13)

0.01

Weight
(%)

−3.69
(−4.89
to
−2.48)

BMI
(kg/m2)

HbA1cd
(%)

Control groupa

Intervention completers

6
months,
mean
(95%
CI)

Effect

6
months,
mean
(95%
CI)

P
val-

−4.86
(−6.39
to
−3.33)

−0.22 <.001 −3.92
(−5.48
to
−2.37)

−0.14 <.001 −0.42
(−1.53
to 0.69)

−0.63 <.001 −2.54
(−3.74
to
−1.33)

−0.40 <.001 −5.59
(−7.22
to
−3.95)

−0.99 <.001 −4.66
(−6.42
to
−2.90)

−1.35
(−1.79
to
−0.92)

−0.13 <.001 −0.88
(−1.31
to 0.44)

−0.00 <.001 −1.79
(−2.34
to
−1.24)

−0.15
(−0.22
to
−0.08)

0.08

−0.13 <.001 −0.17
(−0.25
to
−0.10)

size

P
valb

c

ue

12
months,
mean
(95%
CI)

<.001 −0.23
(−0.32
to
−0.14)

Effect
size

P
valb

c

ue

.02

12
months,
mean
(95%
CI)

P val-

.45

−0.09
(−1.30
to 1.11)

.88

−0.72 <.001 −0.15
(−1.42
to 1.11)

.81

0.33
(−1.06
to 1.72)

.63

−0.15 <.001 −1.44
(−2.02
to
−0.87)

−0.09 <.001 −0.12
(−0.53
to 0.29)

.56

−0.04
(−0.47
to 0.39)

.86

−0.06 <.001 −0.28
(−0.37
to
−0.19)

−0.38 <.001 −0.17
(−0.25
to
−0.09)

<.001 −0.16
(−0.27
to
−0.05)

size

P
valb

ue

c

12
months,
mean
(95%
CI)

Effect
size

P
valb

c

ue

ue

c

uec

.01

a

At 6 months, the intervention group lost 2.64 kg more and had a BMI difference of 0.99 kg/m2 compared with the control group (both P<.001) in the
intention-to-treat (ITT) maximum likelihood estimates missing data analyses. At 12 months, in the ITT analyses, the intervention group lost 1.8 kg more
than the control group (P=.01) and had a BMI difference of 0.58 kg/m2 (P=.01). In the ITT analyses, HbA1c was not different between groups at 6 or
12 months, with a difference of 0.004% (P=.94) and 0.006% (P=.93), respectively.
b

≤0.2=small effect; >0.2 to <0.8=medium effect; ≥0.8=large effect.

c

P values were obtained from t tests using a .05 significance level.

d

HbA1c: hemoglobin A1c.

Figure 3. Weight change across time points. ITT: intention-to-treat; T0: baseline; T6: 6 months; T12: 12 months. ITT: intention-to-treat; T0: baseline;
T6: 6 months; T12: 12 months.
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Figure 4. BMI change across time points. ITT: intention-to-treat; T0: baseline; T6: 6 months; T12: 12 months.

Figure 5. Hemoglobin A1c change across time points. ITT: intention-to-treat; T0: baseline; T6: 6 months; T12: 12 months.

Weight and Hemoglobin A1c Changes at 12 Months
In the ITT analyses, changes in weight and BMI were
significantly lower in the intervention group at 12 months by
−1.80 kg (SE 0.81; P=.01) and −0.58 kg/m2 (SE 0.24; P=.01),
respectively. HbA1c levels showed no difference between the
groups at 12 months (0.006%; SE 0.07; P=.93).
In the analysis that did not involve ITT, an interaction between
group and time was found (P<.001), indicating that weight loss
was dependent on being in the intervention group. Those who
completed the program achieved a clinically and statistically
significant weight loss of 4.7% at 12 months (Table 2; Figure
3). BMI significantly decreased over time in the intervention
completers group versus the control group at 12 months (P<.001;
Figure 4). At 12 months, the HbA1c levels continued to
significantly decrease in the intervention group, which was
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XSL• FO
RenderX

below the prediabetic values (Figure 5). In the intervention
group, those who completed the program did not report HbA1c
levels above 6.4%. In the control group, 4 patients reached
HbA1c levels at or above 6.4% at 6 months.

Engagement Variables
Completers actively participated in the program (Table 3).
Multiple linear regressions controlling for age, sex, baseline
BMI (and baseline HbA1c levels for weight change models)
observed which program engagement behaviors, including the
mean number of weekly weigh-ins, articles read, meals logged,
steps, group posts, and messages to coach predicted changes in
weight and HbA1c levels at 6 and 12 months. Weight change at
6 and 12 months was also evaluated as a predictor in the models
for HbA1c levels change at 6 and 12 months, respectively.
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Having a higher baseline BMI and HbA1c status predicted
increased weight loss at 6 months (Table 4). Important program
engagement predictors of weight loss at 12 months included
frequency of weighing-in (β=−0.30; P=.01) and logging more

steps (β=−0.21; P=.08). Weight change at 12 months was
predicted by higher meal logging frequency (β=−0.41; P=.001).
In-app actions did not predict a change in HbA1c levels at 6 and
12 months.

Table 3. Engagement of intervention participants (in-app actions per week as).
In-app activities

Completers, mean (SD)

6 months

12 months

6 months

12 months

7.40 (8.03)

5.01 (6.43)

12.58 (6.73)

8.53 (6.39)

Logged weigh-insb

0.42 (0.83)

0.29 (0.72)

0.70 (1.0)

0.48 (0.89)

Logged steps

12,132 (14,131)

9487 (12,494)

19,110 (14,479)

15,152 (13,511)

Articles read

3.92 (5.90)

2.28 (3.80)

6.62 (6.48)

3.86 (4.33)

Group commentsc

0.14 (0.32)

0.07 (0.17)

0.23 (0.40)

0.11 (0.20)

Messages to coach

1.44 (1.91)

0.94 (1.46)

2.42 (1.98)

1.58 (1.63)

Logged meals

a

Intervention, mean (SD)

a

Logged meals refers to the times breakfast, lunch, snack, and dinner were logged per week.

b

Logged weigh-ins refers to times per week of in-app weight self-reports.

c

Group comments refers to responses to group posts per week.

Table 4. Multiple linear regression models for in-app actions as predictors of body weight change adjusting for age and gender.
Beta level

t valuea

P value

r2

Adjusted r2

F valuea

BMI

−0.302

−2.676

.01

0.21

0.24

6.158b

HbA1cc

−0.305

−2.765

.01

0.21

0.24

6.158

Steps at 6 months

−0.205

−1.815

.08

0.21

0.24

6.158

Weigh-ins at 6 months

−0.296

−2.628

.01

0.21

0.24

6.158

−0.405

−3.603

.001

0.16

0.15

12.983d

Dependent variable and significant predictors
Weight change at 6 months

Weight change at 12 months
Meals at 12 months
a

The df values for t test and F test were unavailable.

b

P≤.001.

c

HbA1c: hemoglobin A1c.

d

P=.001.

Discussion
Principal Findings
This RCT shows that a fully mobile DPP intervention with
coaching in adults with prediabetes was effective in significantly
reducing weight over 1 year. In the ITT analyses, the
intervention group lost 2.64 kg more at 6 months and 1.80 kg
more at 12 months compared with the control group, but the
HbA1c level was not significantly different between groups over
time. Weight loss has been shown to plateau at a 5% to 9% loss
6 months into a program with a slight weight regain, indicating
a 4.8% to 8% loss by 12 months with approximately a 3% to
4% loss maintained at 48 months [37]. Our data corroborate
these findings in that slight weight regain was seen between 6
and 12 months, with intervention participants not returning to
baseline weight.
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In the analyses that did not involve ITT, participants in the
intervention group who completed the program lost 5.6% and
4.7% body weight at 6 and 12 months, respectively, compared
with the control group that had no meaningful weight change.
In the analyses that did not involve ITT, HbA1c levels were
reduced in both groups at 6 months, but only the intervention
group continued to significantly decrease through 12 months.
Higher program engagement predicted greater weight loss but
not a change in HbA1c levels. To our knowledge, this is the first
such RCT demonstrating long-term efficacy for weight loss in
a fully mobile DPP intervention.

Comparison With Previous Work
Diabetes prevention interventions have been delivered through
multiple means, including in-person, community, the web and
mobile, and mixed interventions [35,38-42], reporting weight
loss of 3% to 5% or more. In 2009, a web-based DPP
intervention showed that completers lost 4.79 kg at 12 months
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[42]. To our knowledge, this study is the first to verify the
longitudinal efficacy through an RCT of a fully mobile-based
DPP encompassing all aspects of a CDC recognized program
[43]. It adds to the growing digital DPP intervention literature
by demonstrating a clear, ITT reduction in weight at 1 year
using a modern state-of-the-art digital mobile health program
in a relatively pragmatic setting.
We previously showed significant weight loss in a fully mobile
DPP observational study at 24 and 65 weeks [22,23], with
program completers achieving higher degrees of weight loss
compared with nonstarters and starters. Similar to a web-based
DPP intervention with −4.7 kg and −4.0 kg weight loss at 6 and
12 months, respectively, in those who completed the program
[44], we found −4.9 kg and −4.0 kg at 6 and 12 months in the
intervention completers. Another DPP intervention of older
adults found that more participants completed a web-based DPP
program compared with an in-person intervention and achieved
5% weight loss over 6 and 12 months [45].
A higher baseline BMI and HbA1c level, logging more steps,
and more frequent weigh-ins predicted greater weight loss at 6
months, whereas continuing to log meals at 12 months predicted
higher weight loss at 1 year. Previously, weighing-in and logging
more meals along with group interaction predicted weight loss
at 24 weeks [22], whereas at 65 weeks, meal logging and
interacting with a support group continued to be significant
weight loss predictors, supporting self-monitoring as a key
component of successful weight loss and maintenance [23].
Indeed, social support in the form of in-app group interaction
and high self-efficacy evidenced by persistent food logging are
crucial factors that predict weight loss success, further
supporting the design of personalized intervention strategies
through mobile health (mHealth) [46]. Those with higher HbA1c
levels had greater reductions in weight, which might imply that
borderline HbA1c levels should not necessarily prompt clinicians
to prescribe medication before referring them to a DPP, helping
reduce the development of overt T2DM without the need for
medication. Weight change at 6 or 12 months was not a predictor
of HbA1c change, indicating that a larger sample and longer
study duration may be needed to establish a stronger association.
This study demonstrates that a control group receiving usual
care plus the CDC’s DPP written materials did not lead to
meaningful weight loss or reduction in HbA1c levels. Previous
mobile-based prediabetes and weight loss interventions have
shown efficacy, and here we offer further evidence of the
feasibility of a fully mobile-based DPP intervention leading to
meaningful sustained weight loss for up to 1 year. The efficacy
of this approach is clinically significant because it is likely that
a larger number of people at risk can participate in such an
intervention as smartphone technology removes the barriers of
time and accessibility presented by in-person interventions.
Mobile interventions can easily be adapted by medical
professionals to facilitate patient participation and engagement
in DPP programs to reduce T2DM risk and advance patient care
while improving their practice’s efficiency.
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Limitations
Program participation was a limitation of this study. We found
that 23 participants declined to download the program or redeem
the intervention program’s registration code despite remaining
enrolled in the study and completing most visits. Another 53
participants did not meaningfully engage with or complete the
program. Designing interventions with protocols to re-engage
lapsed study participants may improve participation.
The smartphone version of the DPP allows for intensive
education that can be disseminated over time due to the various
program features for a variety of forms of communication.
Studies have shown that patient engagement and diabetes risk
awareness are poor [47,48]. Low self-motivation may impair
timely treatment, pointing to the added need for intensive
education to create true awareness and understanding of the
prediabetes condition and potential benefits of a DPP. These
factors seem to be significant gaps in clinical care and reporting
suboptimal adoption of behaviors for risk reduction in adults
with prediabetes [48]. Such findings suggest the need to improve
patient education and awareness in the clinical setting to prevent
the onset of T2DM and decrease the risk of future complications.
Despite the ability to measure if participants went through the
educational content in the program, there was no way to ensure
that they read the content fully or engaged with activities or
practices that were proposed to be done off of the app. Another
limitation of our study is that individuals with prediabetes with
a BMI <25 kg/m2 were included in our analyses, reducing the
effect size of weight loss and HbA1c levels. Additionally,
although 82% of participants completed all study visits, the
study remained underpowered for HbA1c outcomes. A larger
sample size would have provided a more robust estimate of the
effectiveness of HbA1c levels. Future research is needed to
establish wider generalizability and true efficacy for HbA1c
reduction resulting from the program intervention.
Despite these limitations, this study is the first mHealth DPP
RCT from a program fully recognized by the CDC showing
significant long-term weight loss greater than 5% and
maintenance up to 1 year. Furthermore, completers in the
intervention group had a large enough weight loss that drove
significant ITT weight loss. The main outcome measures were
reliably obtained in a controlled clinical setting, removing
potential measurement errors that can arise through
self-reporting. Study participants were predominantly female,
which might limit generalizability; however, the sample was
recruited from tertiary care outpatient medical practices
representative of the general population at risk for T2DM on
Long Island. Furthermore, the sample included a broad range
of ages ≥18 years and individuals with normal BMI, indicating
that intervention findings could apply to the general at-risk
population.
Individuals who are more aware of a medical condition or risk
are more likely to seek additional medical care and significant
lifestyle changes. The perception that body weight poses a health
risk to the individual significantly contributes to their efforts to
lose weight [49]. People who have been told by physicians that
they are at a health risk if they do not change their weight could
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have more active program engagement than others, as this advice
has been shown to be strongly related to weight loss efforts
[49,50]. Future research will focus on testing brief but intensive
prediabetes education sessions after diagnosis and before referral
to a DPP to aid in a better understanding of the true risks faced
with such a diagnosis. A brief preparatory intervention can result
in higher uptake of in-person, mobile, web-based, or
combination DPPs and effectively prevent T2DM and improve
health outcomes in more persons who may have not sought care.

Toro-Ramos et al

Conclusions
As the first long-term randomized intervention of its kind, the
results of this study demonstrate that a novel fully mobile-based
smartphone-delivered DPP with human coaching is an effective
and powerful tool for attaining clinically and statistically
significant weight loss up to 1 year, reducing T2DM risk as
well as in-person interventions but without the added barriers.
Continuous
guidance
through
coaching,
seamless
self-monitoring tools, and engaging mobile-delivered DPP
content are key to achieving sustained changes in weight and
preventing T2DM.
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Abstract
Background: Despite many efforts, maternal mortality remains a major burden in most developing countries. Mobile health
(mHealth) has the potential to improve access to obstetric care through apps that help patients and providers.
Objective: This study aimed to use mHealth to provide antenatal care (ANC) to 1446 pregnant women in a rural area in
Madagascar and evaluate the quality of ANC provided by an mHealth system designed to change the behaviors of providers and
patients.
Methods: We included 1446 women who attended ANC visits in rural Madagascar from 2015 to 2019 using an mHealth system
called Pregnancy and Newborn Diagnostic Assessment (PANDA). This cross-sectional study used data from different participants,
with information collected over several years, to analyze the outputs related to the quality of ANC over time. Specifically, we
examined the timing of the first ANC visit, the relationship between the visit duration and the risk factors among pregnant women,
and the number of ANC visits per woman.
Results: Following the implementation of the mHealth system in 2015, we observed that women started to come earlier for
their first ANC visit; more women attended their first ANC visit in the second trimester of pregnancy in 2019 than in the previous
years (P<.001). In 2019, fewer women attended their first ANC visit in the third trimester (57/277, 20.6%) than in 2015 (147/343,
42.9%). There were statistically significant associations between the ANC visit durations and the risk factors, including age (>35
years; 25.0 min, 95% CI 24.0-25.9), educational level (longer visit for women with lower than primary education and for women
who attended university and shorter for women with primary school–level education; 40.7 min, 95% CI 30.2-51.3 and 25.3 min,
95% CI 24.4-26.3 vs 23.3 min, 95% CI 22.9-23.8; P=.001), experience of domestic violence during pregnancy, gravidity, parity,
infectious diseases (HIV, malaria, and syphilis), and level of anemia. Statistically significant associations were observed for all
quality indicator variables. We observed a statistically significant increase in the number of ANC visits per woman over time
from 2015 to 2017; the number of ANC visits per woman then became stable after the third year of implementing the PANDA
mHealth system.
Conclusions: This study shows the potential of an mHealth system to improve the quality of ANC, change provider behavior
by standardizing ANC visits, and change patient behavior by increasing the willingness to return for subsequent visits and
encouraging ANC attendance early in pregnancy. As this is an exploratory study, further studies are necessary to better understand
how mHealth can change behavior and identify the conditions required for behavioral changes to persist over time.
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Introduction
Background
Mobile health (mHealth) tools are an innovative technology
that can allow patients and their health care providers to
effectively access medical data before, during, and after medical
appointments. mHealth has the potential to improve the quality
of health care through apps that can facilitate communication
between patients and health care providers [1]. In the past few
decades, most health-related apps have been created for patients
rather than for providers [2,3].
Maternal mortality has decreased dramatically in low- and
middle-income countries (LMICs), declining by 45% from 2008
to 2013 [4]; however, around the world, as many as 800 women
continue to die each day because of complications from
pregnancy and delivery [5]. Up to 99% of maternal deaths
worldwide occur in LMICs, and researchers have postulated
that a lack of access to high-quality maternal and newborn care
is a major reason for maternal deaths in these countries [6,7].
Antenatal care (ANC) provides a unique opportunity for
screening, diagnosis, and health promotion among pregnant
women and their families and communities [8]. Appropriate
utilization of ANC services is associated with improved maternal
and newborn health as well as a reduction in maternal deaths
during pregnancy and childbirth [9-11]. Due to the benefits of
ANC, the World Health Organization (WHO) recommends that
pregnant women should attend at least four ANC visits to
increase opportunities for risk identification, management of
pregnancy and/or comorbidities, and health promotion, and
since 2016, the WHO recommends eight contacts with health
care providers during pregnancy [12]. Delays in the recognition
and management of clinical problems that may arise during
pregnancy can increase maternal and neonatal mortality [13].
Expanded use of mHealth could help improve health care quality
in the context of LMICs [14]. mHealth can offer technical
support to assist health care providers in data collection and
retrieval, and, even more importantly, it can support the clinical
practice of health care providers and improve the quality of care
and interactions between patients and health care workers [15].
If mHealth is capable of increasing patients’ satisfaction with
the clinical approach, this higher satisfaction may translate into
increased attendance at clinical visits, which may ultimately
reduce adverse obstetric and neonatal outcomes. However,
current evidence on this topic is scarce, and little is known about
how mHealth can influence the clinical practice of health care
providers and the quality of services [16,17].

Objectives
We conducted a study in Madagascar using an mHealth system
to record and access women’s data during their ANC visits. The
main goal of this study was to evaluate the quality of ANC
provided with mHealth by measuring the adherence to ANC
https://mhealth.jmir.org/2020/7/e18543
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visits, the timing of the first ANC visit, and the duration of the
visits.

Methods
Study Setting and Collaboration
This cross-sectional, observational study was conducted from
January 2015 to September 2019 in the Ambanja district in
northwestern Madagascar. Data related to ANC visits were
collected using an mHealth system called Pregnancy and
Newborn Diagnostic Assessment (PANDA). The local health
authorities in Ambanja, Madagascar, and the Human Research
Ethical Cantonal Board of Geneva, Switzerland (Comité
d’éthique de la recherche CER 14-217; project number: CCER
PB_2017-00641) approved the study.
We implemented an mHealth system to support providers in
conducting ANC visits in Madagascar. Maternal mortality in
Madagascar has decreased by over 50% in the last 20
years—from 776 to 353 deaths per 100,000 live births—but
maternal mortality remains high and the Millennium
Development Goal 5 has not been reached [18]. In the northern
part of the country, 82.1% of women receive at least one ANC
visit, but only 44% receive four or more ANC visits [19]. In the
Ambanja district, only 58% of pregnant women attend four or
more ANC visits with any kind of health care provider [20].
The Ambanja district is a rural area with a population of 240,000
inhabitants [21]. Farming is the main economic activity in the
region. This study was conducted in the 2 main hospitals in
Ambanja city: the Centre Médico Chirurgical Saint Damien (a
private nonprofit organization) and Centre Hospitalier de
Référence du District de Ambanja (the district public hospital).
In the city, ANC is provided in these 2 hospitals and in 18
dispensaries within a 200-km radius of the Ambanja district. In
2015, we provided ANC with the PANDA system in both urban
and rural areas; however, in 2016, we changed the strategy and
excluded rural dispensaries, providing ANC exclusively in the
city of Ambanja to allow for proper follow-up.
A collaboration between the University Hospitals of Geneva
and the Centre Médico Chirurgical was established in 2010 for
a cervical cancer program and was continued in 2015 with the
implementation of the PANDA system. The PANDA team
collaborates with the Ministry of Health of Madagascar.

The PANDA System Intervention
The PANDA mHealth system was first implemented in 2015
in a pilot study to assess the system’s feasibility and usability
in Madagascar [22]. The program was designed to support health
care providers who received training on using a smartphone app
and on conducting a standardized ANC visit. This mHealth
system encourages providers to perform a standardized ANC
visit as the program requires the provider to go through all the
sections of a standard ANC visit, without skipping any section
from the beginning to the end. Standardization is an intended
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result of using an mHealth system such as PANDA. PANDA
is a mobile app that facilitates the collection of information
during ANC and postpartum care visits according to WHO
recommendations. The collected data are automatically
transmitted to the medical unit’s web-based database, which
stores a digitized medical record for each patient.

study. The only exclusion criterion was the inability to
understand or act as described in a previous publication
explaining the acceptability and feasibility of the PANDA
mHealth device [22]. As ANC with the PANDA mHealth system
was offered to all women receiving routine ANC, the sample
is considered to be representative.

The system comprises the following 3 elements. First, PANDA
point of care is a kit containing all the instruments needed to
take measurements such as height, weight, body temperature,
and blood pressure and to screen for syphilis, HIV, malaria,
anemia, gestational diabetes, urinary tract infections, and
malnutrition. Second, the PANDA app is an Android smartphone
app made up of 5 sections: sociodemographic information,
medical and obstetric history, clinical screening test results,
health education and birth plan, and postpartum care. It is an
app mostly based on icons and illustrations with very little text.
A quarter of each visit is dedicated to educating the patient
regarding warning signs during pregnancy, labor, and
postpartum as well as birth preparedness. The education section
of the visits also focuses on breastfeeding recommendations
and overall well-being of women. Alert functions are integrated
into the PANDA app to notify the provider of abnormal clinical
results, technical problems, or missing patient information,
thereby assuring a complete assessment [23]. The providers
must go through all 4 modules; otherwise, it is not possible to
close the visit. Third, the PANDA medical unit is a web-based
database that captures the data and results collected during the
ANC and postpartum visits and enables the hospital team to
open a computerized medical record for each woman to make
a diagnosis and define the frequency of follow-up. In addition,
after all the data were collected for this study, the PANDA
medical unit allowed the team to stratify pregnancies by area,
time, and risk conditions. The on-site medical team has access
to the PANDA database via username and password; all data
are encrypted to ensure privacy. Patients were informed, and
they agreed to their data being transmitted to and saved in the
medical unit to create their medical records. Patients were asked
to provide both paper and electronic consent.

Statistical Analysis

Data were collected during the women’s first and subsequent
ANC visits. The 3 following types of information were
collected: (1) sociodemographic characteristics; (2) medical,
surgical, and obstetric history; and (3) results from screening
to detect obesity or malnutrition, hypertension or preeclampsia,
anemia, HIV, syphilis, malaria, diabetes, infections, and other
conditions. The PANDA system collected data on at least 75
items per woman on their past and current medical and obstetric
history as well as clinical screening data.

Demographic Information of the Participants

Since 2015, we have trained 13 providers to use the PANDA
system. In the PANDA medical unit, it is possible to track the
content of the visits, including each provider’s activities, such
as the number of visits conducted and eventual errors in
completing the visits, thus allowing the team to build a learning
curve for each provider.

Sample Description
A total of 1446 pregnant women fulfilled the inclusion criteria
and were enrolled in the study. All pregnant women, regardless
of age or stage of pregnancy, were eligible to participate in the
https://mhealth.jmir.org/2020/7/e18543
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We used a convenience sample of 1446 women. We planned
to recruit patients from 2015 until the end of September 2020,
which resulted in a total of 1446 women.
The data collected with PANDA were digitized as electronic
medical records, which were used to analyze maternal morbidity
and evaluate the quality of the ANC. Continuous variables are
presented as mean (SD) or median, and categorical variables
are presented as frequencies and relative percentages. The
proportions of patients who tested positive for syphilis, HIV,
or malaria are provided with their 95% CIs. Comparisons of
categorical variables by year were performed using the
chi-square test, and the mean durations of ANC visits were
compared by the different categorical variables using the
nonparametric Kruskal-Wallis test. We assessed the associations
of different patient characteristics, place of residence, year, and
visit order (independent variables) with visit duration (dependent
variable)—first at the univariate level, using mixed linear
regression models with the patient as a random factor to take
into account repeated measurements within patients. We then
constructed a parsimonious multivariable mixed linear
regression model including all the variables that were
significantly associated with the visit duration at P=.04. We
reported the estimated marginal mean duration and 95% CI for
each independent variable from the multivariable model and
the associated P values for each category of the variables. Stata
Statistical Software, release 16 (StataCorp), was used to describe
the study population and to analyze the indicators of the ANC
quality.

Results
Most of the 1446 women in the study were recruited in the city
of Ambanja. The first table in Multimedia Appendix 1
summarizes the participants’ demographic and obstetric history.
The mean age of the women was 24.4 years (SD 6.8), and the
majority (1185/1441, 82.23%) of the participants were married
or living with a partner. Most of the women had primary
school–level education or lower, and most (1337/1441, 92.78%)
of the participants did not have running water at home.
Multiparas accounted for 60% of the participants. In our sample,
more than one-third of the pregnancies were unplanned. Data
on unplanned pregnancies were only included in the system in
2018 as we noticed during the visits that the women very often
said that their pregnancies were not planned. In addition, data
on contraceptive use before pregnancy were added in 2018 and
2019; of the women who reported previous contraceptive use
in these years, 51.7% (170/329) used long-acting progesterone
methods and 32.2% (106/329) used traditional methods. Only
154/985, 15.63% of the participants had been vaccinated for
tetanus. A total of 4.66% (67/1438) of women reported
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experiencing domestic violence during their pregnancy;
importantly, several women only reported this at the end of their
ANC visits, after the education session on violence.

Table 1 summarizes the status of syphilis, HIV, and malaria
among the pregnant women included in this study. HIV
prevalence was 1.3% (95% CI 0.7-1.96%). The prevalence of
syphilis infection in our sample was 2.8% (95% CI 2.0-3.8%).

Table 1. Prevalence of malaria, HIV infection, and syphilis among pregnant women in the Ambanja district, Madagascar, from January 13, 2015, to
September 20, 2019, at their first antenatal care visit (n=1443).
Variables

Participants, n (%)

95% CI

Positive

18 (1.25)

0.7-1.96

Negative

1290 (89.40)

87.7-90.9

Invalid or not tested

135 (9.36)

7.9-11.0

Positive

41 (2.84)

2.0-3.8

Negative

1061 (73.53)

71.2-75.8

Invalid or not tested

341 (23.63)

21.5-25.9

Positive

23 (1.59)

1.0-2.4

Negative

813 (56.34)

53.7-58.9

Invalid or not tested

607 (42.06)

39.5-44.7

HIV status

Syphilis status

Malaria status

Timing of First Antenatal Care Visit
Table 2 shows that since the implementation of PANDA began
in 2015, women tended to attend their first ANC visit earlier in
their pregnancy. Comparing the timing of the first ANC visit
in terms of pregnancy trimester by year, we observed a

significant change from 2015 to 2019. In 2019, fewer women
attended their first visit in the third trimester (57/277, 20.6%)
than in 2015 (147/343, 42.9%). In addition, more women
attended their first ANC visit in the second trimester in 2019
than in the previous years (P<.001).

Table 2. Timing of the first antenatal care visit during pregnancy by year among pregnant women in the Ambanja district, Madagascar.
Pregnancy trimester

a

Year, n (%)

P value

2015 (n=341)

2016 (n=265)

2017 (n=197)

2018 (n=360)

2019 (n=276)

First trimester

28 (8.2)

39 (14.7)

28 (14.2)

46 (12.8)

18 (6.5)

<.001

Second trimester

168 (49.0)

148 (55.9)

131 (66.5)

237 (65.8)

201 (72.8)

N/Aa

Third trimester

147 (42.8)

78 (29.4)

38 (19.3)

77 (21.4)

57 (20.7)

N/A

N/A: not applicable.

Mean Duration of Antenatal Care Visits Across Time
and Associated Variables
In the univariate analysis, the mean visit duration decreased
significantly by approximately 5 min from 2015 to 2019 and
varied by approximately 10 min across visit orders (see the
second table in Multimedia Appendix 1). There was no
statistically significant difference in the mean duration of the
visits by the place of residence (rural vs urban). The visit
duration was significantly associated with the patient’s level of
education, with longer visits for patients with less than primary
education (mean 40.7 min; 95% CI 30.2-51.3 min) and patients
who had completed university education (mean 25.3 min; 95%
CI 24.4-26.3 min), compared with patients who had completed
primary education (mean 23.3 min; 95% CI 22.9-23.8 min;
P=.001) or secondary school (mean 22.8 min; 95% CI 22.0-23.4
min; P=.001). The visit duration also differed significantly by
age, with significantly longer visits for women aged at least 35
https://mhealth.jmir.org/2020/7/e18543
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years (mean 25.0 min; 95% CI 24.0-25.9 min) than for those
aged between 16 and 20 years (22.9 min; 95% CI 22.3-23.5
min; P<.001). Patients who reported domestic violence during
the visit had longer visit durations than those who did not report
domestic violence (P<.001), and those who had running water
at home had longer visit durations than those without running
water at home. There were also significant differences in the
visit duration by patient gravidity (longer duration with higher
gravidity), parity (longer duration with higher parity), and
trimester of pregnancy (shorter duration in the third [mean 21.7
min; 95% CI 21.3-22.1 min; P<.001] and second [mean 25.5
min; 95% CI 25.1-25.9 min; P<.001] trimesters, compared with
the first trimester [mean 29.2 min; 95% CI 27.8-30.5 min]). The
providers noted that the visit duration increased with parity and
gravidity as they had to go through more detailed information
about each past pregnancy and delivery. Active smokers had
longer visit durations than did nonsmokers, and women with
severe or moderate anemia had longer visit durations than
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18543 | p.518
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women with no anemia or mild anemia. Finally, there were
significant differences in the visit duration by HIV status (longer
duration among patients with positive HIV status compared
with those with negative or unknown status), syphilis status
(longer duration among patients with unknown status compared
with those with positive or negative status), and malaria status
(longer duration among patients with positive status compared
with those with negative or unknown status). In the multivariable
model, the mean visit duration remained independently
associated with the year, visit order, level of education, age
category, domestic violence, availability of running water at
home, and HIV and syphilis status (Multimedia Appendix 1).

Benski et al
Figure 1 displays the mean visit duration by year and visit order.
The duration of the first ANC visit remained stable over time.
In 2015 and 2019, the mean duration decreased with each
subsequent visit. In 2016 and 2017, the fifth visit was longer
than the fourth visit, and the fourth visit was longer than the
third visit in 2018.
All variables included in the multivariable model were
significantly associated with the visit duration. These variables
were the year, visit order, education, age, availability of running
water at home, HIV status, and syphilis status.

Figure 1. Mean antenatal care visit duration in minutes (95% CI) by year and visit order.

Number of Visits Per Woman by Year and Antenatal
Coverage

per woman then became stable after the third year of
implementing the PANDA system. Figure 2 illustrates the mean
number of visits per woman per year.

We observed a statistically significant increase in the number
of visits per woman from 2015 to 2017. The number of visits
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Figure 2. Mean number of antenatal care visits (95% CI) per patient by year (Kruskal-Wallis test; P<.001).

Discussion
Principal Findings and Interpretation
This study has shown the potential of using an mHealth system
to encourage providers to follow a standardized ANC visit and
also contribute to increase women’s adherence and willingness
to return for subsequent ANC visits in Ambanja, Madagascar.
According to the United Nations International Children's
Emergency Fund data gathered in Madagascar in 2018, most
women attended their first ANC visit in the third trimester of
pregnancy, with only 45% attending their first visit in the second
trimester or earlier [24]. In this study, we found that 73% of the
women attended their first visit in the second trimester in 2019.
This suggests that a systematically conducted ANC visit,
supported and guided by mHealth technology, has the potential
to boost women’s confidence in health care providers. Similarly,
in a randomized controlled trial conducted in 2017 in Ethiopia,
Atnafu et al [25] found that, after implementing an mHealth
tool to assist health care providers in collecting and organizing
patient data in medical records, about 60% of the patients
attended their first ANC visit from the fourth to the sixth month
of their pregnancies.
There is no recommended benchmark value for the duration of
ANC visits as a quality indicator; however, we assumed that a
provider would need at least 20 min for the first ANC visit
(based on our clinical experience) to cover all the main topics
that should routinely be part of a high-quality ANC visit. The
duration of the first ANC visit, a quality indicator defined by
the WHO, remained stable over the study period, indicating that
the use of the mHealth device did not significantly lengthen the
visit duration. We also found that the visit duration was
positively associated with several patient risk factors. Low
education, being over 35 years of age, experiencing domestic
https://mhealth.jmir.org/2020/7/e18543
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violence during pregnancy, having anemia, and having an HIV
positive status were all associated with a longer ANC visit
duration.
In terms of the completeness of the ANC visits, most pregnant
women in our sample were tested for HIV during these visits
(92.7%), compared with only 10% of pregnant women in an
analysis of national-level data from 2018, which also reported
that only 3% were receiving antiretroviral therapy to prevent
vertical transmission [26]. Furthermore, HIV prevalence was
1.3% (95% CI 0.7-1.96%) in our sample, compared with 0.5%
(95% CI 0.1-0.2%) in the 2018 national-level data. The
prevalence of syphilis infection in our sample was 2.8% (95%
CI 2.0-3.8%). Previous reports of the seroprevalence of syphilis
in Madagascar ranged from 1.6% to 4.5% [27]. In addition, the
national-level data indicated that only 68% of pregnant women
in Madagascar had their blood pressure measured during ANC
visits [24], compared with almost 100% of the women in our
sample using the PANDA system.
In this study, we found that the number of ANC visits per
pregnant woman tended to increase over the study period. In
the study by Atnafu et al, [25] the number of ANC visits varied
significantly by region, with 77% of pregnant women attending
1 to 4 visits and only 23% attending more than four ANC visits.
It can be assumed that increasing women’s willingness to return
for subsequent ANC visits may help prevent maternal
morbidities that can put the mother and newborn at risk during
pregnancy. Rosario et al [28] have shown that birth outcomes
are directly related to ANC attendance (stillbirth: unadjusted
odds ratio [OR]=0.34, 95% CI 0.16-0.70; abortion: OR=0.07,
95% CI 0.04-0.12) According to the national data, in 2018, only
51% of women in Madagascar attended at least four ANC visits
[29].
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Strengths of the Study
This study analyzed data from a large population over a 5-year
period following the implementation of the PANDA mHealth
system to support good quality ANC in a resource-constrained
setting (Madagascar). The indicators in our study, such as the
timing of the first ANC visit, the visit duration, and the number
of visits, strongly suggest that this mHealth system encourages
the performance of a standardized ANC visit and thereby
facilitates the provision of high-quality ANC services. This
study has shown the benefits of the PANDA mHealth system
for both providers and patients. The providers received guidance
on how to conduct standardized ANC of good quality, and they
also received a record of all important patient data that can be
used in follow-up visits. The women and their families received
ongoing education and encouragement to seek appropriate care
throughout the ANC and postpartum visits conducted with the
PANDA system. The system improved communication between
the health care workers and patients, facilitated continuous
education, and encouraged the patients to play a more active
role in the decision-making processes related to their health.

Limitations of the Study
Our study has several limitations. The most significant limitation
is the lack of a control group to compare with participants using
the PANDA mHealth system. Instead, we used national-level
surveys as a standard reference—the 2009 Madagascar
Demographic and Health Survey and the 2018 Multiple Indicator
Cluster Survey. Although our results differed significantly from
the findings of these two national-level surveys, the lack of a
comparison group and a randomized design limits the
conclusiveness of our findings. D-tree International’s study on
safer deliveries in Tanzania, which also lacked a control group,
demonstrated that the examined mHealth program was a success
as it reached over 13,000 pregnant women in Zanzibar. The
implementation of this mHealth system was described as a
success as it was linked to unprecedented rates of both service
delivery and postpartum attendance, even though this mHealth
system did not provide support for either ANC or postpartum
visit content or quality [30]. A second limitation is that we did
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not measure health outcomes to evaluate the effectiveness of
the mHealth intervention; we only began to collect data on
postpartum visits and delivery outcomes in the last year of the
study. However, the study by Lund et al [31] in Tanzania
showed a trend toward improved time and quality after the
implementation of a mobile phone intervention for patients in
a cluster randomized control study in Tanzania. They found
that the mobile phone intervention was associated with not only
an increase in ANC attendance, 44% of the women in the
intervention group received four or more ANC visits versus
31% in the control group (R, 2.39; 95% CI 1.03-5.55), but also
a trend toward improved timing and quality of ANC services,
although the difference was not significant. We also did not
explore the cost effectiveness or durability of the PANDA
system, compared with the existing paper-based checklist. These
aspects need to be explored in future studies. Finally, we trained
13 providers to use the PANDA mHealth system, and we did
not explore their satisfaction with the system. The providers
were not selected randomly; rather, an opportunistic selection
was employed.
Several questions about the use and diffusion of the PANDA
mHealth system remain open. These questions relate to, for
example, dealing with the low quality of service delivery and
the scalable and sustainable integration of the PANDA system
in the local health system.

Conclusions
This study shows that the PANDA mHealth system has the
potential to improve the quality of ANC in a resource-limited
setting, modify the behavior of providers by providing
standardized ANC visits, and increase patient compliance.
Mobile technology should not be considered a stand-alone health
intervention for ANC; rather, it is a strategic tool for improving
the delivery and quality of maternal health care. Further studies
are necessary to better understand the conditions under which
behavioral changes occur and persist over time with the use of
mHealth systems such as PANDA as well as whether undesired
behavioral changes may also arise with the use of mHealth in
ANC settings.
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Multimedia Appendix 1
Sociodemographic and clinical characteristics of pregnant women in the Ambanja district, Madagascar, from January 13, 2015,
to September 20, 2019, at their first antenatal care visit (Table 1). Sociodemographic and clinical variables that were significantly
associated with antenatal care visit duration among pregnant women in the Ambanja district, Madagascar (univariate and
multivariable analyses) (Table 4).
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Abstract
Background: Poor diet and physical inactivity are leading modifiable causes of death and disease. Advances in artificial
intelligence technology present tantalizing opportunities for creating virtual health coaches capable of providing personalized
support at scale.
Objective: This proof of concept study aimed to test the feasibility (recruitment and retention) and preliminary efficacy of
physical activity and Mediterranean-style dietary intervention (MedLiPal) delivered via artificially intelligent virtual health coach.
Methods: This 12-week single-arm pre-post study took place in Adelaide, Australia, from March to August 2019. Participants
were inactive community-dwelling adults aged 45 to 75 years, recruited through news stories, social media posts, and flyers. The
program included access to an artificially intelligent chatbot, Paola, who guided participants through a computer-based individualized
introductory session, weekly check-ins, and goal setting, and was available 24/7 to answer questions. Participants used a Garmin
Vivofit4 tracker to monitor daily steps, a website with educational materials and recipes, and a printed diet and activity log sheet.
Primary outcomes included feasibility (based on recruitment and retention) and preliminary efficacy for changing physical activity
and diet. Secondary outcomes were body composition (based on height, weight, and waist circumference) and blood pressure.
Results: Over 4 weeks, 99 potential participants registered expressions of interest, with 81 of those screened meeting eligibility
criteria. Participants completed a mean of 109.8 (95% CI 1.9-217.7) more minutes of physical activity at week 12 compared with
baseline. Mediterranean diet scores increased from a mean of 3.8 out of 14 at baseline, to 9.6 at 12 weeks (mean improvement
5.7 points, 95% CI 4.2-7.3). After 12 weeks, participants lost an average 1.3 kg (95% CI –0.1 to –2.5 kg) and 2.1 cm from their
waist circumference (95% CI –3.5 to –0.7 cm). There were no significant changes in blood pressure. Feasibility was excellent in
terms of recruitment, retention (90% at 12 weeks), and safety (no adverse events).
Conclusions: An artificially intelligent virtual assistant-led lifestyle-modification intervention was feasible and achieved
measurable improvements in physical activity, diet, and body composition at 12 weeks. Future research examining artificially
intelligent interventions at scale, and for other health purposes, is warranted.
(JMIR Mhealth Uhealth 2020;8(7):e17558) doi:10.2196/17558
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Introduction
Poor diet and physical inactivity are amongst the leading
modifiable causes of death and disease and increase the risk of
developing chronic health conditions such as type 2 diabetes,
cardiovascular disease, obesity, cancers, depression, and anxiety
[1]. In highly developed countries, these unfavorable health
behaviors are pervasive; for example, over ninety percent of
Australian adults fail the recommended daily intake of
vegetables and fruit, and approximately two-thirds do not meet
guidelines of 30 min of physical activity most days [2,3].
Despite the overwhelming benefits of healthy eating and
physical activity, making and sustaining lifestyle modification
is tremendously challenging [4]. Specialized support from health
professionals, such as dietitians and exercise physiologists or
physiotherapists, can help people achieve lifestyle change.
However, health systems’ finite budgets typically limit access
to such services to specific patient populations, such as those
with established chronic disease [5]. Consequently, many people
with unfavorable lifestyle patterns, who in time will go on to
develop chronic disease, do not have access to health
professional support to help them modify their lifestyle and
prevent disease.
Technology advances in the fields of artificial intelligence and
wearables offer new opportunities to deliver accessible,
personalized, and cost-efficient behavior modification programs.
In particular, virtual assistants use artificial intelligence to mimic
human conversation and can be programmed with scripted
conversations, questions and answers, and the ability to provide
personalized responses based on input from the user. Basic
virtual assistants have limited functionality and restrict users’
inputs (eg, by offering questions with multiple-choice response
options). For example, weight-loss virtual assistant “Lark” led
to significant weight loss, comparable in magnitude to that
achieved in in-person lifestyle interventions.[6] However, Lark
only allowed users to respond to program-directed questions
and did not allow users to ask questions. In contrast,
sophisticated virtual assistant technology is capable of
recognizing free-written or spoken language (natural language
processing), enabling more natural and user-directed
communication. Compared to more traditional knowledge
transfer methods in digital health (eg, tailored modules), the
conversational methods in virtual assistance may be perceived
as more personally relevant and humanistic, which is critical
given that perceived relevance and the inclusion of social
support are associated with increased effect sizes in digital
behavior change interventions [7,8].
Preliminary research supports the acceptability and efficacy of
natural language virtual assistants in health; however, few
studies have been conducted to date. Laranjo and colleagues’
2018 systematic review of studies evaluating natural language
processing virtual assistants in healthcare identified just 14
studies, most of which focused on mental health (n=6) or
clinician decision making (n=4) [9]. Single studies (n=3) used
virtual assistants to provide patients with education and support
for asthma, sexual health, and language impairment [9].
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Using an identical search strategy, we updated this review in
January 2020 and identified a further 11 studies. Similar to the
previous review, most recent studies were aimed at mental health
self-management (n=5) [10-12]. Single studies (n=3) used virtual
assistants to provide patients with education and support for
breast cancer [13], genetic counseling [14], and clinician training
[15]. Despite the potential for natural language virtual assistants
to provide personalized information and support users to engage
in positive health behaviors, only three natural language
processing virtual assistants focus on lifestyle modification.
“J’arrête de fumer” assisted users in quitting smoking by
profiling smoking behavior and providing advice and support
at times when cravings were likely to occur [16]. A feasibility
study published in 2019 employed a virtual assistant “Tess” to
support obese adolescents in health-promoting behavior change
with success [17]; however, Tess played a support role only
and was designed to supplement ongoing in-person
hospital-based services. Additionally, “Reflection Companion”
prompted participants to reflect on their physical activity
patterns, goals, barriers, and enablers of activity but was unable
to provide positive affirmation or encouragement, answer
participants’ questions, or provide tailored advice [18].
In sum, although the use of virtual assistants in healthcare is a
rapidly developing field, few virtual assistants use natural
language processing to promote lifestyle change and those that
do remain basic, performing limited, highly specific processes.
To our knowledge, there are currently no published studies
examining fully automated, natural language processing artificial
intelligence health coaches for lifestyle modification.
This proof-of-concept study aimed to assess the feasibility of
an artificial intelligence virtual health coach-led physical activity
and diet intervention for community-dwelling middle-aged and
older adults (recruitment and retention) and to evaluate the
preliminary efficacy of the virtual health coach intervention for
improving physical activity, Mediterranean-style diet adherence,
and health risk factors.

Methods
The case-controlled study was approved by the University of
South Australia Human Research Ethics Committee (ref
201724). All participants provided informed consent before
commencing the study.

Intervention
The 12-week MedLiPal program assists users in increasing their
lifestyle physical activity and adopt a Mediterranean-style diet.
It incorporates numerous behavior change techniques to target
determinants of lifestyle behaviors, including goal-setting,
problem-solving, goal review, self-monitoring with feedback,
social support, reattribution, and use of credible sources [19].
The components include Paola, a wearable activity monitor, the
MedLiPal website, and a diet and activity log.
‘Paola’ is a natural language processing virtual health coach
(Figure 1), created using IBM Watson Virtual Assistant artificial
intelligence software (IBM Corp.). Paola performs three key
roles: (1) guides participants through an introductory session
during which she teaches them about the principles of physical
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17558 | p.525
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activity, goal-setting and self-monitoring, and the Mediterranean
diet, including recommended daily and weekly servings (based
on Davis protocol) [20]; (2) guides users through 11 weekly
check-ins regarding their daily steps and dietary pattern for the
past week, and assists users to set personalized step and diet

Maher et al
goals for the coming week; and (3) is available 24/7 to answer
users’ questions. Paola was deployed on the cloud-based instant
messaging platform Slack (Slack Technologies). Participants
were required to download the Slack application on their device
and create a user account to access Paola.

Figure 1. Overview of the technology underpinning Paola, the virtual health coach.

Paola referred to users by their first name and could respond to
questions at any time. Frequently asked questions (eg, “How
much bread can I eat?”) were categorized by the intent (eg,
“how much” type questions) and by the entity (eg, breads and
cereals). The natural language processing artificial intelligence
software underpinning Paola identified intents and entities and
selected an appropriate response from stored dialogue options
(eg, “You can have up to 5 servings of breads and cereals per
day”). Intents, entities, and dialogue selections were developed
through collaboration between the health scientists on the study
team and the software developers.
We provided participants with a Garmin Vívofit4 wearable
activity monitor, which allows users to monitor their daily
physical activity levels (Garmin). During the introductory
session, Paola assisted participants to set a personal daily step
count goal based on age-based normative values +2000 steps,
considering their current activity levels. This daily step goal
was revisited and edited at each weekly check-in.
The MedLiPal website housed educational videos, study
information, and useful links. During the baseline session, Paola
linked participants to the website from Slack, requiring them
to log in and view the educational videos. Participants could
then visit the website for information and recipes at any time.
The diet and activity log was used to record daily steps and
dietary servings (Multimedia Appendix 1) [20,21]. Details of
the Mediterranean diet recommendations are included as
Multimedia Appendix 2.

Participants
Volunteers were recruited during February and March 2019
through mainstream news items, flyers, and social media.
https://mhealth.jmir.org/2020/7/e17558
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Participants were eligible if they were aged 45-75 years, owned
an iOS or Android smartphone or tablet with internet access,
were not currently meeting the Australian physical activity
guidelines, and were not following a Mediterranean dietary
pattern. Participants completed an online screening survey,
followed by a brief phone interview to confirm eligibility,
answer any potential questions participants may have had, and
arrange their baseline appointment. Participants’ physical
activity level was determined based on a single question
enquiring whether they did more than 30 minutes of activity on
five or more days per week, while Mediterranean diet pattern
was determined using the 14-item Mediterranean diet
questionnaire, with a score of 7 or less indicating they were not
following the Mediterranean diet [22]. Participants were
excluded if they were unable to consume a Mediterranean diet
due to allergy or other food aversions, had a medical condition
precluding them from increasing their physical activity or were
pregnant or lactating. All participants read the information sheet
and were provided an opportunity to ask questions before
providing informed consent and commencing the study.

Procedure
The primary outcomes were total minutes of weekly
moderate-to-vigorous physical activity and Mediterranean diet
adherence, measured via an online survey at baseline, week 6,
and week 12. Total minutes of weekly moderate to vigorous
physical activity was assessed using the Active Australia Survey
(AAS) [23,24]. Mediterranean diet adherence was measured
using a 14-item Australian Mediterranean diet adherence tool,
adapted from the Prevención con Dieta Mediterránea
(PREDIMED) study [25] to align with the Australian food
supply [26]. The Australian Mediterranean diet adherence tool
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17558 | p.526
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has been validated relative to the Mediterranean diet score
calculated from a 3-day weighed food record r=0.44 [26].
Participants attended in-person assessments at baseline, 6 weeks,
and 12 weeks for secondary outcome measures. Secondary
outcomes included: body weight (Seca 703), measured while
clothed and with shoes removed; height measured without shoes
(Seca 206); waist circumference, measured at the midpoint
between the pelvic crest and bottom rib, unless a visual narrow
was present elsewhere (Lufkin Thinline 2 mm, Apex Tool
Group) [27]; systolic and diastolic blood pressure (Omron
Healthcare) [26].
Sociodemographic characteristics (sex, age) and medication use
were captured in the online survey. Socioeconomic status was
measured according to the Socio-Economic Index for Areas
disadvantage index, based on postcode [28].

Maher et al
within 6 weeks, on the rationale that if this could be achieved
with no advertising budget, a future definitive trial with a
dedicated recruitment budget should be able to recruit
approximately 400 participants over a year. We set a retention
threshold of 75% at 12 weeks. Behavioral engagement with the
MedLiPal program was assessed via virtual health coach usage
data (number of weekly check-ins completed). The a priori
engagement target was set at 70% (ie, that participants would
complete at least 8 of 11 weekly sessions with Paola).

Power and Statistical Analyses
The target sample size was set at n=30, which was considered
adequate to answer feasibility research questions. For efficacy
outcomes, this sample size, assuming 80% power, an alpha of
0·05, and a single group design with three repeated measures,
was able to detect an effect size of d=0.48.

Following the completion of the baseline assessments,
participants were provided with a Garmin Vívofit4 activity
tracker and access to the virtual health coach and the MedLiPal
website. Initial login prompted Paola to begin the introductory
session, in which the health coach introduced herself and taught
users about the Mediterranean lifestyle and its benefits, the
principles of increasing physical activity, goal-setting, and how
to use the Garmin Vívofit4 activity tracker, the Mediterranean
dietary pattern, and how to self-monitor daily and weekly
servings using the MedLiPal weekly log sheet. Paola then
invited the participant to converse with her regarding any
questions they had about the program. Paola also explained to
participants that she was available 24/7 to answer their
questions.

Feasibility data and participants’ sociodemographic
characteristics were analyzed descriptively, using means and
standard deviations, frequencies, and percentages. Efficacy was
assessed using an unadjusted repeated measures ANOVA,
conducted on an intention-to-treat principle. Given that a small
amount of data was missing (16% missing data at week 6, 10%
at week 12 for primary outcomes), imputation was achieved
using the last observation carried forward. Sensitivity analyses
using complete cases were also conducted. All analyses were
performed using SPSS (version 26, IBM) with a P value of .05.
Pairwise comparisons included Bonferroni adjustment, and
exact P values are reported.

Each week, users received an email notification inviting them
to complete a weekly check-in with Paola to check their
progress, assisting them with setting new weekly goals and
answering their questions.

Recruitment and Retention

Participants did not receive an honorarium but could keep their
Garmin Vívofit4 activity tracker after the study.

Feasibility
Feasibility was judged based on recruitment, retention, and
engagement. We sought to recruit 30 participants to the study
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Results
A total of 99 potential participants formally expressed their
interest in the study within four weeks of recruitment opening,
at which point expressions of interest were closed. The first 38
potential participants completed the eligibility screening
interview, of which 31 (82%) were eligible. Participants were
sequentially booked for baseline assessments until the study
quota of 30 participants was filled, with n=31 ultimately
enrolled. Attendance for the 6- and 12-week assessments was
29 and 28, respectively (Figure 2).
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Figure 2. Participant flow through the study.

56.2 years (SD 8.0), and two-thirds were women. Most
participants were either overweight or obese.

Participant Characteristics
Participants’ baseline demographic and clinical characteristics
are provided in Table 1. On average, participants were aged
Table 1. Baseline characteristics of participants in the MedLiPal study.
Men (n=10)

Women (n=21)

All (n=31)

60.6 (8.7)

54.1 (7.0)

56.2 (8.0)

Underweight

0 (0)

0 (0)

0 (0)

Normal

1 (10)

7 (33)

8 (26)

Overweight

4 (40)

6 (29)

10 (32)

Obese

5 (50)

8 (38)

13 (42)

308.7 (172.2)

157.2 (143.0)

206.1 (166.5)

Mediterranean diet adherence score (out of 14), mean (SD) 3.9 (2.1)

3.8 (1.6)

3.8 (1.8)

Waist circumference (cm), mean (SD)

102.4 (8.5)

93.0 (18.0)

96.0 (16.0)

SBP (mmHg) , mean (SD)

135.8 (11.1)

120.8 (10.6)

125.7 (12.8)

DBP (mmHg)c, mean (SD)

85.3 (11.2)

81.6 (5.7)

82.8 (7.9)

Socioeconomic statusd, mean (SD)

997.4 (62.5)

1001.9 (64.3)

1000.5 (62.8)

Age (years), mean (SD)
BMI, n (%)

Weekly MVPAa (minutes), mean (SD)

b

a

MVPA: moderate and vigorous physical activity.

b

SBP: systolic blood pressure.

c

DBP: diastolic blood pressure.

d

Socio-Economic Index for Areas (SEIFA) national mean = 1000±100.
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Behavioral and Health Outcomes
The efficacy results are shown in Table 2. From baseline to
week 6, weekly physical activity increased by approximately
one hour, and then by a further 50 minutes at 12 weeks. Thus
overall, from baseline to 12 weeks, physical activity increased
by 109.8 minutes (95% CI 1.9 to 217.7, P=.005). Mediterranean
diet adherence increased markedly from baseline to week 6 and
then was approximately maintained at this level from week 6
to week 12 (mean change baseline to 12 weeks 5.7, 95% CI 4.2
to 7.3, P<.001).
On average, participants lost 1.1 kg from baseline to week 6,
and then lost a further 0.2 kg to week 12, resulting in an overall

average loss of 1.3 kg (95% CI –2·5 to –0·7, P=.01). Similarly,
waist circumference decreased by 1 cm from baseline to week
6, and then another 1 cm to week 12, leading to an overall loss
of –2.1cm (95% CI –3.5 to –0.7, P=.003). There was no change
in blood pressure (diastolic or systolic) at either time point.
Sensitivity analyses (Multimedia Appendix 3) were conducted
using complete case data (n=28). Results were consistent with
the intention-to-treat (ITT) analyses, though effect sizes tended
to be slightly larger; for example, physical activity increased
by 145 minutes (vs 110 minutes in the ITT analyses) and that
Mediterranean diet adherence score increased by 6.5 points (vs
5.7 points in the ITT analysis).

Table 2. Outcome measures at baseline, 6 weeks, and 12 weeks.
Outcome measure

Baseline

6 weeks

12 weeks

Mean (SD)
Weekly total MVPAb
minutes (min)

a

206.1 (166.5)

F (2, 29), P for
overall model

Difference from baseline Difference from baseline

Mean (SD)

Mean (SD)

to Week 6 (95% CI)a

to Week 12 (95% CI)a

266.8 (207.2)

315.9 (261.7)

6.45, .005

60.8 (–21.7 to 143.3)

109.8 (1.9 to 217.7)

Mediterranean diet adher- 3.8 (1.8)
ence score (out of 14)

9.8 (3.7)

9.6 (3.1)

44.56, <.001

6.0 (4.3 to 7.7)

5.7 (4.2 to 7.3)

Weight (kg)

83.6 (19.0)

82.4 (18.3)

82.3 (18.1)

5.41,.01

–1.1 (–2.0 to –0.3)

–1.3 (–2.5 to –0.1)

Waist circumference
(cm)

96.0 (16.0)

95.1 (15.8)

93.9 (15.8)

7.13,.003

–1.0 (–1.8 to –0.1)

–2.1 (–3.5 to –0.7)

SBPc (mmHg)

125.7 (12.8)

124.9 (14.5)

125.5 (13.8)

0.11,.90

–0.8 (–4.9 to 3.4)

–0.2 (–5.7 to 5.3)

DBPd (mmHg)

82.8 (7.9)

81.8 (9.3)

81.8 (8.8)

0.64, .54

–1.0 (–3.4 to 1.3)

–1.0 (–4.3 to 2.4)

Pairwise comparisons confidence intervals include Bonferroni adjustment for multiple comparisons.

b

MVPA: moderate and vigorous physical activity.

c

SBP: systolic blood pressure.

d

DBP: diastolic blood pressure.

Engagement With the Virtual Health Coach
From Weeks 2-12 of the program, participants were encouraged
to complete weekly check-ins with Paola, the virtual health
coach. Out of a maximum of 11 possible check-ins, participants
completed an average of 6.9 (64%, range 1-11). Engagement
with the check-ins across the intervention period is shown in
Figure 3. Around 70% of participants completed the check-ins
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in weeks two, three, four and 12, with engagement gradually
sliding to around 50% through weeks eight and nine, before
rising again in the final weeks of the program. Participants who
completed the first weekly check-in had significantly higher
engagement across the intervention period than those who did
not complete the first weekly check-in (mean 7.4, SD 3.4 vs
mean 4.6, SD 2.6; P=.03).
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Figure 3. The percentage of participants completing the weekly virtual health coach check-in across the 12-week intervention period.

Other Feasibility Issues
Of the 31 participants meeting all eligibility criteria and enrolled
in the study, it became clear during baseline appointments that
3 participants had minimal smartphone skills (eg, did not know
how to send a text message or download an app). These
participants were reliant on their partners or children to use their
phones as part of the study. At the 6-week assessment, several
participants reported difficultly consuming the recommended
number of food group servings (due to feeling satiated). They
were encouraged to ask Paola for advice. Paola’s advice to users
reporting satiation was to reduce portion sizes across all food
groups and to maintain a variety of healthy foods

Adverse Events
No adverse events related to study participation were
experienced.

Discussion
Principal Results
This study aimed to assess the feasibility of a highly innovative
virtual health coach physical activity and diet intervention for
middle-aged and older adults. The study found a high level of
interest in the technology-based intervention approach amongst
the target demographic and high retention across the 12-week
study period. Preliminary evidence suggests that the intervention
led to sizable improvements in physical activity, diet, and body
composition across 12 weeks.
The intervention approach was well-received by participants,
exceeding our a priori expectations for recruitment and retention.
Engagement with the virtual health coach (based on completed
weekly check-ins) was slightly lower than our a priori threshold
https://mhealth.jmir.org/2020/7/e17558
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of ≥70% (actual completion rate 64%). Interestingly, the most
significant drop off with the virtual health coach occurred
between the baseline appointment and week two of the program
(ie, the first check-in participants were supposed to complete
on their own), with around a quarter of participants failing to
complete the first weekly check-in. Three participants who
enrolled in the study were found to have very low smartphone
literacy at the baseline session, which impacted their ability to
use the program as intended. In some cases, technical problems
with Slack or the software interrupted attempts to check in,
which generally were rectified after week 1. It appears that
getting participants to complete their first independent check-in
successfully may be a strong predictor of ongoing engagement,
and a specific target in future program iterations. It may be
useful to provide participants with a courtesy follow-up phone
call after the first week to ensure they were able to complete
the first check-in and proactively troubleshoot issues.
Allowances for low smartphone literacy could be addressed in
the study protocol, for example, by offering in-person assistance
and written step-by-step instructions and troubleshooting
information.
Our study attracted mostly women, who were similar to national
averages for socioeconomic advantage (national average 1000)
[28]. Our sample had poor adherence to Australian healthy
eating guidelines (baseline average self-reported vegetable
servings was 2.2/day and fruit 1.3/day compared to the
recommended 5 and 2 servings per day, respectively) [29]. They
also exhibited above-average rates of obesity and overweight
compared with population norms [30] and physical activity rates
comparable to other Australian studies of older adults measured
using the AAS [31-33]. This population appears to be ideally
suited to this type of new offering, given that they are not unwell
enough to qualify for face-to-face services through the health
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17558 | p.530
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system, yet have modifiable risk factors for the future
development of chronic diseases such as type 2 diabetes and
cardiovascular disease.

may be able to provide practical, supportive dietary counseling
at a low cost.

Feasibility data collected in the study are invaluable to inform
future trials, which could take the form of a traditional
randomized controlled trial to determine the efficacy of the
current intervention package or utilize a modern research design,
such as the micro-randomization trial design, which allows
multiple intervention elements to be experimentally evaluated
[34]. The latter is useful for optimizing intervention packages
for future use. Results suggest there is considerable enthusiasm
amongst older adults for this style of intervention and confirm
that most older adults have sufficient skills to access a virtual
health coach program and use it effectively to achieve sizeable
behavior and health change. Future research may also focus on
thoroughly understanding the user experience of virtual health
coach programs, which would be useful to inform
improvements, for example, in terms of the virtual health
coach’s language style, variety of language, and possibly, sense
of humor (which improves the humanity and emotional
connection of artificial-intelligence virtual assistants [35]).
Given the rapid technological advancements occurring in this
field, there are many other opportunities for enhancing this
intervention to address poor health behaviors, which may allow
targeting of specific health issues, such as weight loss or diabetes
self-management.

This study’s primary strength is its ground-breaking intervention
approach of using an artificially intelligent virtual health coach
to deliver a personalized physical activity and dietary
intervention program. Our virtual health coach used natural
language processing, which allows users to converse using
freely written language, representing a significant advancement
over previous computer-tailoring approaches, which typically
rely on multiple choice. Other study strengths include its mostly
hands-off approach (thus improving the ecological validity of
the study compared with a study with a high level of human
contact), the use of objective health measures, and the use of
intention-to-treat analysis, which ensures that the intervention
effects are not over-estimated. Limitations include the pre-post
design, which meant the study lacked a randomized control
comparator, and follow-up is limited to three months.

Comparison With Prior Work
To our knowledge, this is the first study to evaluate the capacity
of an advanced virtual assistant technology to deliver a
personalized lifestyle intervention amongst older adults. The
magnitude of change in physical activity was similar to [36,37]
or larger than [38,39] that achieved in previous
computer-tailoring interventions. Improvement in Mediterranean
diet adherence was much more significant than those achieved
by previous technology-based Mediterranean diet interventions
[40,41]. The degree of behavior change achieved was
approximately in line with that reported in previous studies
using intensive one-on-one dietary counseling [26,42]. These
exciting findings suggest that artificial intelligence technology

Limitations

Conclusions
Virtual assistant technology offers exciting potential for the
delivery of highly personalized, scalable health interventions.
They can make evidence-based advice and support available to
patients who are not unwell enough to quality for in-person (ie,
expensive) services. They also have the potential to be used as
adjunct support for those patients with complex and chronic
health conditions such as type 2 diabetes or celiac disease, who
see a health practitioner, but would benefit from additional
support. Furthermore, they present a way of providing a
scientifically substantiated dietary pattern and lifestyle programs
to rural or remote areas or isolated individuals.
This ground-breaking study confirmed that a virtual health coach
diet and physical activity intervention is feasible for older adults
and leads to sizable health behavior change and improvements
in body composition. Future research examining artificially
intelligent interventions at scale, and for other health purposes,
is warranted.
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Abstract
Background: Existing evidence supports the many benefits of physical activity (PA) in breast cancer survival. However, few
breast cancer survivors adhere to the recommended levels of activity. A PA coaching app that provides personalized feedback,
guidance, and motivation to the user might have the potential to engage these individuals in a more active lifestyle, in line with
the general recommendations. To develop a successful tool, it is important to involve the end users in the design process and to
make theoretically grounded design decisions.
Objective: This study aimed to execute the design process and early prototype evaluation of a personalized PA coaching app
for posttreatment breast cancer survivors. In particular, the study explored a design combining behavioral theory and tailored
coaching strategies.
Methods: The design process was led by a multidisciplinary team, including technical and health professionals, and involved
input from a total of 22 survivors. The process comprised 3 stages. In stage 1, the literature was reviewed and 14 patients were
interviewed to understand the needs and considerations of the target population toward PA apps. In stage 2, the global use case
for the tool was defined, the features were ideated and refined based on theory, and a digital interactive prototype was created.
In stage 3, the prototype went through usability testing with 8 patients and was subjected to quality and behavior change potential
evaluations by 2 human-computer interaction experts.
Results: The design process has led to the conceptualization of a personalized coaching app for walking activities that addresses
the needs of breast cancer survivors. The main features of the tool include a training plan and schedule, adaptive goal setting,
real-time feedback and motivation during walking sessions, activity status through the day, activity history, weekly summary
reports, and activity challenges. The system was designed to measure users’ cadence during walking, use this measure to infer
their training zone, and provide real-time coaching to control the intensity of the walking sessions. The outcomes from user testing
and expert evaluation of the digital prototype were very positive, with scores from the system usability scale, mobile app rating
scale, and app behavior change scale of 95 out of 100, 4.6 out of 5, and 15 out of 21, respectively.
Conclusions: Implementing a user-centered design approach for the development and early evaluation of an app brings essential
considerations to tailor the solution to the user’s needs and context. In addition, informing the design on behavioral and tailored
coaching theories supports the conceptualization of the PA coaching system. This is critical for optimizing the usability,
acceptability, and long-term effectiveness of the tool. After successful early in-laboratory testing, the app will be developed and
evaluated in a pilot study in a real-world setting.
(JMIR Mhealth Uhealth 2020;8(7):e17552) doi:10.2196/17552

https://mhealth.jmir.org/2020/7/e17552

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17552 | p.535
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Monteiro-Guerra et al

KEYWORDS
user-centered design; physical activity; coaching; behavior change; mobile app; mobile phone; breast cancer; usability

Introduction
Background
According to the current findings, physical activity (PA) is the
most well-established lifestyle factor associated with breast
cancer survival [1]. Rapidly accumulating research demonstrates
that routine exercise throughout and after treatments offers
multiple benefits for breast cancer survivors, including
prevention of cancer recurrence, mitigation of treatment side
effects (such as lymphedema and fatigue), and improvement of
their physical function and quality of life [2-4]. Despite the
growing evidence supporting PA in breast cancer survivorship,
only a minority of these individuals adhere to the recommended
levels of PA [5,6]. Novel and engaging strategies are needed to
ensure that participants are adhering to PA that is of high enough
intensity and frequency to meet the PA recommendations.
Mobile health (mHealth) has emerged as an important tool for
health behavior change interventions [7]. Currently, mobile
devices can accurately measure PA at any time and place,
creating opportunities to provide real-time tailored support and
motivation toward an active lifestyle [8]. In line with this,
mobile apps for PA coaching have emerged and have been
investigated as a platform to motivate people to be active
through recommended goals, feedback on activities performed,
and potentially enjoyable experiences [9,10]. An increasing
body of evidence indicates that these technology-based
interventions may be well received by breast cancer survivors
and hold promise for PA promotion initiatives [11-13].
An underlying challenge of these technology-supported
interventions is the high attrition rates, with users stopping the
use of these systems after a few days or weeks [14-16]. Among
the factors associated with user abandonment are that apps are
largely targeted at generally healthy individuals and do not
address the specific needs of the end users [17]. Studies with
breast cancer survivors suggest that the direction of PA systems
should meet the detailed requirements of this particular
population [13,18], who may be less motivated to engage in PA
and who face unique barriers to reaching the recommended
level of PA [19,20]. These include physical (eg, fatigue, weight
gain, and neuropathy), environmental (eg, lack of knowledge,
job and family obligations, and weather), and psychosocial (eg,
low confidence and emotional imbalance) limitations [19,20].
Related literature supports the use of a user-centered design
(UCD) approach, which focuses on the users and their needs
and is considered a prerequisite for useful technology being
associated with an increase in the success of these systems
[21,22]. Furthermore, it is suggested that breast cancer survivors
want a PA app experience targeted not only to their needs on a
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group level but also tailored to each individual user [13,23,24].
In line with this, personalized or tailored coaching mechanisms
can be leveraged to help create experiences that are
individualized for each user [25,26]. These are believed to
influence the user’s attention and contribute to long-term
engagement and adherence to these apps [27]. In addition,
theory-based behavior change methods have been shown to
influence the effectiveness of technology-supported
interventions [7] and should be considered in the design of tools
that aim to increase PA [8,26].
Currently, a few PA apps reported in the literature target breast
cancer survivors [11,24,28,29]; however, these seemed to be in
the early stages of development and evaluation and lack proper
reporting of design decisions. Only the papers describing the
Bounce app presented clear details on the design process,
behavioral theory foundations, and features [24,30]. Further
research is needed to better understand the design of mobile PA
interventions for breast cancer survivors and how to create a
more tailored and engaging experience to increase long-term
adherence of these users with the coaching systems.

Objectives
This paper aimed to report on the UCD of a personalized PA
coaching app for breast cancer survivors that targets the needs
of breast cancer survivors at both the group and individual
levels. The system is grounded on existing theory, models, and
empirical evidence on personalized coaching, behavior change,
and linear progression exercise training. The paper describes
the 3 design stages of the tool: (1) user and context research,
(2) app conceptualization and early prototyping, and (3)
prototype testing.

Methods
User-Centered Design Process
A UCD approach was followed. UCD is considered a
prerequisite for useful technology and a successful intervention
[21,31]. The process involves a multistage, problem-solving
process that investigates the needs, desires, and limitations of
users to increase the success rate of usability in computerized
systems [22].
The proposed design stages were based on Shah’s
methodological framework [31] and on implementations of such
an approach in different studies [32,33]. The design process so
far involved 3 stages (Figure 1): stage 1—user and context
understanding, stage 2—conceptualization and early prototyping,
and stage 3—prototype testing. In stages 4 and 5 (future work),
a functional prototype will be developed and then pilot tested
for potential feasibility in real-life settings.
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Figure 1. Schematic of the app’s user-centered design process.

Multidisciplinary Team
A multidisciplinary team guided the design process and included
5 members from different backgrounds and expertise: FG, OR,
EZ, and ST have an engineering background (biomedical,
computer, electronic, and computer science engineering,
respectively) and have experience in the fields of digital health
apps, human-computer interaction, participatory health
informatics, and user experience; GS has a sports science
background, with expertise in the field of PA in oncology.
Matilde Mora Fernández also has experience in the field of PA
in oncology and provided useful insights to the team at different
stages of the design process.

Theoretical Foundation
To guide the design process, we used applicable behavior change
theory, with the aim of increasing the long-term effectiveness
of the PA system [34]. Appropriate theoretical frameworks
(self-determination theory [SDT] [35] and social cognitive
theory [SCT] [36,37]) and constructs were identified from
related work and empirical evidence to highlight factors,
barriers, and determinants that brought important insights into
the design of the solution. In addition, to facilitate the design
and reporting of theory-based components, the Coventry,
Aberdeen, and London-Refined (CALO-RE) taxonomy of
behavior change techniques proposed by Michie et al was
considered [38]. The CALO-RE taxonomy has been used
particularly in PA and healthy eating interventions. It has been
reported as a useful tool for researchers to design effective
interventions as it provides a more straightforward and simple
approach to identifying the factors most likely to create positive
effects on PA behavior change [38].
Personalization theory was also explored in the tool design,
which may help increase the intended effects of the app
communication and, in that way, increase the effectiveness of
the behavior change intervention [27]. Op den Akker et al [25]
proposed a model for real-time tailoring of PA coaching apps,
which defined 7 different methods of personalization. A more
recent review by Monteiro-Guerra et al [26] provided a detailed
analysis of the existing personalized PA coaching apps and
strategies, which provided useful insights for the design of the
solution proposed in this work.

Participant Recruitment for User Studies
The inclusion criteria for research participants were (1) to be
oncology patients with a history of breast cancer that finished
https://mhealth.jmir.org/2020/7/e17552
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RenderX

primary curative treatment (surgery, radiotherapy, and
chemotherapy), (2) to be aged more than 18 years, (3) to own
and use a mobile phone or smartphone, (4) to have the ability
to read and speak Spanish, (5) to have no known impairments
or comorbidities, and (6) to have no restrictions on PA. The
participants were recruited from a specialized oncology clinic
by placing a phone call to the eligible individuals identified in
the patient database. Recruitment was conducted until saturation
of results was reached, which was considered when there was
no new information (themes) arising from the qualitative data.
This study was approved by the Research and Ethics Committee
of Junta de Andalucia in Spain. Subjects’ agreement for
participation was obtained through an informed consent process.

Stage 1: User and Context Research
In the first stage, thorough research was performed on the needs
and requirements of breast cancer survivors regarding content,
expected benefits, features, and personalization and motivational
aspects of the proposed tool. For this purpose, we performed
(1) a qualitative study with the target users and (2) a review of
related literature, from which we identified the consequences
for the design of our solution.
Semistructured interviews were conducted with 14 breast cancer
survivors. Three of the team members, FG, OR, and EZ, were
involved in this study. The interviews involved a combination
of open-ended questions on PA adherence and technology
interest and a slideshow presentation with examples of PA app
features to obtain participants’ thoughts and opinions on the
featured content. The interviews were audio-recorded,
transcribed verbatim, and analyzed using thematic content
analysis [39]. For the purposes of this paper, only an overview
of the main insights gathered from the aforementioned
qualitative study is presented here.
A rapid literature review was performed on February 2019 to
complement the findings from the user study on (1) barriers and
facilitators for PA; (2) attitudes, needs, and preferences from
breast cancer survivors on PA apps; and (3) information on
behavioral theory used in PA interventions for breast cancer. A
combination of medical and technological keywords was used
in the search string: breast cancer AND app* AND mobile OR
smartphone AND physical activit* OR exercis* OR walk*. The
searches were performed on 3 web-based databases, PubMED
Central, Association for Computing Machinery digital library
(ACM), and Scopus, with the use of the selection criteria. Then,
a title and abstract review was performed. Other relevant papers
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were identified through a snowballing process by screening the
reference list of the included ones for related papers [40].

exercise and cancer to construct the foundations of the training
plan for the app.

Stage 2: Conceptualization and Early Prototyping

Prototyping

The goal of this phase was to conceptualize the idea of the app,
to define a list with potential functionalities, and to create a
low-fidelity prototype.

On the basis of the ideas generated, the team started the
prototyping phase. This phase consisted of the creation of a
digital and interactive low-fidelity prototype, in which priority
was given neither to content nor visuals [44]. The wireframes
were created by FG using the NinjaMock software and were
then transferred to the Proto.io software to simulate the
interactions between the buttons and screens. The prototype
was then reviewed by the rest of the team, which provided
suggestions for improvements through the software. The
objective of this low-fidelity prototype was to facilitate idea
communication and to perform early evaluations, which were
conducted in stage 3 of the design process.

Conceptualization
After the analysis of the literature and clinical guidelines, a
high-level concept of the tool was proposed, which is defined
as the global use case. The global use case was designed to
facilitate communication of the idea of the tool to the design
team, without giving too much direction to their thoughts [32].
It was defined by the authors FG, OR, EZ, and GS in a design
session, based on the knowledge gathered from the literature,
and validated by Matilde Mora Fernández, the collaborator
expert in PA and breast cancer survivorship. The validation
process relied on a discussion with Matilde Mora Fernández,
which revised the global use case and provided suggestions to
refine it. The global use case described on a high level the main
objectives of the tool, the technological platform, and essential
requirements.
The ideation process to elicit features for the mobile app
consisted of 2 group sessions with FG, OR, EZ, and GS. The
first session was introductory, where the results from stage 1
were discussed and clarified to each of the team members. The
second session involved feature elicitation, followed by sorting
and selecting features. Each session lasted for 45 min to 1 hour.
A brainstorming technique was implemented using the affinity
wall method [41]. First, the team members were asked to read
through the global use case and the list of user needs and
requirements, which was made visible to everyone in 1 slide,
and then, for 15 min each member individually wrote their ideas
for potential features. Once the ideas were submitted, similar
ideas were combined, resulting in a preliminary list of features.
The criteria-based evaluation [42], which uses a decision matrix,
was used to choose the main ideas, based on the considerations
from stage 1. The criteria used for feature ranking were based
on the strengths, weaknesses, opportunities, and threats analysis
[43]. On the basis of the ranking given and team agreement, the
top ideas for features were selected.
These ideated features went through a refinement phase, which
involved an iterative process of analyzing design considerations
from stage 1, to further specify the app functionalities. In this
process, 2 researchers (FG and OR) identified a list of
requirements and preferences from breast cancer survivors that
were related to each of the elicited features. In addition,
considerations were taken from the CALO-RE taxonomy [38],
which presents 40 techniques and the psychological constructs
each purport to change. We have considered the model of
personalization in real-time PA coaching apps [25], which
proposes 7 concepts or strategies to adjust the different
properties of communication to the users. These design
considerations were listed and mapped to each of the main
features to help refine the app functionalities and how they
needed to be designed. Furthermore, we followed the model on
linear progression training and the insights from the experts in
https://mhealth.jmir.org/2020/7/e17552
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Stage 3: Prototype Testing
The third stage of the process sought to explore an early
evaluation of the system, involving both user and expert testing.
The evaluation was directed toward assessing the usability,
quality, and behavior change potential of the concept ideated.

User Evaluation
Usability relates to the extent to which a system can be used by
the end users to achieve specified goals with effectiveness,
efficiency, and satisfaction. Indicators for these are error rate,
task completion time, and a satisfaction rating questionnaire,
respectively [45,46]. In this study, a mixed methods approach
was followed for usability testing [47,48]. The study was led
by FG and OR. The test was conducted in a laboratory setting,
which involved the end users interacting with the prototype
created in stage 2. A think-aloud procedure was performed. The
participants first completed an initial questionnaire covering
demographics, technology use and interest, and PA level. Then,
after a short explanation, the participants performed 7
predetermined tasks with the interactive prototype. Participants
were asked to verbalize their thoughts while completing the
tasks. Interactions with the prototype and the participants’
comments were recorded using the AZ Screen Recorder app.
In addition, the researcher FG observed the participants
throughout their task performance, registering the user’s
comments and suggestions, the number of errors, the task
duration, and any indication of needing assistance or confusion.
The number of errors was calculated as the number of times
there was an erroneous interaction (eg, the task required the
user to find the information tab and the user clicked on the
profile button). Task duration was calculated from the moment
the researcher presented the task until the task was completed,
only considering when the task was performed without errors.
In addition, participants valued the complexity of each task
using the single ease question (SEQ), which is a scale to rate
tasks from 1 (very difficult) to 7 (very easy) [49]. All
participants completed the Spanish version of the system
usability scale (SUS) [50], a 10-item questionnaire used to
quickly and accurately assess the usability of a system. Higher
scores indicate better usability.
At the end of the session, a short interview was performed to
address the users’ understanding of particular features and
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information provided by the app, the general opinions on the
app and its usefulness, and if there was anything missing in the
app.

Expert Evaluation
An expert evaluation was performed with the mobile app rating
scale (MARS) [51] and the app behavior change scale
(ABACUS) [52] to assess the quality of the app and the potential
for behavior change, respectively. The MARS was used to
examine app elements, such as engagement, functionality, utility,
aesthetics, and information. This scale includes 23 items across
5 categories, with each item scored using a series of questions
on a 5-point ordinal scale response. An overall functionality
score out of 5 was derived using this scale. The ABACUS scale
comprises 21 items and was used to examine the potential
behavior change of the app in relation to goal setting, action
planning, barrier identification, self-monitoring, and feedback.
Two technical experts, with previous experience using these
tools, performed the evaluation of the concept based on the
low-fidelity prototypes and a document detailing the app
functionalities.

Analysis
The SUS, MARS, and ABACUS scores were calculated
following the standard procedures for each scale. The SUS mean
and SD were calculated for the scores across all participants.
In addition, the mean and SD of SEQ ratings and task duration,
across all participants, were calculated for each particular task
and for all tasks. For each evaluator, a MARS score out of 5
was calculated under 3 of the 4 sections of the scale. Some of
the aspects covered by the scale, including the section of design
aesthetics, were not considered due to the use of a low-fidelity
prototype. The mean of these scores produced an overall score
for each evaluator, and the mean of the overall scores for each
evaluator provided an overall score for the app quality. The 2
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evaluators also identified the presence of ABACUS items under
each of the 4 sections of the scale. Discrepancies were discussed
between the expert evaluators until an agreement was reached.
The number of items identified, out of 21 possible items, was
added to provide an overall score for the app’s behavior change
potential.
The audio data, from the think-aloud procedure and the short
user interviews, were transcribed, anonymized, and translated.
The transcripts were, then, analyzed by FG and OR to identify
the salient aspects about usability issues, functionalities liked
by the users, and suggestions for improvements.

Results
Participant Characteristics for User Studies
The first user study (interviews in stage 1) was held with 14
participants and the second (usability in stage 3) with 8
participants. In study 1, the participants’ ages ranged from 43
to 69 years, with a mean of 52.8 (SD 8.8) years, and in study
2, it ranged from 38 to 63 years, with a mean of 48.4 (SD 8.0)
years. The number of years since diagnosis ranged from 2 to
11.5, with a mean of 5.2 (SD 2.9) for participants in study 1,
and from 0.5 to 4.5, with a mean of 2.3 (SD 1.6) in study 2. In
general, participants were educated and employed, were very
interested in technology, had ready access to technological
devices, and had shown high usage of a variety of technology
functionalities. Participants’ access to technology and usage
can be found in Multimedia Appendix 1. According to the
international physical activity questionnaire-short form [53],
most participants had at least a moderate level of PA. However,
when looking at the activity type and intensity, 57% (8/14) of
participants in study 1 and 50% (4/8) in study 2 did not adhere
to the PA guidelines [54]. Participant characteristics are
presented in detail in Table 1.
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Table 1. Participant characteristics.
Characteristic

User study 1 (n=14), n (%) User study 2 (n=8), n (%)

Marital status
Single

4 (29)

N/Aa

Married

10 (71)

N/A

Divorced

0 (0)

N/A

Basic school

1 (7)

1 (13)

High school

2 (14)

2 (25)

Higher education

2 (14)

0 (0)

University or college

9 (64)

5 (63)

Not working

3 (21)

1 (13)

Employed

11 (79)

7 (88)

Receiving pharmacological treatment

10 (71)

8 (100)

Indication for PAb

11 (79)

8 (100)

High

1 (7)

3 (38)

Moderate

11 (79)

5 (63)

Low

2 (14)

0 (0)

6 (43)

4 (50)

Agree or strongly agree

12 (86)

8 (100)

Neutral

2 (14)

0 (0)

Disagree or strongly disagree

0 (0)

0 (0)

Agree or strongly agree

9 (64)

7 (88)

Neutral

5 (36)

1 (13)

Disagree or strongly disagree

0 (0)

0 (0)

Agree or strongly agree

7 (50)

6 (75)

Neutral

5 (36)

2 (25)

Disagree or strongly disagree

2 (14)

0 (0)

Education

Current employment status

IPAQ-SFc level

Adheres to PA guidelines (>150 min per week=moderate activity or >75 min per
week=vigorous activity)d
Interest in technology

Self-reported skill with technology

"I like to experiment with new technology"

a

N/A: not applicable.

b

PA: physical activity.

c

IPAQ-SF: international physical activity questionnaire-short form.

d

Information inferred from IPAQ-SF answers.

Stage 1: User and Context Research
User Needs, Requirements, and Preferences for Physical
Activity Apps
The findings from the qualitative study with 14 breast cancer
survivors provided insight on barriers and motivators for PA
and opinions on a variety of app-based intervention
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characteristics. From the literature review, we have included 5
papers to provide a more complete perspective on the barriers
and facilitators of PA [19,20,55-57] and 11 papers with at least
some information regarding the attitudes, needs, and preferences
o f b r e a s t c a n c e r s u r v ivo r s o n PA a p p s
[12,13,18,23,24,29,58-62]. These included papers on user studies
with the Bounce app and the Smart After Care app, both
designed for breast cancer survivors, which provided relevant
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insights to the design. An overview of the barriers and
facilitators for PA in breast cancer survivors is provided in
Textbox 1.

Monteiro-Guerra et al
The list of requirements taken from our interviews and related
work is presented in Table 2.

Textbox 1. Overview of barriers and facilitators for physical activity in breast cancer survivors.
•

Barriers
•

Lack of time
•

•

Lack of confidence

•

Low motivation

•

Physical limitations

•

•

•

Fatigue, lymphedema, joint pain, muscular pain, neuropathy, and weight gain

•

Current physical activity (PA) level compared with pretreatment

Lack of information/support for PA
•

Lack of information on the type and amount of PA recommended

•

Fear and uncertainty of starting exercising without guidance

Misconceptions about PA
•

•

•

•

Fear of potential side effects

Emotional imbalance
•

Not feeling good

•

Stress or anxiety

Access to facilities
•

•

Consequence of job and family responsibilities

Inconvenient timetable or distant location

Seasonal weather

Facilitators
•

Reserve time during the week for PA

•

Knowing and perceiving the benefits

•

Being nudged to be more active

•

Support to overcome insecurities

•

Emotional support

•

Tailored information

•

Prescription of PA by the health care professionals

•

Training plan tailored to their needs and PA level

•

Clear and realistic objectives

•

Quantify activity performed

•

Having an active family

•

Support from family and close friends
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Table 2. Overview of breast cancer survivors’ requirements and preferences for physical activity apps.
Type

From user study

General intervention charac- •
teristics
•

Activity monitoring and feedback
•
Preference for information on steps, calories, distance, pace,
and duration of activity
•
PAa prescription and goal setting
•
Scheduling tool and activity reminders
Tailored experience
•
Progress monitoring and visualization
•
Straightforward representation of activity performed and
•
incremental improvements
•
Preference for daily and weekly progress feedback
Information on how their progress translates into physiolog•
ical processes (eg, benefits for weight management)
Simplicity and ease of use
Mixed reactions toward a game-like design (eg, points, re•
wards, avatars, and competitions)
•
Consider strategies to manage emotional challenges (eg,
encourage connecting with counselor and include relaxation
and meditation exercises).

Preference for walking activities (most appealing and main form of exercise)
Other liked activities included resistance training and yoga
Feedback on time spent in various intensities of
activity
Evidence-based content
Attractive design
Friendly graphic displays
Possibility to integrate with wearable activity
trackers
Preference for more straightforward representations of numerical data (compared with having
gamified themes)
Suggestions for integration of a Newsfeed
Information on benefits and harms/risks of exercise for breast cancer survivors

•

•
•

Adaptive activity plan and goals
Progressive but attainable goals
Customizable exercises and exercise schedule
Targeting user characteristics (eg, age, treatment types, and
preferences)
Sensitive to PA level and physical limitations/injuries
Individualized progress feedback
Targeting user’s situational/external context (eg, weather
and location)
Personalized recommendations
Interface simulating a virtual coach

Incremental levels adjusted to the user experience
Change intensity or amount of exercise program
to reflect user’s improvement
Ensures correct execution of exercises
Target value-based goals
Suggestions for integration of a symptom
tracker
Suggestions for tracking energy level, how they
feel, and sleep quality

•
•
•
•
•
•

Motivation/encouragement
Encouraging prompts during activity
Recognition for achievements
Positive tone
Absence of pressure
Just enough reminders and notifications

•
•

•
•
•
•
•
•
•
•
•
•

Personalized experience

•
•
•
•
•
•
•

Positive communication

Social connectedness (varied •
opinions)
•
•

Trustworthiness

Literature review—additional insights

•
•
•
•

Involvement of family and close friends
•
Mixed reactions toward connecting with other peers (eg,
•
social networking, competitions, or ability to see others’
progress)
Ability to connect with a professional (eg, a psychooncologist and/or an exercise trainer)

•

Transparent data privacy and security

•
•

Developed with and validated by clinical/health experts
Include contact information of people involved in the app
development

Data sharing and portability •
•

•

Optional and customizable data sharing
Willingness to share with health care professionals

Role-model narratives
Preference for a more private experience

•

N/Ab

•

Ability to keep an electronic record of their
workouts on the app

•

Ability to download data to a PCc
Extensive yet passive data collection

•
a

Casual and concise tone
Motivational messages

PA: physical activity.

b

N/A: not applicable.

c

PC: personal computer.
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Behavioral Theory for Physical Activity Interventions
in Breast Cancer
From searching the literature for appropriate behavioral
foundations for design, there seems to be little consensus on
optimal theories and theory integration techniques to change
PA behaviors in this population [63-65]. According to some
studies, the transtheoretical model of behavior change, SCT,
and SDT are the most appropriate models for behavioral
interventions for breast cancer survivors [2,18]. In our
qualitative study, the findings suggest that the motivational
factors and determinants of PA adherence in breast cancer
survivors are in line with the constructs of SCT (self-efficacy
and expected outcomes) and SDT (competence, autonomy, and
social relationships). Together with the CALO-RE taxonomy
of behavior change, these insights will facilitate the integration
and reporting of behavior change techniques in our solution.
The psychological mediators identified in our user study and
associated CALO-RE techniques are presented in Multimedia
Appendix 2.

Stage 2: Conceptualization and Early Prototyping
Global Use Case

Monteiro-Guerra et al
to increase adherence to PA; that is smartphone-based; that
simulates the interactions with a PA coach; that ensures that
users engage in activities of high enough intensity to meet the
PA recommendations; that provides a tailored experience, on
a population level and on an individual level; that focuses on
walking activities; and that is based on the PA guidelines and
recommendations for breast cancer survivors. The ultimate goal
of the tool is to help breast cancer survivors reach and maintain
the recommended levels of PA.

App Functionalities
One of the main steps of this stage 2 was the ideation process,
which resulted in the specification of 7 main app features and
their respective refined subfeatures (see Table 3). An extended
version of the table, including design considerations from stage
1 and from the CALO-RE taxonomy used for feature refinement,
is presented in Multimedia Appendix 3.
Details on the PA program and the personalized coaching system
are provided in the following sections. The interactive
low-fidelity mock-ups (translated from Spanish to English) are
shown in Figures 2 and 3, including the main screens and the
guided session simulation, respectively.

The high-level concept of the tool is defined as a real-time
coaching system to support and motivate breast cancer survivors
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Table 3. List of app functionalities.
Main features (ideated) General description (ideated)

Subfeatures (refined based on considerations from stage 1 and the CALOREa constructs)

a

Training plan

Activity program guided by the PAb guidelines
and recommendations for breast cancer survivors; based on linear progression training; with
adaptable levels; visually represented by an activity schedule; includes reminders for activity.

Information about PA program, guidelines and potential benefits for the
users; a plan that sets the number of activities per week and its duration
and difficulty; a weekly activity schedule; baseline assessment for current
PA level; assessment of perceived difficulty; adjustable plan level; push
notifications and reminders for activities scheduled; push notifications
and reminders to review the plan and reschedule activities.

Adaptive goal setting

Activity objectives adjusted to the user.

Present the user with clear daily objectives in the main screen; set
achievable but challenging goals; progress bars; inform of long-term
benefits of achieving goals; present automatic adaptation to the user’s
profile information, progress, user’s perceived fatigue and perceived difficulty; notifications of goal adjustments; weekly goal adjustment.

Real-time monitoring, In-session or ”workout” coaching; visual and
feedback, and motiva- easy to understand; combines real-time monitortion during activity ses- ing, feedback and motivation.
sions

Predefined walking sessions; guidance to meet the session plan; intuitive
interface to provide session information; shows the session progress (time);
shows the user’s pace in real time through a glanceable visual display;
sends cues to control the pace; provides positive reinforcement and
recognition; coaching cues are in textual and audio format; shows
achievements when the session is concluded with a breakdown of the
session: steps taken; calories burned; distance walked and session duration.

Activity status through
the day

Feedback on the total activity performed until
that point in the day and progress toward the
daily goal.

Screen with numeric representations of active time: steps taken, calories
burned and distance walked; progress bar showing progress toward the
daily goal; option to manually entry activity; encouraging pop-up messages.

Activity history

Tracking past activity; graphic display; simple
and intuitive.

History screen; bar chart representation of daily activity in relation to the
goal; week-by-week information.

Periodic summary reports

Descriptive summary of the activity performed
during the week and the overall progress in the
program; tips for improvement; motivation to
be active and to follow the program.

Weekly activity reports; presents a breakdown of the activity performed
during the week; bar chart representation comparing current week activity
with previous weeks; communicates progress in the plan; encourages users
to follow the program; provides tips according to the user’s physical barriers; informs users of PA benefits.

Challengesc

Unexpected activity challenges.

—d

CALO-RE: Coventry, Aberdeen, and London—Refined taxonomy.

b

PA: physical activity.

c

To be considered in future iterations of the prototype.

d

Not available.
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Figure 2. Screenshots of the main prototype screens. (a) Welcome screen; (b) profile screen; (c) coach (main) screen on session day; (d) coach (main)
screen on a step goal day; (e) MyActivity screen, with information on the user’s current activity status; and (f) history screen, with information on past
activity and access to the weekly summary reports.
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Figure 3. Screenshots of the simulation of a guided session. (a) Presession perceived tiredness, (b) example instruction for session phase duration and
pace, (c) example cue to keep up the pace, (d) example cue to slow down the pace to the ideal zone of the current phase, (e) postsession perceived
session difficulty, and (f) session achievements in the coach screen.

Physical Activity Program
From the evidence on the topic of PA and breast cancer, it is
known that the beneficial effects associated with PA are more
pronounced with moderate or vigorous intensity compared with
mild intensity physical activities [66]. Breast cancer survivors
are recommended to perform at least 120 to 150 min per week
of moderate to vigorous activity [54]. This means that a common
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activity such as walking, which breast cancer survivors have a
general preference for, if done at the right intensity and for the
right time, can be sufficient to reach the minimum recommended
levels of PA. Furthermore, walking is an activity that people
can do everywhere and that nowadays can be easily monitored
using smartphone technology. Hence, a training program was
developed, which targets walking activities and aims to guide
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17552 | p.546
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
these individuals to reach and maintain the amount and intensity
of activity recommended in the guidelines.
The activity program was based on the model of linear
progression training to allow for difficulty adjustment according
to the user’s actual PA level [67]. It will be integrated into a
future functional version of the prototype in the form of a
training plan. Adjustments will be made session by session, and
involve, first, changing the session volume and, in the following
session, changing the intensity level. There will be different
difficulty levels in the plan: beginner, intermediate, adapted,
and advanced. The activity plan will include 3 guided training
sessions per week (with controlled intensity), with a minimum
duration of 30 min per session. In addition, the user will be
encouraged to reach a daily step goal that is adjusted weekly.
The objectives in the plan will be gradually more challenging
and adjusted regularly. Figure 2 depicts how these training
specifications will be represented in the coach tab.
On the basis of the work of Tudor-Locke et al [68], walking
cadence or walking pace will be measured to infer the training
zone (intensity) of the activity being performed. Hence, based
on this and on linear progression training, the training format
will be defined as a number of training phases or traits with a
certain duration, each on a specific training zone inferred from
the walking pace—slow, medium, or fast (see example of
session format in the coach tab screenshot, Figure 2).
From the training program specifications, some of the tool
features were refined (eg, the coach tab and schedule, in Figure
2, and the real-time guided sessions to control the user’s walking
pace, in Figure 3).

Personalized Coaching System
The results from stage 1 highlighted the importance of exploring
a personalized coaching experience. Therefore, the coaching
system in the app will combine a number of strategies proposed
in the model of real-time personalization in PA coaching apps.
The different characteristics of the app that will be considered
for the creation of a personalized experience are described
below.

Virtual Coach

Monteiro-Guerra et al
weekly summary report considering the user’s progress in
current and past weeks, and provide tips according to the user’s
physical burdens.

Adaptive Activity Plan and Goals
Because these individuals vary in PA level and progress and,
particularly in this population, there might be physical
constraints due to side effects of both cancer and treatment, the
app will integrate a rule-based module that adjusts the step goal
and training session objectives in line with the model of linear
progression training. This will be done considering the user’s
baseline level, progress, the user’s perceived fatigue level
(presession), and the user’s perceived session difficulty level
(postsession).

Real-Time Training Session Guidance
This feature will allow to coach users through the guided
sessions, in real time. The coach instructional messages or cues
will be designed to be clear, concise, and positive, using short
and easy messages, and related to the visual content. It will
provide feedback on the user’s pace in relation to the ideal pace
set for each of the session phases, sending cues to slow down,
speed up or to keep pace, inform on time progress through the
different phases and the whole session, and give positive
reinforcement. Regarding representation, the feedback will be
presented in textual, audio, and visual forms. The visual form
will use a glanceable display (representing a speedometer) that
will provide feedback on the current user’s pace. The needle
will represent the current user cadence and each color zone at
a certain pace (slow—green, moderate—blue, and fast—pink).
In addition, a progress bar will be used to indicate the current
time, total session time, and progress through the different
training phases (including the demarcated color zones). Figure
3 depicts an example real-time guided session simulation.

Stage 3: Prototype Testing
This stage of the process sought to explore an early evaluation
of the interactive mock-ups, involving both user and expert
testing. The evaluation was directed toward assessing the
usability, quality, and behavior change potential of the concept
ideated.

A human-like interface between the user and the app will
simulate the interactions with a real coach (see virtual coach
representations, Figures 2 and 3). It will serve as a sender or
source of all the communication provided by the system through
a variety of forms: general information, support, tips, activity
feedback, motivation, and summary reports. It will provide
clear, concise, and positive communication. Such a strategy is
expected to increase the feeling of trust and credibility, increase
motivation, and increase the feeling of personalized experience
and interaction

User Evaluation

Targeted Feedback

The mean SUS score was 95 (SD 6.3) out of 100, which can be
considered above average (above a score of 68). The score
obtained can be converted to a percentile rank above 95%, which
is interpreted as grade A+. This means that the prototype has
higher perceived usability than 95% of all products tested with
this scale (Multimedia Appendix 4).

The app will provide feedback on the activities of the user
(number of steps, distance, and calories burned), estimate
calories spent by the user based on the user’s characteristics,
inform the user of their daily personalized goals and progress
toward their goal, integrate the user’s name in the
communication provided by the coach, provide feedback in a
https://mhealth.jmir.org/2020/7/e17552
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In the task-based session, participants’ overall results on the
posttask SEQ questionnaire revealed that all tasks were easy or
extremely easy to complete, with a mean of 6.6 out of 7 (SD
0.5). Participants’ mean duration in completing the tasks was
4.6 (SD 1.2) seconds. The overall mean number of task errors
was 0.3 (SD 0.4). Participants suggested that if they had previous
practice, they would have easily completed the tasks without
errors. Table 4 gives further details on the task-based session
results.
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From the short usability interviews, overall, the participants
were very satisfied with the usability of the app, finding it very
intuitive and easy to use. Furthermore, some participants
suggested that an app like this would help them to get motivated
to do PA, find time to do more activity, serve as a companion,

provide support, and make them comply with the PA plan. In
addition, participants reported some usability problems and
suggested a number of improvements or additional app features.
The information synthesized from the short interviews is
presented in Textbox 2.

Table 4. Task-based session results.
Errors,
mean
(SD)

Completion
SEQa
time in seconds, score,
mean (SD)
mean (SD)

Observations

Task 1 Which steps should 4 (50)
you take to get to the
profile screen?

1.0 (1.1)

4.8 (1.8)

6.5 (0.5)

This was the task with more user errors. Participants
suggested the task was easy and that errors were associated with a lack of attention (eg, not taking a look at the
whole screen before interacting with the prototype) or
due to the lack of a first interaction experience with the
prototype.

Task 2 Which steps should 2 (25)
you take to find the
amount of activity
you have done so far
today?

0.4 (0.7)

4.1 (3.1)

6.3 (1.2)

A generally easy to complete task. Errors were associated
with participants going to the History tab instead of the
MyActivity tab. This confusion originated from the ambiguity on how the task was posed, which made both answers correct in some way. In addition, it seemed that the
purpose of the MyActivity tab was only clear after having
a first look at it.

Task 3 Which steps should 2 (25)
you take to reschedule an activity session from Friday to
Saturday?

0.5 (0.9)

6.5 (4.3)

5.8 (1.0)

This task had the lowest SEQa score and was the one that
took longer to complete. Participants suggested that
finding the rescheduling button was easy, but the process
of setting the new schedule was not clear.

Task 4 Which steps should 1 (13)
you take to start and
finish a guided session?

0.1 (0.4)

4.6 (2.7)

6.6 (0.5)

A generally easy task. Error due to lack of attention (eg,
not taking a look at the whole screen before interacting
with the prototype) or due to the lack of a first interaction
experience with the prototype. Participant pressed the
MyActivity tab instead of the Start Session button. In
addition, in the session simulation, some participants
thought the green color was for fast pace and pink for
slow pace, when in reality it was the opposite.

Task 5 Which steps should
you take to find the
activity you have
done so far this
week?

0 (0)

0.0 (0.0)

2.5 (0.8)

7.0 (0.0)

Very easy. No issues.

Task 6 Which steps should 0 (0)
you take to find your
activity history from
last week?

0.0 (0.0)

5.0 (2.3)

7.0 (0.0)

Very easy. No issues.

Task 7 Which steps should
you take to find the
user manual?

0.1 (0.4)

5.0 (3.3)

6.8 (0.4)

Considered very easy. Error was associated with a lack
of attention (eg, not taking a look at the whole screen
before interacting with the prototype) or due to the lack
of a first interaction experience with the prototype.

Tasks

a

Task description

Participants
with errors, n
(%)

1 (13)

SEQ: single ease question.
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Textbox 2. Aspects highlighted by participants in the task-based session and interviews.
•

•

•

Usability issues
•

The session plan phases understood as different session alternatives.

•

Issue with understanding the purpose of MyActivity tab.

•

The scheduling process not clear.

•

The purpose of the session icon in the history tab, to distinguish session days from step goal days, is not clear.

•

Green and pink zones of the speedometers associated with the opposite pace zones (eg, some participants thought green was for fast pace
and pink for slow pace).

•

Issue associating the current screen to the corresponding buttons at the bottom.

Positive perceptions
•

Easy to use and straightforward.

•

Guided session.

•

Prescription of an activity plan.

•

Quantification of activity, knowing calories spent, distance, and steps.

•

Validation by professionals, based on evidence.

•

Access to activity history.

•

May motivate the user to comply with the training.

•

May serve as a companion.

•

May reinforce motivation for physical activity.

Suggestions for improvements
•

Change text font.

•

Improve graphic design.

•

Include feedback information on time spent walking.

•

Include recommendations and examples of resistance exercises.

•

Include optional short training.

•

Include ‘free training’, the option to do guided sessions on days without a scheduled session.

•

Include the option to download data to the computer to view annual progress.

•

Induce the user to relate the app and physical activity as another part of the treatment, but one that is fun.

•

Include audio feedback during the guided sessions.

•

Include training or an explanation of how the app works (user manual or guide).

•

Include reminders for activity.

•

Include sleep and weight tracking.

Expert Evaluation
Although not all aspects from the MARS could be addressed,
because of the low-fidelity design of the prototype at this stage,
the app quality mean score was 4.6 (SD 0.4) out of 5. In
particular, for each of the sections on engagement, functionality,
and information, the app mean scores were 4.2 (SD 0.6), 4.8
(SD 0.4), and 4.9 (SD 0.1) out of 5, respectively (Multimedia
Appendix 5). Regarding the ABACUS scale, the app scored 15
out of 21 possible behavior change techniques (Multimedia
Appendix 6). These results suggest good quality and potential
for behavior change of the proposed concept.
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Discussion
Principal Findings
In this study, we describe a UCD process for the development
of a PA coaching app for breast cancer survivors. To our
knowledge, this is the first work combining, and reporting in
detail, the use of behavioral theory, personalized coaching
strategies, and linear progression training for the design of a
PA app for breast cancer. The design team gathered the user
requirements and insights from experts in exercise and cancer
and translated these into the concept of the solution. The concept
was refined based on the theoretical foundations, and its viability
was confirmed by the technical members of the team. An
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interactive low-fidelity prototype of the tool was created and
assessed in both user and expert evaluations. The user-centered
process provided insight into the needs and preferences of the
end users on PA apps, which will increase the likelihood of
success of the proposed solution.

assist with distraction or avoidance. Other system functionalities
that might be considered in the future are, for example, to
include resistance exercises in the activity program and app, to
share experiences with close friends or family members, and to
enable data sharing with health care professionals.

This tool was designed to simulate the interactions with an
exercise coach. It includes an adaptive walking regimen and a
number of personalized coaching features that aim to support
and motivate users to adhere to it, with the ultimate goal of
helping them to progressively reach and maintain the
recommended levels of activity for breast cancer survivors. The
main functionalities of the system include a training plan and
schedule, adaptive goal setting, real-time feedback and
motivation during walking sessions, activity status through the
day, activity history, weekly summary reports, and activity
challenges. One of the main features of the concept proposed
is the ability to provide live coaching during the guided walking
sessions, monitoring the user’s cadence (through the built-in
sensors in the phone), and providing real-time guidance and
encouragement to keep the pace within the ideal training zones
and to follow the session plan. This particular strategy ensures
that users are doing an activity of high enough intensity and
duration to meet the PA recommendations.

Comparison With Previous Work

With regard to personalization, the app aims to (1) provide an
automatic and reliable way of providing adaptive training and
(2) provide personalized coaching for each user, considering a
variety of individualization factors that include the users’
personal characteristics (eg, name, age, height, and weight),
physical burdens or barriers, baseline PA level, progress,
perceived fatigue level, and perceived difficulty. For this
purpose, a number of personalization strategies were used, which
included a combination of feedback, user targeting, goal setting,
and self-learning [26]. Other factors for individualization,
including the user’s preferences, routine, and the external
context (location and weather), will be considered for integration
in upcoming iterations of the solution.
The concept covers, at least in some form, 21 out of the 40
behavior change techniques defined in the CALO-RE taxonomy
[38]. Some techniques were identified for possible inclusion in
future iterations of the concept (eg, C25—involve a written
agreement, C27 and C33—prompt self-talk, and
C36—encourage stress management), and others were excluded
as they were not in line with the user requirements and context
(eg, C28—facilitate social comparison and C32—fear arousal).
The use of this taxonomy helped in the concept design and in
specifying the behavior change components of the tool, which
may facilitate future reporting and evaluation of a
technology-based PA intervention.
The results from prototype testing with users and experts were
promising, with high scores for usability, quality, and behavior
change potential. Several considerations can be taken from these
evaluations to inform the future refinement of the prototype,
which include further exploring engagement strategies,
particularly related to entertainment, customization, and
interactivity, and to consider other behavior change techniques,
such as providing the ability to export data from the app, to
suggest restructuring social or physical environment, and to
https://mhealth.jmir.org/2020/7/e17552
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There is a growing trend in the design of PA coaching systems
that are aimed at individuals with chronic conditions. The
solution presented here attempts to address the particular needs
and requirements of breast cancer survivors for PA apps by
taking a UCD approach for the conceptualization of the tool.
Few are the systems in the literature designed with such a
purpose, with only 4 apps identified that had some component
of PA coaching for these individuals [23,24,28,29]. Compared
with such apps, our solution targets aerobic exercise, specifically
walking, which has been suggested as the preferred activity for
these individuals. This allowed us to explore a design that
addressed in detail the particular user requirements and
preferences associated with such activity type. Although the
integration of a component for resistance training might be
considered in the future, we believe that it would necessarily
bring other considerations for design and different
implementation requirements, some of which have already been
reported in previous work [24]. Another differentiating factor
of this work relies on the attempt to create a personalized app
experience for these users, a need that was reported recurrently
in related literature on PA apps in breast cancer survivorship.
Furthermore, we used the CALO-RE taxonomy, which provided
important considerations for the integration of behavior change
techniques in the tool design.
Despite some similarities in app functionalities compared with
those reported for other populations, the solution proposed in
this work differs in some ways and has characteristics that are
more particular for breast cancer survivors. For example, studies
on a healthy population [69,70] and for people with osteoarthritis
[71] have highlighted the importance of social and game-like
features (eg, competition). In a study with multiple sclerosis,
participants were also interested in gamification and wanted,
particularly, a tool focused on fatigue management [72]. Our
requirements for breast cancer survivors were not directed
toward playful and social experiences or fatigue management,
which is similar to the findings of a study on chronic obstructive
pulmonary disease patients [73]. Besides, our concept has some
characteristics that are more specific to the needs and
preferences of our target population, which include a tool for
managing time for PA (scheduling feature); a PA program,
monitoring and feedback targeted specifically at walking
activities; and a personalization system that considers the user’s
individual characteristics and progress to adjust training and
communication provided by a virtual coach.
Related literature reports on key design requirements for a
successful PA coaching solution. For example, Consolvo et al
[74] demonstrated the importance of giving users proper credit
for activities, providing personal awareness of the activity level,
supporting social influence, and considering the practical
constraints of users’ lifestyles. Bielik et al [75] built on those
recommendations and highlighted that these systems should
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also ensure fair play, provide a variety of motivational tools,
provide feedback on activities done, provide short-term and
long-term motivation, provide the possibility of integration with
existing solutions, and protect users’ privacy. Our concept of
the tool seems to be in line with most of these recommendations.
The design requirement related to the user’s privacy is an aspect
that also came up in the user research stage and that will need
to be carefully considered in the development stage, particularly
considering the level of personalization proposed for this system.
In addition, as stated by Matthews et al [76], better system
credibility support features (eg, trustworthiness, expertise,
authority, third-party endorsement, and verifiability) need to be
incorporated in PA mobile apps if they aim to achieve the
highest level of persuasiveness. Such characteristics were also
highlighted in our findings from the initial stage of design.
Hence, we believe that pointing out to the users that this app
was created in collaboration with other breast cancer survivors
and professionals, having content based on the evidence, and
simulating the interactions with an activity coach, might increase
their trust and, therefore, their interest in the system.

with the prototype was limited to the main screen interactions,
which did not allow a real simulation of the functionalities
provided by the app. In addition, the analysis of some of the
testing scales was restricted to the current stage of the prototype.
On the other hand, the fact that we have performed such
comprehensive early testing provided us with important insights
that will feed the next stages of the design and development
process.

Little is known about how to translate and apply the many
high-level theory and design recommendations to these systems.
In this paper, we have tried to present in a clear and practical
way the UCD of a mobile PA coaching app based on foundations
from behavior change and personalization constructs. We expect
this to facilitate future research on the design of mHealth
solutions, particularly PA coaching systems.

Centering the design on the end users, breast cancer survivors,
and their context revealed valuable requirements and
considerations to be taken into account for the design of a tool
that aims to address their specific PA needs and motivate these
individuals to increase their PA levels. This is essential for
increasing the usability and acceptability of the tool.
Furthermore, informing the process on the theory and constructs
used in tailored PA coaching interventions provided important
design insights, which may contribute to the effectiveness,
long-term adherence, and acceptability of the system.

Limitations
The results of the studies with the end users should be
considered with caution because of the small sample size. To
complement the results of the qualitative study, which included
14 participants, we looked into the literature and compared it
with related work. Regarding usability assessment, it is known
that tests with 5 participants are able to uncover 85% of usability
issues [77,78]. In our study, we had the involvement of 8
participants, and therefore, we think most usability issues have
been revealed.
The system evaluation was performed with a low-fidelity
prototype, which might have limited the outcomes from the
testing stage in some way. For example, interaction of the user

Future Work
From the concept created in this work, we have started the
development process of a functional prototype. The next steps
involve more iterations on the concept and further feature
refinement to detail the app content, integrate the PA program,
integrate an appealing graphic design, and perform further
system evaluation. Once the functional prototype is developed,
a 2- to 3-week pilot study with breast cancer survivors will be
performed to assess potential acceptability, usability, and
feasibility.

Conclusions

At this stage, we have confirmed good usability, quality, and
behavior change potential of the prototype in a laboratory
setting. A functional prototype will further be tested in pilot
and feasibility studies in a real-world environment before it can
go through more controlled trials evaluating long-term
effectiveness.
This paper details the UCD process for a PA coaching app for
breast cancer survivors, which may inform other researchers
and developers working in similar mHealth tools.
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Abstract
Background: Obesity interventions face the problem of weight regain after treatment as a result of low compliance. Mobile
health (mHealth) technologies could potentially increase compliance and aid both health care providers and patients.
Objective: This study aimed to evaluate the acceptability and usability and define system constraints of an mHealth system
used to monitor dietary habits of adolescents in real life, as a first step in the development of a self-monitoring and lifestyle
management system against adolescent obesity.
Methods: We recruited 26 students from a high school in Stockholm, Sweden. After a 30-minute information meeting and
5-minute individual instruction on how to use an mHealth system (smartphone with app and two external sensors), participants
used it for 2-3 weeks to objectively collect dietary habits. The app and sensors were used by the participants, without supervision,
to record as many main meals and snacks as possible in real life. Feasibility was assessed following the “mHealth evidence
reporting and assessment checklist,” and usability was assessed by questionnaires. Compliance was estimated based on system
use, where a registration frequency of 3 main meals (breakfast, lunch, and dinner) per day for the period of the experiment,
constituted 100% compliance.
Results: Participants included in the analysis had a mean age of 16.8 years (SD 0.7 years) and BMI of 21.9 kg/m2 (SD 4.1
kg/m2). Due to deviations from study instructions, 2 participants were excluded from the analysis. During the study, 6 participants
required additional information on system use. The system received a ‘Good’ grade (77.1 of 100 points) on the System Usability
Scale, with most participants reporting that they were comfortable using the smartphone app. Participants expressed a willingness
to use the app mostly at home, but also at school; most of their improvement suggestions concerned design choices for the app.
Of all main meals, the registration frequency increased from 70% the first week to 76% the second week. Participants reported
that 40% of the registered meals were home-prepared, while 34% of the reported drinks contained sugar. On average, breakfasts
took place at 8:30 AM (from 5:00 AM to 2:00 PM), lunches took place at 12:15 PM (from 10:15 AM to 6:15 PM), and dinners
took place at 7:30 PM (from 3:00 PM to 11:45 PM). When comparing meal occurrence during weekdays vs weekends, breakfasts
and lunches were eaten 3 hours later during weekends, while dinner timing was unaffected.
Conclusions: From an infrastructural and functional perspective, system use was feasible in the current context. The smartphone
app appears to have high acceptability and usability in high school students, which are the intended end-users. The system appears
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promising as a relatively low-effort method to provide real-life dietary habit measurements associated with overweight and obesity
risk.
(JMIR Mhealth Uhealth 2020;8(7):e14778) doi:10.2196/14778
KEYWORDS
mHealth; eHealth; dietary behavior; lifestyle behavioral monitoring; lifestyle interventions; obesity; mobile phone; smartphone;
weight management; overweight

Introduction
Obesity prevalence in children and adolescents between the
ages of 5 and 19 increased 8-9 times between 1975 and 2016
[1]. Obesity, in turn, increases the risk of physical and mental
health complications such as osteoarthritis, type 2 diabetes
mellitus, and coronary heart disease [2], along with depression
[3]. In addition, a lifetime of obesity increases the risk of
disability and loss of income [4].
Comprehensive lifestyle interventions, targeting diet, physical
activity, and lifestyle elements in tandem, are recommended by
the American Heart Association, American Colleague of
Cardiology, and The Obesity Society [5] as a means of
accomplishing long-term weight loss and weight maintenance
in adults. Indeed, studies have shown that lifestyle interventions
can promote moderate weight reduction with low risk of adverse
effects [6,7], even in children between the ages of 0 and 18
years, as reported in a recent Cochrane review [8]. However,
most lifestyle interventions face the problems of low compliance
and high drop-out rates, with interventions often reporting
weight regains of almost 50% at the 1-year follow-up
mark[9,10]. In primary care, while it seems possible for obesity
treatment to be “relatively cost-effective” in the short term [11],
long-term weight maintenance requires intensive management
in the form of frequent visits and multiple contact hours [12,13].
Others have identified additional means for improving the
effectiveness of interventions, including frequent and open
communication among patients and health professionals, realistic
behavioral goal setting, and continuous patient monitoring
[14,15]. In practice though, the inherent time and monetary cost
of involved health monitoring often shift the burden to the
individuals, requiring them to self-monitor and self-manage
their behaviors for longer periods of time [16]. However, this
further increases the required effort from the side of the
individual, potentially reducing compliance and increasing
drop-outs.
To meet this challenge, novel mobile health (mHealth) tools
can be developed to assist both patients and health professionals.
Indeed, with the accessibility and use of smartphones greatly
increasing [17], smartphones are a cheap, accessible option for
implementing interventions. This is even more pronounced for
interventions targeting children and adolescents since they are
early adopters of new technology [18]. Additionally,
smartphones (and other wearable electronic devices) create the
opportunity for collecting information that may be difficult for
users to self-report, such as exact times, locations, and types of
behaviors [19], resulting in increased user compliance with
smartphone-based interventions [19,20].
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Current efforts for the development of large-scale, non-invasive
dietary behavioral monitoring systems appropriate for use by
children and adolescents in challenging real-life environments,
like school, are limited [21]. However, novel methodologies
are constantly being tested [22], including our own efforts for
collection of large-scale Big Health Data about the dietary and
physical activity habits of school children [23]. However, such
large-scale deployments require conscious efforts for
preliminary testing outside the lab, in the target use environment,
to identify potential use constraints and optimize the deployed
methodologies.
On a commercial level, smartphone apps claiming to promote
weight loss have seen a huge increase recently, but their alleged
effectiveness lacks support by large-scale, long-term clinical
studies [24]. Meanwhile, the number of mHealth
self-management programs against obesity constantly increases,
but due to mHealth being in its infancy, evidence for their
effectiveness is sparse [25]. Recent meta-analyses have
concluded that mHealth interventions performed similarly, if
not better, then traditional non-mHealth–based obesity
interventions [26-28] but emphasized the heterogeneity in the
quality of the existing evidence base. Realizing the lack of
consensus on mHealth reports, the World Health Organization
has developed a framework for what and how to report on the
various components of an mHealth intervention, called the
“mHealth evidence reporting and assessment checklist”
(mERA), aimed at improving the quality of the existing evidence
[25]. Once the risk population has been identified, interventions
should identify ways to reach the population in question,
performing a formative evaluation, focusing on gathering
functional requirements, and developing and testing the
technology in a descriptive way [29]. Evaluating the
effectiveness of mHealth in the intended population requires
the evaluation of at least three components: usage (objective),
acceptability (subjective), and feasibility of implementation
[25].
In this study, the aim was to evaluate the acceptability, usability,
and constraints of a newly developed mHealth system used for
monitoring eating behaviors and dietary habits of adolescents
in real life, as a first step for the development of a more
comprehensive self-monitoring and lifestyle management
system. The evaluation of the system was conducted on two
levels: subjective self-reports by users and objective compliance
estimations of the study protocol (eg, frequency of registering
eating events). The system’s evaluation followed the mERA
checklist for a more transparent report of its feasibility and
usability. At its core, the developed system employed a
smartphone to collect data from a smartphone app and two
additional sensors, and all data were automatically exported to
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a centralized data collection platform where the data were
analyzed and results collected. The smartphone app allowed
participants to self-report eating events throughout the day,
while the two additional sensor modules enabled collection of
additional objective eating behavior data. The development of
these modules, a food scale, and a chewing sensor has been
previously described elsewhere [30], and their use was
complementary and fully integrated with the system described
herein. Finally, this report presents population-level data on
dietary habits associated with the development and maintenance
of adolescent obesity (ie, frequency of meals consumed in
restaurants, frequency of sugary beverage consumption, and
analysis of meal timing across days during weeks vs weekends).
The detailed analyses of these datasets provide additional
evidence of the usefulness of the system, setting the basis for
the development of future interventions against obesity in the
targeted population.

Methods
Subjects
There were no specific inclusion or exclusion criteria, and all
students from 6 classes of the collaborating school were
informed of the study. The classes were selected together with
the school administration based on their end-of-the-year
scheduled obligations and their prior participation in a past
relevant study [31]. With 26 system units (a smartphone together
with a digital food scale and chewing sensor) available, a
first-come-first-serve approach was used for recruitment.
Participants 18 years or older provided written consent, while
younger participants provided written assent together with
written consent by their legal guardians. The forms to be signed
were provided to the students after an informational meeting,
where students could ask for clarifications regarding the protocol
of the study. The researchers returned to the school on two later
occasions to collect the signed forms. Ethical approval was
provided by the Stockholm Regional Ethics Board (D.nr.:
2015/1824-31), and the presented practices followed the
Declaration of Helsinki’s guidelines for human research.
Participants who completed the study received cinema tickets
as compensation for their participation. All the participating
students had previously participated in a study including lunch
recordings in a school cafeteria, which followed a protocol
described elsewhere [31].

Experimental Design
During the study, the subjects participated in a data collection
action lasting between 2 and 3 weeks that took place towards
the end of the school year. During this period (varying for each
student due to their individualized end-of-year obligations), the
students were asked to register all their weekday and weekend
meals. The basic meal registration was done using a smartphone,
and participants could contribute additional eating behavior
data by using either the food scale or chewing sensor.

Study Protocol
The protocol of the study was uncontrolled by design, aiming
to capture the true dietary habits of the participants, diminishing
the required effort on their part. All textual components of the
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system were in English, in agreement with the teaching language
in the selected school. The study began by participants receiving
information on system use and study protocol twice: first in a
group meeting lasting for 30 minutes and then on an individual
level for approximately 5 minutes. During the individual
meeting, the students received information on system use, went
through all the screens and options of the mobile app, and were
handed the smartphone and complementary devices, also
signaling the initiation of the data collection. The participants
were requested to register all their meals as they happened (not
retrospectively) during the study period using the provided
smartphone app and were also asked to use the provided food
scale to collect additional information for main meals (breakfast,
lunch, and dinner) and the chewing sensor to collect information
for main meals and snacks. Depending on the students’ school
schedule and their individual school obligations for the end of
the school year, the study duration ranged from 2 to 3
consecutive weeks, after individual arrangements with their
supervising teachers. A researcher was available to provide
technical and protocol support to the students from Monday to
Friday (school days) throughout the study. After the predefined
end of the data collection period per student, the participants
returned the devices to the researchers and completed the system
usability and user experience questionnaires.

Devices and Smartphone App
For the duration of the experiment, all participants were
provided with an Android smartphone with the required
smartphone app installed, as well as a food scale and chewing
sensor [30]. We have previously published the methodology
and development processes for the integrated sensors (for a
system overview, see Figure 1). In summary, the user was
presented with 3 options for registering any eating or drinking
occurrence: self-register the event using only the mobile app,
use the mobile app and food scale to record their plated meals
through continuous registration of the food weight remaining
on their plate [32], or wear the chewing sensor to record their
eating or drinking event automatically through integrated
photoplethysmography and acoustic analysis [28]. The provided
smartphones did not have SIM cards, dictating the use of Wi-Fi
networks (at school or home) to transmit the collected data. All
other nonstudy-related smartphone apps and functions (ie, GPS)
were turned off. Smartphones were provided to the students by
the study because the high prevalence of iOS devices in Sweden
[33] would prohibit the participation of otherwise motivated
students, and we strived to homogenize the user experience for
all the students, providing similar phone models to exclude
parameters like varying device performance, custom device
interfaces, and differing battery consumption rates.
Registering eating events was supported through a custom
developed smartphone app available for the Android operating
system. The app allowed registering either a meal or a drink
separately (Figure 2) or registering a meal and adding
complementary drinks. In all cases, irrespective of the means
used, a timestamp was automatically generated and saved by
the system. In the case of the chewing sensor, which
automatically detected eating and drinking events, the system
presented the user with a persistent notification asking for
verification of the detection and allowing the user to fill in
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additional event information. For every meal, the participants
were prompted to answer two additional questions: meal type
(breakfast, lunch, dinner, or snack) and where the food was
prepared or bought (home, retail store, or restaurant). The
maximum number of registerable main meals (breakfast, lunch,
and dinner, as characterized by the users) for each participant
was 3 per day, with all the remaining eating occasions
automatically registered as snacks. Participants could not use
multiple methods to register a main meal (ie, self-registration,
food scale, and chewing sensor). Once a meal had been
registered with one method, it could not be registered again
using a different method. However, the users were free to
register less than 3 main meals per day, in cases where they
skipped or forgot to register some main meals. During drink
registration, the participants had the option to include additional
information about the type of the consumed drink (sugary drink,

Langlet et al
coffee/tea, dairy/milk, or water). When the smartphone was
connected to Wi-Fi, the registered meals were automatically
uploaded online to a study server, allowing the researchers to
supervise the progress of the study in real-time using a dedicated
web interface. All the communications between the browser
and server were encrypted. In conclusion, the system compiled
an integrated matrix of meal and drinking event timestamps,
irrespective of the registration method. The users were instructed
to use the smartphone app and provided weighing scale
throughout the day and charge them overnight. Battery concerns
dictated the use of the chewing sensor only during the
after-school hours (ie, between 5:00 pm and 11:00 pm) for
registration of drinks and meals, with the device also being
recharged overnight. The participants did not have to charge
the provided scales, since a full charge lasted more than 3 weeks.

Figure 1. The system consists of a digital food scale, chewing sensor, smartphone app, and web app.

Figure 2. Main screen of the smartphone app.
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System Usability and User Experience Questionnaires
System usability was reported using the System Usability
Questionnaire (SUS) [34], and user experience was estimated
based on a custom questionnaire developed in discussion with
adolescents from the same school in a previous study. In the
user experience questionnaire, the smartphone app, digital food
scale, and chewing sensor were rated on how comfortable they
were to use and if the users perceived that the device use
affected their usual behavior, as well as if the technology was
potentially usable ‘in school’, ‘at home’, or ‘outside’ on 10-point
Likert scales, ranging from 0 for ‘Completely disagree’ to 9 for
‘Completely agree’. As part of the same questionnaire,
participants also provided free-text answers on what they would
improve for the system and its individual components
(smartphone app, digital food scale, and chewing sensor). The
questionnaire also contained a free-text question on the price
of the system (smartphone app, food scale, chewing sensor,
excluding server use), which was compared with the suggested
pricing by the developers and manufacturers. The SUS has been
validated on multiple occasions [35], while the custom behavior
change and comfort questionnaire was previously used in similar
studies [31].

Data Analysis
The presented figures were generated using R 3.5.1. Feasibility
is presented based on the mERA guidelines, with the checklist
available in Multimedia Appendix 1 [25]. Estimation of

compliance was made by dividing the number of registered
main meals with the maximum number of main meals each
participant was expected to register, based on the functionality
of the provided system and the provided study instructions (ie,
3 main meals per day: one breakfast, one lunch, and one dinner).
The formula for daily participant compliance was compliance
= registered main meals/3. Food type frequency and meal timing
are presented on a population level, with daily meal distribution
presented in 24-hour day cycles starting at 4:00 am (ie, meals
reported between 00:00 am and 3:59 am were grouped with
meals registered during the previous calendar day) following a
previously used practice [36]. All the values presented in the
text are mean (SD).

Results
Subjects
Of the 26 adolescents that participated in the study, the datasets
provided by 2 participants were excluded from the analysis due
to significant deviations from the study protocol, such as device
misuse (ie, prohibited use of the phone video camera in school,
which is not supported by the current ethical application) and
manually unlocking and using additional mobile features (eg,
online mobile games). This resulted in 24 of the participants
(24/26, 92%) being included in the analyzed study sample (Table
1).

Table 1. Group characteristics.
Characteristics

Total (n=24), mean (SD)

Men (n=7), mean (SD)

Women (n=17), mean (SD)

Age (years)

16.8 (0.7)

17.2 (0.5)

16.6 (0.7)

Weight (kg)

62.2 (14.4)

75.7 (10.1)

56.6 (12.1)

Height (cm)

168.1 (10.3)

181.3 (6.8)

162.7 (5.3)

BMI (kg/m2)

21.9 (4.1)

23.3 (4.7)

21.3 (3.8)

Feasibility
Analyzing the system feasibility based on the mERA checklist
[25], in the current study, phones without SIM cards and with
locked hosting features were provided to all participants to
ensure user interaction was restricted to the research app and
to better manage confidentiality issues, which was a sensitive
issue due to data collection by adolescents and especially in the
school environment. Conceptually however, since all
participants owned a smartphone, the system could easily have
been used on the participants’ own phones, but that would
require that the smartphone app was developed for multiple
operating systems and not only Android. The software ran well
and displayed properly on Android smartphones with 1.0 GB
RAM, 8.0 GB ROM, and at least a 1280x720 HD display. All
students had access to Wi-Fi both at home and at school. The
battery lives of the smartphone and food scale allowed
recordings throughout the day, while battery limitations
restricted chewing sensor recordings to 6 hours per day. No
protocol adaptations were required during the study as a result
of unexpected complications. In total, 6 participants required
additional information from researchers on specifics of system
http://mhealth.jmir.org/2020/7/e14778/
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use, and 2 food scales had to be replaced during the experiment
due to equipment malfunction (excessive battery drainage). All
malfunctions were identified and addressed within 1 day. The
most time-sensitive and laborious period for the researcher
during the study was at the initiation, when information was
provided to participants while handing out smartphones and
devices. The remainder of the study required limited additional
effort, mostly in the form of short interactions with individual
students to answer follow-up questions or when data from the
web platform indicated equipment malfunction or low
compliance. The companies developing the sensors suggested
a single purchase cost of €200 for the system, including both
sensors and the app. Meanwhile, the price suggested by
participants for the system varied greatly, with a mean single
purchase cost of €67 (ranging from €14 to €236) or a monthly
cost of €6 (ranging from €0 to €19).

System Usability and User Experience
Participants rated the system usability between 47.5 and 97.5,
with a mean value of 77.1, which corresponds to a grade B
‘Good’ rating, on the SUS. No adverse events were reported to
researchers during the experiments or to school personnel after
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the experiment. The smartphone app and chewing sensor
received the highest and lowest ratings for comfort, respectively.
For perceived usability, all system components (smartphone
app, food scale, and chewing sensor) scored highest at home
and lowest outside home (Table 2).

Suggestions for improvements of the smartphone app fell into
4 categories: (1) 5 individuals suggested making it more
responsive or faster, (2) 4 wanted a brighter color theme, (3) 3
wanted the function to retrospectively add meals, and (4) 3
requested better app interfaces, without specifying what was
lacking.

Table 2. Perceived usability and acceptability of the smartphone app and devices, answered using 10-point Likert scales, ranging from 0 (completely
disagree) to 9 (completely agree).
Statements

App, mean (SD)

Food scale, mean (SD)

Chewing sensor, mean (SD)

I felt comfortable using the …

7.3 (1.8)

6.4 (2.3)

3.9 (2.8)

Perceived behavioral change from using …

4.0 (2.2)

3.6 (2.6)

3.9 (2.5)

Potential for use of ... in school

6.3 (2.8)

5.4 (3.2)

3.5 (2.7)

Potential for use of … at home

7.1 (2.3)

7.1 (2.5)

4.6 (3.1)

Potential for use of … outside

5.4 (2.5)

3.8 (2.3)

3.1 (2.6)

Registering the Frequency of Main Meals
On average, participants collected data for 18.4 days (SD 1.3
days). On average, each participant registered 63.3 meals (SD
18.0 meals), of which 39.5 meals (SD 6.3 meals) were main
meals (breakfast, lunch, and dinner) and 23.8 meals (SD 14.9
meals) were snacks. Of the 39.5 main meals, 12.6 meals (SD
4.0 meals) were breakfasts, 13.2 meals (SD 3.0 meals) were
lunches, and 13.7 meals (SD 3.3 meals) were dinners. In 51%
(775/1520) of the overall reported meals, participants used a
sensor to provide additional data. Of these meals, 87% (674/775)
were made using the food scale, and the remaining meals
(101/775) were registered with the chewing sensor. The average
estimated compliance per participant was 73% (2.2/3 main

meals per day) across all study days. To measure changes in
compliance over time, only data from the first 2 weeks of system
use were compared, during which the mean number of registered
meals per participant was 50.2 (SD 13.9 main meals). On the
group level, the number of registered meals from the first week
was 573, of which 355 were main meals and 218 were snacks.
Meanwhile, during the second week, 632 meals were registered,
of which 384 were main meals and 248 were snacks. This shows
an increased registering frequency from 70% (355/504) to 76%
(384/504) of the 3 expected main meals per day from week one
to week two. There were large variations between individuals
in the type of main meals that were registered in the study
(Figure 3).

Figure 3. Frequency of meal registration per participant throughout the study, ranging from 0% to 100% per day for each main meal type.

Population Food Selection Frequency
Regarding food preparation, 40% (608/1520) of the registered
meals were ranked as home-cooked, 46% (699/1520) as
purchased in food stores, and 14% (213/1520) as consumed in
restaurants. Regarding drink types, 34% (314/924) of the
registered drinks were sugary drinks, 15% (139/924) were
dairy-based, 34% (314/924) were water, and 17% (157/924)
were tea or coffee.
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Population Mealtime Distribution
On average, breakfast took place at around 8:30 am, ranging
from 5:00 am to 2:00 pm. On average, lunch took place around
12:15 pm, ranging from 10:15 am to 6:15 pm. Meanwhile, on
average, dinners took place around 7:30 pm, ranging from 3:00
pm to 11:45 pm (Figure 4).
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Figure 4. Histogram depicting the meal distribution of breakfast, lunch, dinner, and snacks across the day for all registered meals. Registration was
done by 24 participants for a period of 2-3 weeks.

Distribution of Meals Across Weekdays and Weekends
The majority of breakfasts were eaten earlier during weekdays
compared to weekends, with a difference of 2 hours 49 minutes
between the mean value for weekday and weekend breakfasts.
Similarly, lunches were generally eaten earlier during weekdays

than during weekends, with a difference of 2 hours 44 minutes.
Dinners were eaten slightly earlier during weekdays than during
weekends, with a difference of 17 minutes. There was a slight
difference between the time (14 minutes) of reported snacks
between weekends and weekdays, with snacking overall being
spread out throughout the monitored days (Figure 5).

Figure 5. Histogram showing the distribution of all registered meals. Vertical lines in the graphs show the mean values of weekday (solid line) and
weekend (dashed line) meal occasions.

Discussion
This study evaluated the perceived acceptability and usability
by adolescent participants of a system composed of a
smartphone app and two eating behavior sensors, while
identifying system constraints for future large-scale
deployments. The app was well received by the participants,
while the sensors received lower scores of usability and
acceptability. From a functional and infrastructural perspective,
the system had easy-to-meet requirements, was easy to use, and
had high scalability. The usefulness of the system also appeared
high, with its ability to collect data on dietary behaviors
associated with increased risk of obesity (ie, sugary beverage
consumption, restaurant meals, and unstructured meal patterns).
From a functional perspective, the technical requirements of
the smartphone app were low, including battery consumption,
http://mhealth.jmir.org/2020/7/e14778/
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ensuring that the presented app runs on most modern
smartphones, with 99% of Swedish 16–25-year-olds using
smartphones regularly and a little less than 95% of devices in
Sweden fulfilling the 1 GB RAM and 8 GB ROM requirement
[33]. In addition, in Sweden, smartphone coverage and
accessibility to Wi-Fi and energy outlets are high, making a
screening protocol, such as the one explored here, highly feasible
from an infrastructural perspective [17], ensuring the scalability
of the system. Concerning the system’s suggested cost, a
discrepancy existed between the system creators and the end
users, which is expected due to the targeted age group. For the
researcher, little work was required to ensure proper use of the
smartphone app and devices, with only one-fourth of participants
requiring additional information on specific functions of the
system despite the short duration of the initial information
meetings. The dedicated research platform enabled real-time
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e14778 | p.563
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data inspection, which made the identification of malfunctioning
devices easy and ensured high data retention throughout the
study. Participants found the system easy to use, with the total
system receiving a high system usability score. Some
participants felt that the smartphone app was a bit slow and
unresponsive at times, which could potentially have resulted in
lower compliance, but this is not immediately evident in the
output dataset. A recent study identified personalization options
as a strategy to increase interaction and compliance [37], a
potential answer to our user requests (7/24) for improved
interfaces. Finally, the possibility of retrospectively registering
meals is a feature often seen in comparable apps. Future versions
of our system might integrate this functionality to reduce the
risk of the user forgetting to report meals as they occur, an issue
that might have affected the reported outcomes of this study.
However, the addition of retrospective meal reporting has the
potential to introduce additional recall bias, resulting in
decreased accuracy for the collected measurements [38].
The high frequency of meal registration per individual makes
us confident that the mealtime distribution results are
representative of the population’s actual mealtime distribution.
In addition, the increased number of reported meals from week
one to week two suggests that a familiarization period, or more
training in device use, might increase registering frequency. In
a study with a similar sample population (ie, conducted in
adolescents in Sweden) that employed a 7-day food record, the
number of registered meals was 18% higher than in the current
study [39], which might be related to the lack of functionality
for retrospective meal reporting in our own system. However,
due to the allowance of recall data and differences in main meal
definitions (primarily breakfast) and methodology (recollection
vs real-time registering) as well as a potentially higher
socioeconomic status in the current sample, it is unlikely that
these two studies are directly comparable. Future studies should
therefore aim to compare the methods employed here with
24-hour/day automatic meal registration methods, such as the
ones developed by Sazonov et al [40], Sun et al [41], and
Kyritsis et al [42], which have the potential to remove recall
and social desirability bias (eg, where individuals only register
products that are viewed favorably by others) but may introduce
other biases, such as comfort of use. This will be even more
relevant once the chewing sensor allows recording for the entire
day.
With regards to the sample’s frequency of food selection, we
found that the number of home-cooked meals was low, with
most meals being either store-bought or restaurant-bought,
similar to previous reports [43]. Similarly, a large number
(one-third) of the reported drinks contained sugar, with the
actual portion potentially being even higher since other drink
categories might also have contained added sugar (eg,
milk/diary). These dietary habits have been associated with
increased body weight [44,45]. Meanwhile, the meal timing
across days suggests that Swedish adolescents eat their
breakfasts and lunches later during weekends than during
weekdays. This time shift is partly corroborated by a previous
study in young adults, where the first caloric intake occurred
later during weekends, while the last energy intake occurred at
similar times during weekdays and weekends [36], potentially
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due to the de facto effect of the school schedule. Overall, due
in part to methodological limitations and differences in
definitions, there is currently no consensus regarding the effect
of meal timing on health [46], with some studies reporting
skipping breakfast may increase the risk of obesity and type 2
diabetes [47,48], while others reporting no such effects [49].
The main strengths of the study were a smartphone app designed
to allow easy and accurate real-time meal registration, not
relying on recall, and a protocol with no restrictions to
participants’ real-life activities. Another strength, based on the
results, was the high usage rate of the system. A strength of the
system is its modular design, which enables the additional
sensors, ensuring high contextual adaptability. In this study, a
digital food scale and chewing sensor were used, but when
investigating other diseases, such as diabetes, more appropriate
sensors could be added, such as a blood glucose monitor.
One limitation of the study was the low number of available
study devices, while a limitation for the generalizability of the
results was the low number of male participants, which deviates
from the Swedish average [50] but is more in line with the sex
distribution of the school in question. Another potential
limitation was the de facto assumption of 3 main meals per day
for compliance estimation, since meal-skipping studies suggest
that not everyone eats breakfast, lunch, and dinner [51].
However, the definition of meal skipping in previous studies
varies greatly, causing a large range in the frequency of meal
skipping (5% to 83%), which provides no reliable baseline for
compliance estimation [51]. A potential alternative for
measuring compliance would be to ask the user for meal
occurrences in the past 30 minutes at random times during the
day and then compare these results with spontaneously
self-reported meals [36]. This method was avoided due to
concerns that additional interaction with the smartphone app
may result in reduced compliance. Another protocol limitation
was that our study provided additional study smartphones for
the app, but this practice was deemed necessary to include iOS
users and homogenize the data collection experience. In
addition, our reporting system lacked a dedicated category for
reporting “noncaloric soft drinks,” which may have resulted in
individuals either not reporting those items or reporting it in
another category. It should also be noted that the minimalistic
reporting approach in our study might introduce additional
reporting bias in certain categories. For example, users were
able to report milk/dairy-based drinks either in the dedicated
category or as “sugary drinks” if they contained sugar. In future
iterations of our system, additional user-reporting options can
be introduced to resolve this issue (eg, adding the user-selected
option to report “added sugar” or “no added sugar” within the
milk/diary reports). Finally, one should not ignore the potential
observer effect [52], something uniformly affecting the domain
of behavioral monitoring, resulting in modification of the
observed behaviors due to study participation.
Future studies should aim to repeat the feasibility study by
enrolling larger samples and longer data collection periods in
order to test the progress of registration compliance over longer
periods. In a parallel study in the Netherlands, the chewing
sensor received an average wearer comfort score of 3.7 by
overweight adults, which is comparable to the score received
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in the current study [30]. Future studies may benefit from
comparing differences in system perception and user compliance
between obese and normal-weight individuals. Additionally,
based on existing evidence showing that mHealth is more often
used by individuals of higher socioeconomic status, additional
studies should also aim to include individuals of lower
socioeconomic characteristics [53]. Such deployments have a
de facto interest for group-based behavioral comparisons but
will also evaluate the scalability potential of the system. For
validation purposes, the system should be compared to recall
methods (eg, 7-day food record and meal habit questionnaires)
as well as other automatic recording methods (eg, eButton and
Automatic Ingestion Monitor) [41,54]. In practice, the presented
methodologies have been the stepping stone for the extension
of the data collection and analysis framework in a follow-up
research effort [23]. Specifically, our renewed efforts focus on
the collection of lifestyle Big Data from children and
adolescents, in an effort to create population-level behavioral
profiles (eg, meal frequency, food choice frequency), which
will then be used by local and national public health authorities
as a helpful tool in their efforts to tackle childhood obesity.

Langlet et al
In conclusion, no system constraints related to infrastructure
and function were identified for deploying the described
smartphone-based system in adolescents of medium to high
socioeconomic status in Sweden. Also, the identified population
profiles regarding the differences in the timing of meals on
weekdays vs weekends and the reported frequency of sugary
drinks by adolescents provide valuable preliminary information
about the dietary habits of the target population. Additionally,
these data point towards the usefulness of comparable mHealth
systems in providing health-related behavioral information for
such populations. Regarding the system use, high school
students are well-versed in the use of smartphones, resulting in
high acceptability and usability of the smartphone app, with
most suggested improvements being related to design rather
than functionality. In line with this, the number of participants
that required additional information on device use was low. The
high registration frequency of main meals indicates the high
usability of the system, which, if coupled with appropriate
sensors, can facilitate the collection of reliable food intake data.
Overall, the system appears promising as a low-effort method
to provide accurate measurements of dietary habits, setting the
base for future developments of individual-level and group-level
mHealth interventions against adolescent obesity.
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Abstract
Background: Long-distance running can be a form of stress to the heart. Technological improvements combined with the
public’s gradual turn toward mobile health (mHealth), self-health, and exercise effectiveness have resulted in the widespread use
of wearable exercise products. The monitoring of dynamic cardiac function changes during running and running performance
should be further studied.
Objective: We investigated the relationship between dynamic cardiac function changes and finish time for 3000-meter runs.
Using a wearable device based on a novel cardiac force index (CFI), we explored potential correlations among 3000-meter runners
with stronger and weaker cardiac functions during running.
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Methods: This study used the American product BioHarness 3.0 (Zephyr Technology Corporation), which can measure basic
physiological parameters including heart rate, respiratory rate, temperature, maximum oxygen consumption, and activity. We
investigated the correlations among new physiological parameters, including CFI = weight * activity / heart rate, cardiac force
ratio (CFR) = CFI of running / CFI of walking, and finish times for 3000-meter runs.
Results: The results showed that waist circumference, smoking, and CFI were the significant factors for qualifying in the
3000-meter run. The prediction model was as follows: ln (3000 meters running performance pass probability / fail results
probability) = –2.702 – 0.096 × [waist circumference] – 1.827 × [smoke] + 0.020 × [ACi7]. If smoking and the ACi7 were
controlled, contestants with a larger waist circumference tended to fail the qualification based on the formula above. If waist
circumference and ACi7 were controlled, smokers tended to fail more often than nonsmokers. Finally, we investigated a new
calculation method for monitoring cardiac status during exercise that uses the CFI of walking for the runner as a reference to
obtain the ratio between the cardiac force of exercise and that of walking (CFR) to provide a standard for determining if the heart
is capable of exercise. A relationship is documented between the CFR and the performance of 3000-meter runs in a healthy
22-year-old person. During the running period, data are obtained while participant slowly runs 3000 meters, and the relationship
between the CFR and time is plotted. The runner’s CFR varies with changes in activity. Since the runner’s acceleration increases,
the CFR quickly increases to an explosive peak, indicating the runner’s explosive power. At this period, the CFI revealed a 3-fold
increase (CFR=3) in a strong heart. After a time lapse, the CFR is approximately 2.5 during an endurance period until finishing
the 3000-meter run. Similar correlation is found in a runner with a weak heart, with the CFR at the beginning period being 4 and
approximately 2.5 thereafter.
Conclusions: In conclusion, the study results suggested that measuring the real-time CFR changes could be used in a prediction
model for 3000-meter running performance.
(JMIR Mhealth Uhealth 2020;8(7):e15331) doi:10.2196/15331
KEYWORDS
cardiac force; running; acceleration; physical activity; heart rate

Introduction
Background
As part of the body’s activity, exercise is planned, repeated, and
structured to improve or maintain physical health. Exercising
regularly and frequently helps to prevent serious illnesses such
as heart disease, cardiovascular disease, type 2 diabetes mellitus,
and obesity. In recent years, activities such as marathons,
triathlons, and road running have become popular sports
throughout the world [1-4]. The benefits of endurance exercise
for health, such as improving lipid profiles, blood glucose
control, blood pressure control, and increased insulin sensitivity,
may partly explain the increased participation in marathon races
[1-4]. Additionally, marathon runners show higher levels of
hardy personality (ie, a group of characteristics related to
personal perception of control, commitment, and challenges)
than the general population [5]. With regard to gender
differences in participation and running performance, Nikolaidis
et al [6] noted that the men were faster and older than women,
whereas female participation increased disproportionately to
that of men, resulting in a decrease in the male-to-female ratio.
Most women marathon runners range from 30 to 34 years and
most men are 40 to 44 years. Furthermore, the number of master
participants increased at a greater rate than that of their younger
counterparts [7]. In addition to coordination of the skeletal and
muscular systems, running primarily depends on the
cardiopulmonary functions of pumping blood oxygen throughout
the body. Nevertheless, highly intensive, strenuous physical
exercise could have a negative impact on the cardiovascular
system [8-10]. Marathon running has become a popular sport,
and sudden cardiac arrest is rare but still occurs in approximately
1:100,000 of the general population, with the most common
https://mhealth.jmir.org/2020/7/e15331
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causes being hypertrophic cardiomyopathy or atherosclerotic
coronary disease [11]. The incidence of sudden cardiac arrest
resulting in death was significantly higher during marathons
than during half-marathons and more common among men than
in women. Even in young populations, sudden cardiac death
may occur during running [11-13]. In addition, the mean age
of the nonsurvivors was clearly younger than that of the
survivors [11]. The common etiologies of sudden cardiac death
in young populations include conduction system abnormalities,
focal myocarditis, hypertrophic cardiomyopathy, and
arrhythmogenic right ventricular cardiomyopathy, further
causing myocardial injury [11-14]. Wearable wireless devices
can monitor and offer information about human physiology and
increase clinical diagnostic accuracy [15-19]. Combining
wearable technology and medicine can further help people to
improve their health and quality of life. This technology
provides a real-time monitoring system during physical activity,
especially exercise [20-24]. To date, these wearable devices can
only monitor parameters such as heart rate, respiratory rate,
electrocardiography, VO2 max test, running distance, and
running speed [20-26]. They are still unable to determine some
indicators precisely, such as the dynamic cardiac function
changes in the wearer during running.

Objective
The relationship between cardiac function changes during
running and running performance should be further explored.
Using a wearable device established in mobile health (mHealth),
we explored the potential correlations among 3000-meter
runners with stronger and weaker cardiac function during
running. The aim of our study was to investigate this issue.
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and peak acceleration (r=–.203 to –.226, P=.002) revealed a
negative correlation [28].

Study Population

We further used the BioHarness 3.0 to calculate the cardiac
force index (CFI), a new method of detecting the heart’s
condition instantly and comprehensively without penetration
using the following calculation: CFI = weight × activity / heart
rate; the CFI of running / CFI of walking ratio is the cardiac
force ratio (CFR) [29,30]. Based on these methods, we then
further explored the prediction model of running performance
during 3000-meter runs.

We performed an observational study that was approved by the
human trial committee and institutional review board of the
Tr i - S e r v i c e
General
Hospital,
Ta i wa n
(TSGH-IRB-1-104-05-147). Military academy students
participated in the study from February 2015 to January 2016
in Taiwan. The study’s selection conditions were to volunteer
to participate in the study and to have the ability to complete a
3000-meter empty-handed run. Education and training personnel
assisted participants in completing questionnaire contents and
in measuring physiological parameters. Informed written consent
was obtained from the participants for publication.

Wearable Device and Cardiac Force Evaluation
This study used the American product called the BioHarness
3.0 (Zephyr Technology Corporation). It is nonpenetrating and
contains a 3-axis gyroscope and an accelerometer to distinguish
directions in the x, y, and z axes. It has an accelerometer and
gyroscope for measuring the angular velocity and a GPS
function to provide the speed, distance, and location. It can
measure and estimate basic physiological parameters, including
heart rate, respiratory rate, acceleration, maximum oxygen
consumption, and temperature; thus, it can monitor the body’s
activity state during running. Furthermore, the device has great
reliability and validity and is better than regular heart rate belts
that measure only the heart rate [25]. Excellent quality evidence
from a recent systematic review study confirmed that the
BioHarness 3.0 device could provide reliable and valid
measurements of the heart rate across multiple contexts. In
addition, it demonstrated good consistency during gold standard
comparisons, supporting the validity criterion [25-28].
In exploring related factors pertaining to BioHarness 3.0
parameters and long-distance running, the credibility of the
parameters measured by the BioHarness 3.0 have been
considered by numerous studies, with one focusing on the
measurement of its reliability and validity with 20 healthy male
subjects, which consisted of 10 for reliability and 10 for validity
[27]. For validity, the oxime part of the BioHarness 3.0 was
compared with that of the Finnish T31 coded transmitter (Polar
Electro) [27]. Lin et al [28] conducted a survey on 10
super-marathon runners, separating them into two groups and
testing the correlations of the running distance with different
acceleration levels (3, 6, 8, 9, 10, and 12 km/h). The survey
addressed the correlation between the running speed and the
3-axis acceleration gauge with the x, y, and z axes. The results
revealed a negative correlation between the y-axis and running
at any speed (r=–.89 to –.92, P<.001). These results were similar
to this study’s results; the activity (r=–.214 to –.317, P<.001)
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Data Collection
Before starting the 3000-meter empty-handed run, participants
were required to squat, stand up, and then jump to check the
heart rate belt’s 3-axis acceleration gauge function, which
determines participant movement status. To ensure the
questionnaire data’s consistency and completeness, data
collection was performed after the participants completed the
test and received their physiological measurement data.
Since completing a marathon race requires consistent strength
training and an appropriate lifestyle, behaviors such as smoking,
physical inactivity, and drinking are considered negative factors
[31]. We also checked the baseline demography and associated
lifestyle of all the runners in this study. The process of collecting
data involved six steps (Figure 1):
•

•

•

•

•

•

Participants were asked to complete the questionnaire with
their name, gender, birth date, and personal health habits
including smoking, drinking, drug usage, and medical
history. Professional data collecting personnel completed
the other blanks after testing the biological parameters and
instructing participants in how to wear the BioHarness 3.0
heart rate belt correctly.
Professional personnel led participants to the test starting
position after confirming they were wearing the device
correctly. Participants were asked to kneel, stand up, and
walk at a normal speed in a half-circle (200 m) to the
starting line.
After participants got to the starting line, they were again
asked to kneel and stand up. After ready and start commands
from the leader, they began the 3000-meter running test
(400 meter lap × 7.5 = 3000 meters) at the speed they see
fit.
After running the 3000 meters, participants were asked to
jump once at the finish line and then walk another lap (400
m) at normal walking speed
After walking the lap, participants were asked to rest until
they are not gasping, at which time the professional
personnel measured and recorded their biological
parameters.
After these measurements, the professional personnel
removed the BioHarness 3.0, and the test was complete.
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Figure 1. The process of collecting data followed six steps in this study.

Data Processing and Analysis
Because there are thousands of data points for individuals and
manual artifact detection takes a great deal of time, we
developed automatically identified data points (automatic filters)
for when participants started to walk and run and when they
ceased to walk and run. If the heart rate belt is worn improperly,
automatic analysis can identify the equipment issues and delete
the data. The Bioharness 3.0 can measure all sensor data
precisely, such as the dynamic changes of heart rate with
movement in the wearer during running (ie, dynamic cardiac
function). The BioHarness 3.0 is snapped into an adjustable
chest strap belt that contains skin conductive electrodes and
captures the heart rate by recording the cardiac electric impulses
and saving the output in beats per minute (bpm).
The BioHarness 3.0 parameters are defined as follows:
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•

•

•

•

Activity per second (ACi): measurement by the sensor of
the amount of activity generated every second by the
movement of human body parts. Activity level is measured
by an accelerometer within the BioHarness 3.0
Heart rate per second (HRi): number of heartbeats every
second while exercise is measured by the sensor; the report
from BioHarness 3.0 for the heart rate is in bpm and is
provided as an average, at an interval of one second
Cardiac force index activity (CFIi_AC): activity per second
divided by heartbeats per second, where the (physical)
activity and heart rate are estimated and measured by the
BioHarness 3.0
Cardiac force index peak acceleration (CFIi_PA): peak
acceleration per second divided by heartbeats per second,
where the peak acceleration and heart rate are estimated
and measured by the BioHarness 3.0
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•

•

Cardiac force ratio activity (CFRi_AC): the CFI_AC value
of running divided by the CFI_AC value of walking (at a
speed of approximately 3 km per hour)
Cardiac force ratio peak acceleration (CFRi_PA): the
CFI_PA value of running divided by the CFI_PA value of
walking (at a speed of approximately 3 km per hour)

After saving the analyzable data for variables such as heart rate,
peak acceleration, activity per second, and so on in the
BioHarness 3.0, the automation we developed calculates the
CFIi_AC (the ith second CFI based on AC) and the CFRi_AC
(the ith second CFR based on AC) and analyzes each variety
of accumulated data according to the minute.

Statistical Analysis
Data Collection
We described the gender, age, height, weight, BMI, neck
circumference, waist circumference, hip circumference,
hip-waist ratio, alcohol drinking habits, smoking habits,
BioHarness 3.0 parameters, and CFI parameters by the number
of subjects, percentage, mean, and standard deviation. Statistical
analyses were conducted using SPSS Statistics version 20.0
(IBM Corp). All tests were 2-sided, and P values <.05 were
considered statistically significant.
After the questionnaire collection was completed, the data were
filed using Excel 2003 (Microsoft Corp) and coded according
to the framework of this study. First, Excel Visual Basic for
Application (Microsoft Corp) was used to distinguish among
the collected data automatically in terms of the start of walking,
end of walking, start of running, and end of running, which
allowed for the identification of a cutoff point between walking
and running. In addition, the questionnaire included a question
on whether the heart rate belt was worn correctly. Therefore,
the individuals whose belts were not worn appropriately were
excluded after automatic analysis, while the analyzable data
were saved. The CFIi_AC, CFIi_PA, CFRi_AC, and CFRi_PA
were then calculated. Data analysis was conducted based on the
research framework and purpose, which are described below.

Descriptive Statistics
The mean and standard deviation were used to describe
continuous variables including age, height, body weight, BMI,
neck circumference, waist circumference, hip circumference,
waist-hip ratio, blood oxygen before and after the test, systolic
pressure before and after the test, diastolic pressure before and
after the test, heart rate before and after the test, activity per
second, peak acceleration per second, heart beats per second,
CFIi_AC, CFIi_PA, CFRi_AC, CFRi_PA, and the completion
time of the 3000-meter empty-handed run.
The number and percentage are used to present the distribution
of categorical variables including gender, medical history,
medication history, smoking habits, drinking habits, and pass/fail
results of the 3000-meter empty-handed run.

Inferential Statistics
Chi-square tests were used to determine the correlations between
the 5 categorical variables (gender, medical history, medication
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history, smoking habits, and drinking habits) and the pass/fail
results of the 3000-meter empty-handed run.
Independent sample t tests are suitable for comparing the means
of two groups. The correlations between the 19 continuous
variables (including the age, height, body weight, BMI, neck
circumference, waist circumference, hip circumference,
waist-hip ratio, blood oxygen before and after test, systolic
pressure before and after the test, diastolic pressure before and
after the test, heart rate before and after the test, activity per
second, peak acceleration per second, heart beats per second,
CFIi_AC, CFIi_PA, CFRi_AC, and CFRi_PA) and the pass/fail
results of the 3000-meter empty-handed run were compared.
Multiple linear regression analysis was used to consider the
effects of the two independent variables on dependent variables.
For this method, the data type of the dependent variables must
be continuous, while the data type of the independent variables
can be continuous or categorical. Furthermore, through the
establishment of a regression model, the prediction/forecast of
dependent variables with independent variables could be
achieved. Therefore, this study was intended to analyze 28
independent variables including gender, disease history,
medication history, smoking habits, drinking habits, age, height,
body weight, BMI, neck circumference, waist circumference,
hip circumference, waist-hip ratio, blood oxygen before and
after the test, systolic pressure before and after the test, diastolic
pressure before and after the test, heart rate before and after the
test, activity per second, peak acceleration per second, heart
beats per second, CFIi_AC, CFIi_PA, CFRi_AC, and CFRi_PA.
The dependent variable was the completion time for the
3000-meter empty-handed run.
In the case that there is only one independent variable, the
analysis used is known as a simple logistic regression or
univariate logistic regression. In a logistic regression analysis,
the independent variables can be continuous or categorical. The
purpose of using logistic regression is to establish a practical
and reasonable model capable of providing the most concise
and fit analysis results. Once established, the model can be used
to predict the relationships between the dependent variable and
a set of predictor variables. In this study, the logistic regression
analysis was employed to establish a predictive model. The
independent variables in the analysis included gender, medical
history, medication history, smoking habits, drinking habits,
age, height, body weight, BMI, neck circumference, waist
circumference, hip circumference, waist-hip ratio, blood oxygen
before and after the test, systolic pressure before and after the
test, diastolic pressure before and after the test, heart rate before
and after the test, activity per second, peak acceleration per
second, heart beats per second, CFIi_AC, CFIi_PA, CFRi_AC,
and CFRi_PA. The dependent variable was the pass/fail result
of the 3000-meter empty-handed run.
Generalized estimating equations (GEEs) are primarily used to
analyze the dependency of the data samples (including repeated
measurement and long-term tracking studies). When the data
are longitudinal and they record the state of a subject at different
time points, the observation values from the same subject are
all considered to have correlation. Since a subject might be
tested more than twice in this study, the resulting data were
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interdependent. Therefore, the GEE was used in the study, and
the covariance matrix was assumed to be AR(1). AR(1)
indicated that the next time point was only highly correlated
with the previous time point. The dependent variables were
continuous variables (the results of the 3000-meter
empty-handed run) and binary variables (pass or fail for the
3000-meter empty-handed run).

Results
Demographic Data
A total of 96 voluntary participants completed this study. The
following sections show their basic demographic data, predictive
physical factors for 3000-meter running performance, models

Hsiao et al
of GEE and logistic regression for their running performance,
and the stronger and weaker cardiac forces for the 3000-meter
runners. Table 1 provides the descriptive demographic data: the
average participant age was 23.25 [SD 3.48] years, average
weight 69.40 [SD 9.34] kg, average BMI 22.93 [SD 2.66] kg/m2,
average waist circumference 78.26 [SD 8.20] cm, average hip
circumference 95.08 [SD 7.11] cm, and the average waist-to-hip
ratio was 0.82 [SD 0.05]. The demographic characteristics were
significantly correlated with the 3000-meter running time as
follows: age (r=.241, P=.008), body weight (r=.233, P=.047),
BMI (r=.284, P=.006), waist circumference (r=.319, P=.005),
and waist-to-hip ratio (r=.30, P=.006). These variables correlated
positively with the 3000-meter empty-handed running time.

Table 1. Descriptive demographic characteristics of participants (n=96).
Characteristic

Value, n (%)

Mean (SD)

Min-max

Gender, male

96 (100)

—

—

Age in years

96 (100)

23.25 (3.48)

19-38

Height (cm)

96 (100)

173.90 (6.42)

160-188

Weight (kg)

96 (100)

69.40 (9.34)

52-95

BMI (kg/m2)

96 (100)

22.93 (2.66)

18.18-31.02

Neck circumference (cm)

96 (100)

34.89 (2.79)

25-41

Waist circumference (cm)

96 (100)

78.26 (8.20)

62-102

Hip circumference (cm)

96 (100)

95.08 (7.11)

79-112

Waist-hip ratio

96 (100)

0.82 (0.05)

0.74-0.97

Yes

12 (13)

—

—

No

84 (88)

—

—

Yes

7 (7)

—

—

No

89 (93)

—

—

Yes

0 (0)

—

—

No

96 (100)

—

—

Yes

4 (4)

—

—

No

92 (96)

—

—

Smoking

Drinking

Medication

Medical history

Prediction of Physical Factors Affecting Completion
Times for 3000-Meter Run
To determine the factors that affected the 3000-meter completion
times for the 96 valid cases, first we used BioHarness 3.0
parameters in the model, performing a univariate analysis with
a simple linear regression to find the appropriate variate to build
the 3000-meter running completion time model by performing
a stepwise regression analysis on variates with a significant
univariate (Table 2). According to the stepwise regression
filtering, waist circumference, smoking, ACi1 (physical activity
at the 1st minute), and CFRr.AC.w1i6 (CFI_AC.run at the 6th
https://mhealth.jmir.org/2020/7/e15331

XSL• FO
RenderX

minute divided by CFI_AC.walk at the 1st minute) were
significant factors in the completion times. Thus, the prediction
model is as follows: 3000-meter running completion time =
1346.499 + 4.152 × [waist circumference] – 47.97 ×
[CFRr.AC.w1i6] – 5.43 × [ACi1] + 129.60 × [smoking]. From
this formula, we know that with every increased centimeter on
a participant’s waist circumference, the completion time
increased by 4.152 seconds. The finishing times for smokers
were 129.6 seconds more than for nonsmokers. For each unit
increase in the CFRr.AC.w1i6, the running time decreased by
47.97 seconds, and for each unit increase in the ACi1, running
time decreased by 5.43 seconds.
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Table 2. Physical predictors of 3000-meter running qualification (univariate).
Variable

a

SE

P value

95% CI

Constant

1346.50

207.146

<.001

935.03 to 1757.97

Waist circumference

4.15

1.260

.001

1.64 to 6.66

Smoking

129.60

30.950

<.001

68.13 to 191.07

CFRr.AC.w1i6a

–47.97

11.060

<.001

–69.94 to –25.99

ACi=1b

–5.43

1.370

<.001

–8.15 to –2.71

CFRr.AC.w1i6: CFI_AC.run at 6th minute divided by CFI_AC.walk at 1st minute.

b

ACi=1: activity per second accumulated until the 1st minute after the contestant started to run.

We used the BioHarness 3.0 parameters in the model and
performed a univariate analysis with binary logistic regression.
We then used a forward logistic regression method on the
significant variates from the previous univariates to find the
predictors affecting the 3000-meter qualification. We established
a prediction model by multivariate logistic regression (Table
3). The results showed that the waist circumference, smoking,
and ACi7 were significant factors for the 3000-meter run

qualification. The prediction model was as follows: ln (3000
meters running performance pass probability / fail results
probability) = – 2.702 – 0.096 × [waist circumference] - 1.827
× [smoke] + 0.020 × [ACi7]. If the smoking and ACi7 were
controlled, contestants with larger waist circumferences tended
to fail the qualification based on the formula above. If the waist
circumference and ACi7 were controlled, smokers tended to
fail more often than nonsmokers.

Table 3. Physical predictors of 3000-meter running qualification (multivariate logistic regression).
Variate

a

SE

P value

ORa

95% CI

Waist circumference

–0.096

0.032

.003

0.909

0.853-0.968

Smoking

–1.827

0.890

.04

0.161

0.028-0.920

ACi=7b

0.020

0.007

.004

1.020

1.006-1.034

Constant

–2.702

4.185

.52

0.067

—

OR: odds ratio.

b

ACi=7: activity per second accumulated until the 7th minute after the contestant started to run.

Comparison of Prediction Model and Actual Test Time
of Finishing the 3000-Meter Run

no significant difference between the estimated completion time
and actual measurement of the number of seconds in this study
prediction model (Table 4).

The results showed no significant difference between the
estimated time and actual completion time (P=.42), indicating
Table 4. Comparison of linear model estimation results and actual measurements of finish times for 3000-meter runs (n=96).
Variate

Mean (SD)

SE

95% CI

P value

Linear model estimation

885.42 (79.16)

8.08

869.58-901.26

.42

Actual measurement

885.33 (124.61)

12.72

870.65-900.01

—

Comparison of Pass/Fail Results Predicted by the
Logistic Model With Actual Results of 3000-Meter
Empty-Handed Run
A McNemar test was employed to compare the pass/fail results
estimated using the logistic model with the actual results of the

3000-meter empty-handed run (Table 5). There was a
statistically significant correlation between the estimated and
actual passing probability (Pearson coefficient r=.477, Spearman
correlation coefficient=.477, =0.476 [SE 0.090, 95% CI
0.300-0.653], and the area under the receiver operating
characteristic curve 0.768, 95% CI 0.687-0.857).

Table 5. Comparison of the pass/fail results of the 3000-meter empty-handed run predicted by the logistic model with actual measured results.
Logical model prediction

Actual measurement

McNemar

Correlation coefficient

Fail

Pass

P value

Spearman

P value

Fail

39 (40.63)

13 (13.54)

.84

.477

<.001

Pass

12 (12.50)

32 (33.33)

—

—

—
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Comparison of Stronger and Weaker Cardiac Forces
During 3000-Meter Run
The relationship between the CFR of a healthy 22-year-old
person with strong cardiac force and time is illustrated in Figure
2. In this example, a representative runner has a strong heart.
The runner uses the method and apparatus for monitoring their
cardiac status during exercise according to the protocol,
including the walking period, running period, and postrunning
period. During the running period, data are obtained while the
user slowly runs 3000 meters. The postrunning period comes
after the runner has stopped running. Figure 2 uses the maximum
CFI of the walking period to serve as a reference to calculate
the CFRs of other time periods. The relationship between the

Hsiao et al
CFR and time is plotted. Thus, this finding shows the runner’s
CFR varying with changes in activity. The signals before the
walking period are noise. When the runner changes from the
walking period to the running period, the runner converts from
a relatively static walking condition to a dynamic running
condition. Since the runner’s acceleration increases, the CFR
quickly increases to an explosive peak, indicating the runner’s
explosive power. This period shows a CFR of approximately
3. After the explosive peak, the CFR begins to decrease, and
after a time lapse, it becomes moderate and gentle, entering an
endurance period at approximately 2.5 CFR. After the running
period has ended, the postrunning period begins. At this
moment, the runner’s dynamic condition ends, acceleration
decreases very quickly, and the CFR also decreases.

Figure 2. Runner with stronger cardiac force during 3000-meter running.

Another relationship, this time between the CFR of a 44-year-old
with weak cardiac force and time is illustrated in Figure 3. The
protocol for this runner is the same as that for the first runner
(Figure 2), with the walking period, running period, and
postrunning period. During the running period, data are obtained
while the user slowly runs 3000 meters. The postrunning period
occurs after the runner has stopped running. Figure 3 uses the
maximum CFI of the walking period as a reference to calculate
the CFRs of the other periods. The relationship between the
CFR and the time is plotted. Signals from before the walking
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period are noise. Again, the runner’s condition changes from
relatively static when walking to dynamic when running, and
the CFR reaches an explosive peak with acceleration, at
approximately 4. After the explosive peak, the CFR decreases
and eventually becomes moderate and gentle, entering an
endurance period at approximately 2.5 CFR. After the running
period ends, postrunning period begins, the runner’s dynamic
condition ends, acceleration decreases very quickly, and the
CFR also decreases.
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Figure 3. Runner with weaker cardiac force during 3000-meter running.

In summary, this study investigates a new calculation method
for monitoring cardiac status during exercise that uses the CFI
of walking for the runner as a reference to obtain the ratio of
between the cardiac force of exercise and that of walking (CFR)
to provide a standard for determining if the heart is capable of
the exercise. Since the CFR is simply a ratio, it helps eliminate
individual differences among the users and errors caused by
changing the location of the detection units.

statistically significant correlations between physiological
parameters and completion time of the 3000-meter
empty-handed run. The BioHarness 3.0 parameters that were
significantly negatively correlated with completion time of the
3000-meter empty-handed run included an ACi=1-10, PAi=1,
PAi=8, PAi=9, PAi=10, HRi=1-10, CFRr.AC.w1i5,
CFRr.AC.w1i6,
CFRr.AC.w1i7,
CFRr.AC.w1i8,
CFRr.AC.w1i9, and CFRr.AC.w1i10.

Discussion

Among the demographic characteristics examined in our study,
the statistically significant variables for the pass/fail results of
the 3000-meter empty-handed run included age, waist
circumference, hip circumference, waist-hip ratio, and smoking.
None of the physiological parameters were statistically
significant variables for the pass/fail results of the 3000-meter
empty-handed run. Among the BioHarness 3.0 parameters,
statistically significant variables for the pass/fail results of the
3000-meter empty-handed run included an ACi=1-10, PAi=1,
PAi=6, PAi=7, PAi=8, PAi=9, PAi=10, CFI.AC.WALK=4, and
CFI.AC.RUNi=5-10. The HRi was not a statistically significant
variable.

Principal Findings
Previous traditional study methods used only parameters such
as questionnaires and biochemical values to predict a runner’s
completion time [27,28]. Our study results revealed that physical
characteristics including age, body weight, BMI, waist
circumference, and waist-to-hip ratio have impacts on the
3000-meter running qualification. However, this study uses a
new method for detecting cardiac status that calculates the
instantaneous CFI of the runner by using weight, heart rate, and
acceleration or activity level of the user to transform the
physiological parameters, which are not quite meaningful
individually, into a CFI that is more meaningful. The CFI is
provided for detecting the cardiac status of the runner in a
dynamic manner. We successfully established a novel prediction
model for the running performance based on the real-time
cardiac force during running.
In this study, the data obtained from wearable technology were
included as variables to explore the factors in the demographic
characteristics, physiological parameters, and BioHarness 3.0
parameters that were correlated with the 3000-meter
empty-handed run and its pass/fail results to establish a
predictive model.
The summary of the results and discussion revealed that certain
demographic characteristics in our study were significantly
positively correlated with the completion time of the 3000-meter
empty-handed run, including age, body weight, BMI, waist
circumference, and waist-hip ratio. By contrast, there were no
https://mhealth.jmir.org/2020/7/e15331
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In the multivariate linear regression model, waist circumference,
ACi=1, and CFRr.AC.w1i6 were able to predict the completion
time of the 3000-meter empty-handed run. Moreover, there were
no significant differences between the predicted values and the
actual measured values. In the logistic regression model, waist
circumference, smoking habits, and ACi=7 were able to predict
the pass/fail results for the 3000-meter empty-handed run. The
correlation between the estimated and actual passing probability
was statistically significant.
Finally, a GEE-linear (binary) analysis was conducted on the
individuals tested one or more times. The results show that the
CFI.PA.WALK=3 was capable of predicting the completion
time of the 3000-meter empty-handed run, while the ACi=3 and
CFRr.AC.w1i7 were capable of predicting the pass/fail results
of the 3000-meter empty-handed run.
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Exploration of Correlation Factors Between
Demographic Characteristics and 3000-Meter
Empty-Handed Run
Age
In 1988, Marti et al [32] explored the correlations between age,
body weight, BMI, and lifestyle and 16-km running performance
in 4000 joggers. The results of the study showed that age was
a predictive factor for completion time of the 16-km run (β=.37,
P<.001) [32]. In 2009, Leyk et al [31] analyzed 439,278 running
times from a results lists of 108 marathon competitions. Their
primary findings were there are virtually no relevant running
time differences (P<.01) in marathon finishers from 20 to 55
years and the majority of middle-aged and elderly athletes have
training histories of less than 7 years of running. Lara et al [33]
explored the correlations of gender and age with completion
time in marathon runners. The results showed that there was a
significant positive correlation between the men’s age and
completion time (Pearson correlation coefficient r=.92, P<.05).
Knechtle et al [34] analyzed the correlation between age and
marathon completion time in marathon runners aged 5 to 93
years. The results showed that completion time was increased
with age in marathon runners over an age range of 5 to 93 years
(Pearson correlation coefficient r=.97, R2=.94, P<.001) as well
as marathon runners with an age range of 18 to 80 years
(Pearson correlation coefficient r=.99, R2=.98, P<.001). The
results of our study showed that age was significantly positively
correlated with completion time of a 3000-meter empty-handed
run (seconds) in males aged 19 to 38 years (mean age 23.25
[SD 3.48] years; Pearson correlation coefficient r=.241, P<.001).
The result indicated that the older the males were, the longer it
took them to complete the 3000-meter run.

Body Weight and Body Mass Index
The results of our study showed that body weight (69.4 [SD
9.34] kg) was significantly positively correlated with the
3000-meter empty-handed running performance (seconds;
Pearson correlation coefficient r=.233, P<.001). This result
indicated that the heavier the body was, the longer it took to
complete the 3000-meter run. Previously, Marti et al [32]
showed that the BMI value was a predictive factor for
completion time (β=0.23, P<.001). The results of our study
showed that BMI (22.93 [SD 2.66] kg/m2) was positively
correlated with completion time of the 3000-meter
empty-handed run (Pearson correlation coefficient r=.284,
P<.001). This finding indicated that the larger the BMI was,
the longer the completion time. Our result was consistent with
the above literature.

Waist Circumference, Neck Circumference, and Hip
Circumference
Recently, many studies have shown that neck and waist
circumference are highly correlated and are related to the
metabolic status of the body [35-37]. In our study, waist
circumference was positively correlated with completion time
of the 3,000-meter empty-handed run (Pearson correlation
coefficient r=.319, P<.001). Namely, the larger the waist
circumference was, the longer the completion time. Neck
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circumference was significantly negatively correlated with
running performance in the GEE-binary analysis (OR 0.88;
P=.03): the larger the neck circumference was, the more likely
the individual would obtain a failing result. This finding was
similar to the waist circumference result. In our study, hip
circumference of the individuals who failed the 3000-meter
empty-handed run test was larger than that of those who passed
the run test (96.44 [SD 7.66] vs 93.55 [SD 6.17], P=.046), which
was similar to the above results. The waist-hip ratio was also
positively correlated with completion time (seconds) of the
3000-meter empty-handed run (Pearson correlation coefficient
r=.300, P<.001), indicating that the larger the waist-hip ratio
was, the longer the completion time.

Exploration of Correlation Factors Between Bioharness
3.0 Parameters and 3000-Meter Empty-Handed Run
A study conducted by Johnstone et al [27] showed that the
parameters collected by the BioHarness 3.0 have high reliability
and validity. The reliability and validity were measured in 20
healthy males (10 subjects for a reliability analysis and 10 for
a validity analysis). In terms of the validity of the BioHarness
3.0, blood oxygen measurement was assessed using the T31
(Polar Electro) as the standard while the respiratory rate
measurement was assessed using a US-made face mask (Hans
Rudolf Inc) as the standard. In addition, subjects performed
incremental exercises (walking 4 to 6 kilometers per hour,
jogging 8 to 10.5 kilometers per hour, and running 11 kilometers
per hour) carrying the portable METAMAX 3B (Cortex
Medical; weight 650 g). The heart rate, respiratory rate, and
accelerometer were measured. The results showed that heart
rate was statistically significantly correlated with the standard
value (r=.98). Excluding the walking period, a strong correlation
was observed between heart rate and the standard at a running
speed of 8 to 10.5 kilometers per hour (r=.93). As running speed
increased, the correlation between heart rate and the standard
decreased (11 km/h, r=.67) [27]. The results of our study showed
that the correlation between the accumulated heart rate per
minute and completion time was reduced as running time was
prolonged and running speed increased (HRi=1, r=–.283;
HRi=10, r=–.258). Our results were similar to the results of the
study described above. The correlation between the amount of
activity measured using the BioHarness 3.0 and the standard
was statistically significant (P<.001, r=.91).
In 2014, Lin et al [28] divided 10 ultramarathon runners with
distinct performances into two groups and used accelerometers
to measure the correlation between acceleration and running
distance at different speeds (3, 6, 8, 9, 10, and 12 kilometers
per hour). The study examined the correlations between the x,
y, and z axes of the triaxial acceleration gauge and running
speed. The results showed that the y-axis was negatively
correlated with running speed at any speed (r=–.89 to –.92,
P<.001). These results were similar to our results in that activity
(r=–.214 to –.317, P<.001) and peak acceleration (r=–.203 to
–.226, P=.003) were negatively correlated with completion time.

Limitations
There are some limitations to this study. The subjects of this
study were students (college-level and graduate-level) and
service personnel at a military academy in the northern region
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(including voluntary and compulsory service personnel). The
subjects were all males, and females were not included in the
study. Since the wearable device must be worn tightly against
the skin at the lower edge of the chest, most women were
unwilling to participate. In addition, the poor availability of the
output from the women’s physiological/structural relationship
data rendered it impossible to include these data for analysis.
This study only considered the subjects’ smoking, drinking,
medication, and medical histories. Potential interference factors
(exercise frequency, lifestyle, dietary habit, and environmental
factors) were not explored in this study.

Future Works
Our study only included one military college in the northern
region as the research subject. We suggest that the sample size
in future study be increased to include field troops and national
army physical fitness evaluation centers. In addition, wearable
technology can be used as one form of physical strength
evaluation equipment for the national army to reduce the risk
of sport injury and accidents. Completion time was correlated
with exercise frequency, lifestyle, dietary habit, environmental
factors, and caffeine intake. We suggest that future studies
include the above factors as variables. Taking into the
consideration the inconvenience among women in wearing the
heart rate belt, we also suggest that the belt be worn on various
parts of the body and reliability and validity be confirmed. In
addition, the staff should confirm that the subjects wear the
heart rate band tightly against the skin when collecting the data,
which would improve the usability of the data.

Hsiao et al
In this study, smoking was included as a variable and discussed.
The output parameters of the BioHarness 3.0 also include the
respiratory rate. Since running is closely related to
cardiopulmonary function, we suggest that future studies include
the respiratory rate for in-depth exploration. In addition, the
output parameters of the BioHarness 3.0 include posture, activity
intensities on three different planes (sagittal plane, vertical, Z;
cross-sectional plan, mediolateral, X; and longitudinal plane,
anteroposterior, Y). We suggest that these parameters be
included in subsequent studies for analysis.
We also suggest combining the relevant physiological values
embedded in the heart rate belt and the CFI and CFR values
discussed in this study with a mobile app, which would allow
subjects to understand their own exercise status in real time and
provide real-time data. We propose uploading the CFI and CFR
obtained in this study to the cloud community for people to
compare with themselves and others so the CFI and CFR may
serve as incentive parameters for physical activity.

Conclusions
This study used wearable technology and focused on real-time
cardiac function changes related to 3000-meter running and
qualification results. Based on the cardiac force, we successfully
established a reliable prediction model for running performance.
In the future, this cardiac force model can be used during
running training and may assist in research on the application
of the CFI.
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Abstract
Background: The use of apps for weight management has increased over recent years; however, there is a lack of evidence
regarding the efficacy and safety of these apps. The EVALAPPS project will develop and validate an assessment instrument to
specifically assess the safety and efficacy of weight management apps.
Objective: The aim of this study was to reach a consensus among stakeholders on a comprehensive set of criteria to guide
development of the EVALAPPS assessment instrument. A modified Delphi process was used in order to verify the robustness
of the criteria that had been identified through a literature review and to prioritize a set of the identified criteria.
Methods: Stakeholders (n=31) were invited to participate in a 2-round Delphi process with 114 initial criteria that had been
identified from the literature. In round 1, participants rated criteria according to relevance on a scale from 0 (“I suggest this
criterion is excluded”) to 5 (“This criterion is extremely relevant”). A criterion was accepted if the median rating was 4 or higher
and if the relative intraquartile range was equal to 0.67 or lower. In round 2, participants were asked about criteria that had been
discarded in round 1. A prioritization strategy was used to identify crucial criteria according to (1) the importance attributed by
participants (criteria with a mean rating of 4.00 or higher), (2) the level of consensus (criteria with a score of 4 or 5 by at least
80% of the participants).
Results: The response rate was 83.9% (26/31) in round 1 and 90.3% (28/31) in round 2. A total of 107 out of 114 criteria (93.9%)
were accepted by consensus—105 criteria in round 1 and 2 criteria in round 2. After prioritization, 53 criteria were deemed
crucial. These related mainly to the dimensions of security and privacy (13/53, 24.5%) and usability (9/53, 17.0%), followed by
activity data (5/53, 9.4%), clinical effectiveness (5/53, 9.4%), and reliability (5/53, 9.4%).
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Conclusions: Results confirmed the robustness of the criteria that were identified, with those relating to security and privacy
being deemed most relevant by stakeholders. Additionally, a specific set of criteria based on health indicators (activity data,
physical state data, and personal data) was also prioritized.
(JMIR Mhealth Uhealth 2020;8(7):e16899) doi:10.2196/16899
KEYWORDS
mHealth; technology assessment; obesity; overweight; Delphi technique; consensus

Introduction
The prevalence of obesity and being overweight has nearly
tripled over the last 30 years and appears likely to continue
increasing in the near future [1]. Obesity and being overweight
are considered risk factors for type 2 diabetes, cardiovascular
diseases, musculoskeletal disorders, and some cancers [2]. As
several factors are known to influence being overweight and
obesity, prevention and treatment also require a multifactorial
approach. One of the main strategies used to reduce this
prevalence is the promotion of healthy habits, mainly through
diet and exercise plans, which can be reinforced with
psychological therapy and behavior change strategies [3].
Over recent years, the health sector has witnessed the
development and expansion of health-related mobile apps [4].
It has been estimated that over 325,000 health apps were on the
market in 2017 [5]. Such ubiquity can lead to an uncritical,
implicit trust in apps—apptimism [6]—however, the majority
of these apps are rarely downloaded, and their efficacy is not
always evident [7]. There has been mixed evidence on whether
mHealth apps improve long-term health and well-being [4].
While some apps have demonstrated efficacy in definitive trials,
others have performed poorly [8].
A number of studies [9-14] have attempted to identify why
health apps are not attaining their goal. Poor quality, a lack of
guidance on an app’s usefulness, and low levels of support or
lack of engagement from health professionals appear to be the
most significant factors [9]. The assessment, validation,
evaluation, and certification of health apps is a controversial
topic among various stakeholders, and some guidelines and
frameworks have already been published [10-14]; however,
there is a lack of specific instruments to accurately assess
health-related apps.
In recent years, there has been a rise in the use of apps intended
to prevent weight problems or treat adults who are overweight
or obese; these apps facilitate the tracking of physical and

http://mhealth.jmir.org/2020/7/e16899/

XSL• FO
RenderX

dietary patterns, provide recommendations and advice, or
include motivational strategies to achieve personalized goals;
however, evidence supporting the criteria used to assess the
efficacy of these apps is scarce [3,4,15].
The main objective of the EVALAPPS project is to design and
validate an instrument to assess the efficacy, safety, and potential
effectiveness of health-related apps that are intended to manage
weight and prevent obesity. A systematic review [16] to identify
efficacy criteria used in previous validation studies has been
carried out and a set of criteria were identified. These criteria,
together with those defined by recently published frameworks
for mHealth assessment, require validation and prioritization
in order for the EVALAPPS instrument to be designed.
This paper focuses on the process of reaching a consensus
among a broad group of stakeholders for a comprehensive set
of criteria to be used in the EVALAPPS assessment instrument.
First, the robustness of criteria that had been identified through
literature review was validated. Second, criteria were prioritized
using a quantitative approach based on the importance decided
by stakeholders and the level of consensus among the
stakeholders.

Methods
Study Design
A modified Delphi process was used with the domains and
criteria that had been identified in a systematic review [16] in
order to reach a consensus on criteria to be included in the
EVALAPPS assessment instrument. The Delphi process is used
to achieve expert consensus on a specific theme by voting and
providing feedback through several consultation rounds [17].
In this study, the modified Delphi process consisted of an
asynchronous online version of the original process. This
modification provided the opportunity both to include experts
from various geographical locations and to avoid the possibility
of the influence of reputation or personality on the discussion.
The methodological workflow is shown in Figure 1.
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Figure 1. Methodological workflow.

Participant Recruitment
The scientific committee of the EVALAPPS project conducted
a snowball sampling procedure to identify potential participants
for the modified Delphi process. Snowball sampling is a
nonprobability sampling technique in which existing participants
recruit from their own contacts [18]. This sampling method is
used in qualitative studies intended to reach a consensus and
when statistical significance is not required. The initial sample
for this study was selected by the research team. A total of 31
participants were selected using their profiles to ensure a
representative panel of experts according to areas of expertise
(physicians, health professionals, health managers and planners,
technical experts such as developers, information and
communication technology managers and digital entrepreneurs,
and patients) and to ensure gender and geographic diversity.
These experts were invited to participate in the modified Delphi
process via email. Those who accepted were sent an email with
a link to the round 1 survey.

Initial Dimensions and Criteria
Development of the initial set of dimensions and criteria was
based on (1) a review of criteria used by several mHealth
assessment tools that was conducted through database
searches—PubMed, PsycINFO, Scopus, Trip Medical Database,
Clinical Trials Register, and Cochrane—and complemented
with a manual search (up to May 2018) (Multimedia Appendix
1) and (2) evidence gathered by the EVALAPPS team through
a systematic review [16] to identify efficacy, safety, and
potential effectiveness criteria used to assess weight, overweight,
and obesity management in mHealth interventions.
A total of 123 criteria were identified and classified according
to purpose of the app (monitoring, treatment, or guideline),
safety and privacy, clinical effectiveness, reliability (quality of
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contents), usability, functionality (browsing), level of
development
(interoperability),
and
3
health
indicators—personal data, physical state data, and activity data
(Multimedia Appendix 2).
Based on the 123 criteria and 10 dimensions, a pilot survey was
designed by a researcher unconnected with the EVALAPPS
project. This survey was verified through an iterative (2 rounds)
internal validation process by the research team, who reviewed
the criteria and proposed corrections and clarifications. After
the internal validation process, 114 criteria were selected for
the Delphi process—3 in purpose of the app, 24 in safety and
privacy, 11 in clinical effectiveness, 8 in reliability, 17 in
usability, 9 in functionality, 5 in level of development, 6 in
personal data, 15 in physical state data, and 16 in activity data
(Multimedia Appendix 3).

Round 1
The first round of the modified Delphi took place from April
14, 2018 to April 21, 2018. The 31 experts that had been selected
received an email with information about the project, the
objectives of the modified Delphi, and a link to the survey.
The survey was created using Google Forms and contained (1)
a questionnaire to gather sociodemographic data about
participants (age, gender, professional profile, and degree of
expertise in mHealth) and (2) the set of criteria. Criteria were
presented clustered by dimensions (Figure 2). Each criterion
was polled according to its relevance using a 6-point Likert
scale with extremes labeled (0, “I suggest this criterion is
excluded”; 5, “This criterion is extremely relevant”). The Google
Form included an open-ended blank space at the end of each
dimension in which experts could post comments, provide
additional information (eg, propose new criteria), and make
clarifications. A reminder was sent 2 days before the deadline
to those who had not completed the survey.
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Figure 2. Screen capture of the online survey for round 1.

Between Rounds

Forms and was distributed to the same experts (n=31) (Figure
3).

Data obtained in round 1 were collected and analyzed. The
participation percentage was calculated and a descriptive
analysis of the sample of experts was performed. For each
criterion, the mean, standard deviation, median, interquartile
range, and relative interquartile range of the ratings were
calculated. SPSS software (version 21.0; IBM Corp) was used
for statistical analysis. A criterion was accepted if the median
sample rating was 4 or higher and the relative interquartile range
was 0.67 or lower. Summaries of open-ended answers, including
suggestions for changes or additional criteria, were presented
to the research team before round 2.

The criteria that were discarded in round 1 were presented by
dimension. Participants were asked whether they agreed or
disagreed with the mean value obtained in round 1 for those
criteria. If they disagreed, they were requested to provide a value
for the criterion (using the same 6-point Likert scale as in round
1) and their reasoning (open-ended answer). No
sociodemographic data were collected in this survey. A gentle
reminder was sent 2 days before the deadline to those who had
not completed the survey.

The criteria that did not reach the set agreement level were
included in a second round of the modified Delphi process. A
new survey was designed with the objective of determining the
validity of these criteria. Results obtained in round 1 were shared
with experts via email, along with a link to the round 2 survey.

For each criterion, the mean, standard deviation, median,
interquartile range, relative interquartile range, and also the
relative frequency (number of responses that agreed with the
round 1 mean/total number of responses) of the ratings were
calculated for round 2. A criterion was accepted if the relative
frequency of response was equal or greater than 80%. The
research team then reviewed all open-ended answers.

Round 2
Round 2 of the modified Delphi was carried out from May 5,
2018 to May 14, 2018. The survey was created using Google
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Figure 3. Screen capture of the online survey for round 2.

Prioritization
The scores obtained in round 1 were used to prioritize the
criteria. Crucial criteria were defined in accordance with Ruiz
Olabuénaga et al [19]. Criteria were plotted on a dispersion
diagram by (1) the importance and (2) by the level of consensus
and were classified as crucial, critical, circumstantial, marginal,
or irrelevant according to their position with respect to quadrants
defined by importance and level of consensus thresholds,
respectively: (1) a mean rating of 4.00 or higher and (2) a level
of consensus of at least 80% (ie, at least 80% rated the criteria
as either 4 or 5).

Ethics
The EVALAPPS project was approved by the ethics committee
of the Universitat Oberta de Catalunya. An informed consent
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statement including a brief description of the project and the
conditions of participation (voluntary participation,
confidentiality, and data privacy) was provided for participants
to sign prior to participation in each round.

Results
Expert Panel
Of the 31 experts invited to participate, 26 accepted (83.9%
response rate) in round 1 and 28 accepted (90.3% response rate)
in round 2. Round 1 respondents ranged in age from 31 to 70
years; 66.7% (17/26) were men and 33.3% (9/26) were women.
Most participants were clinicians (16/26, 61.5%), followed by
researchers (3/26, 11.5%). Most respondents in round 1 (17/26,
65.3%) identified themselves as expert or very expert (4 or 5)
with respect to mHealth apps.
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Table 1. Expert panel round 1.
Characteristics

Respondents (n=26), n (%)

Gender
Male

17 (66.7)

Female

9 (33.3)

<20

0 (0.0)

20-30

0 (0.0)

31-40

7 (26.9)

41-50

8 (30.8)

51-60

7 (26.9)

61-70

4 (15.4)

>70

0 (0.0)

Age

Respondent profile
Clinicians

16 (61.5)

University or research centers

3 (11.5)

Technology-related position

2 (7.7)

Consultant

2 (7.7)

Othera

3 (11.5)

Self-reported knowledge of health apps

a

1 (low)

1 (3.8)

2

3 (11.5)

3

5 (19.2)

4

14 (53.8)

5 (very expert)

3 (11.5)

Included 1 expert from an insurance enterprise, 1 person working in a government institution, and 1 retired civil servant.

Round 1
Round 1 voting included 114 potential criteria of which 105
(92.1%) were deemed sufficiently relevant to be included
(according to the inclusion thresholds) and 9 (7.9%) whose
relevance were considered doubtful. Table 2 shows which
criteria did not meet the importance or level of consensus
inclusion thresholds during round 1. Respondents (11/26, 42.3%)
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provided additional comments, observations, and clarifications
to the criteria during the round 1. In addition to the open-ended
answers, 6 respondents (19%) also suggested additional criteria.
The proposed criteria included use of inclusive language,
information about risk factors, information about emotional
well-being, ability to record diet type (vegan, Mediterranean,
etc), functionality to export data in an open format, and
distinction between use for kids or adolescents and adults.
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Table 2. Criteria whose ratings did not reach the inclusion thresholds in round 1.
Dimension and criteria

Mean (SD)

Median (IQR)

Relative IQR

2.5 (1.45)

3 (2)

0.67

3.2 (1.02)

3 (1)

0.33

Does the app avoid the use of logos or other elements that may lead to a conflict of interest? 3.0 (1.46)

3 (2)

0.67

Security and privacy
Are cookies added to the device?
Clinical effectiveness
Does the app appear valued with at least a reasonable value in the app store, website,
etc)?

Usability
Does the app provide information about long-term use?

3.3 (1.08)

3 (1)

0.33

Does the app inform users about possible malfunctions?

3.4 (1.17)

3 (1)

0.33

Does the app include use options for left-handed people?

2.8 (1.43)

3 (2)

0.67

2.5 (1.33)

3 (2)

0.67

3.3 (1.35)

3 (2)

0.67

In the event that the app contains options to record the height of the user, can it be done
progressively over time?

2.8 (1.77)

3 (3)

1.00

Does the app contain options to record the user’s resting pulse?

3.3 (1.57)

3.5 (3)

0.86

Does the app contain options to record the user's consumption of other toxins?

3.3 (1.65)

4 (3)

0.75

Does the app contain options for recording the quality of the user's sleep?

3.2 (1.26)

3 (2)

0.67

Functionality
Does the app always need to use an active internet connection?
Personal dataa
Does the app contain options to record the user's family health history?
Physical state dataa

Activity dataa

a

These dimensions are health indicators.

Round 2
Participants were asked to rerate the 9 criteria whose initial
ratings did not reach the inclusion thresholds in round 1 (Table
2). Of the 7 criteria, 2 were included as a result of round
2—“Does the app contain options for recording the quality of
the user's sleep?” and “Does the app contain options to register
substance abuse?”; the others were rejected with each receiving
an opinion from at least one expert about why it should be
rejected. A third round of voting was not required.

Priority Criteria
A total of 63 criteria were obtained based on importance (mean
rating≥4.00), and a total of 56 criteria were obtained based on
level of consensus (at least 80% of ratings≥4). Using either
prioritization strategy, these criteria included 14 in the safety
and privacy dimension (importance: 14/63, 22.2%; level of
consensus: 14/56, 25.0%) and 9 in the usability dimension
(importance: 9/63, 14.3.2%; level of consensus: 9/56, 16.0%).
When using importance, criteria in activity data (7/63, 11.1%),
physical state data (7/63, 11.1%), and reliability (7/63, 11.1%)
dimensions were also prioritized, and when using level of
consensus, clinical effectiveness (6/56, 10.7%) was prioritized
(Table 3).
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The top 10 criteria are presented prioritized according to
importance (Table 4) and level of consensus (Table 5). Two
criteria were found to be high priorities using both methods of
prioritization: “Are health recommendations offered by the app
based on data collected in accordance with scientific evidence?”
(importance: mean 4.77, SD 0.51; level of consensus: 25/26,
96.2%) and “Does the app correctly manage access to personal
information through prior approval by the user?” (importance:
mean 4.62, SD 0.50; level of consensus: 26/26, 100%). “At the
request of the owner, can the supplier delete the app and any
related data in the tracking system and documentation of access
to the data to avoid any unauthorized access to personal data?”
was the only other criteria to have unanimous consensus (26/26,
100%). The dimension with the most criteria prioritized in the
top 10 was safety and privacy (importance: 3 criteria; level of
consensus: 4 criteria).
When criteria were plotted on a dispersion diagram (Figure 4),
there were 53 criteria classified as crucial (Multimedia Appendix
3), mostly from the safety and privacy (13/53, 24.5%) and
usability (9/53, 17.0%) dimensions. Dimensions maintained the
same proportion of criteria after prioritization (Table 3).
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Table 3. Number and percentage of criteria (by dimension) that were prioritized with each strategy.
Dimensions

Criteria, n (%)

Importance, n (%)

Consensus, n (%)

Crucial, n (%)

All

114 (100)

63 (100)

56 (100)

53 (100)

Purpose of the app

3 (2.6)

3 (4.8)

3 (5.4)

3 (5.7)

Safety and privacy

24 (21.1)

14 (22.2)

14 (25.0)

13 (24.5)

Clinical effectiveness

11 (9.6)

5 (7.9)

6 (10.7)

5 (9.4)

Reliability

8 (7.0)

7 (11.1)

5 (8.9)

5 (9.4)

Usability

17 (14.9)

9 (14.3)

9 (16.0)

9 (17.0)

Functionality

9 (7.9)

3 (4.8)

3 (5.4)

3 (5.7)

Level of development

5 (4.4)

4 (6.3)

4 (7.1)

4 (7.5)

Health indicator: personal data

6 (5.3)

4 (6.3)

2 (3.6)

2 (3.8)

Health indicator: physical state data

15 (13.2)

7 (11.1)

4 (7.1)

4 (7.5)

Health indicator: activity data

16 (14.0)

7 (11.1)

6 (10.7)

5 (9.4)

Table 4. The top 10 criteria according to importance.
Criteria

Dimension

Rating, mean (SD)

Are health recommendations offered by the app based on data collected in accordance with Clinical effectiveness
scientific evidence?

4.77 (0.51)

Is the app available on iOS and Android?

Level of development

4.69 (0.68)

Does the defined purpose of the app correspond to what it actually does?

Purpose of the app

4.65 (0.56)

Does the app correctly manage access to personal information through prior approval by the Safety and privacy
user?

4.62 (0.50)

Does the app clearly describe its purpose?

Purpose of the app

4.58 (0.58)

Does the app have a friendly and intuitive interface?

Usability

4.58 (0.58)

Is the app easy to use?

Functionality

4.58 (0.58)

Does the app have a privacy policy?

Safety and privacy

4.54 (0.58)

Is the content of the app correct, well written and relevant to the objective?

Reliability

4.54 (0.58)

Can the user choose not to participate in data transfer?

Safety and privacy

4.50 (1.03)

Dimension

Ratings≥4 (n=26), n (%)

Table 5. The top 10 criteria according to level of consensus.
Criteria

Does the app correctly manage access to personal information through prior approval by the Safety and privacy
user?

(26) 100

At the request of the owner, can the supplier delete the app and any related data in the
tracking system and documentation of access to the data to avoid any unauthorized access
to personal data?

Safety and privacy

(26) 100

Does the defined purpose of the app correspond to what it actually does?

Purpose of the app

(25) 96.2

Does the app have a privacy policy?

Safety and privacy

(25) 96.2

Can the user choose not to participate in data transfer?

Safety and privacy

(25) 96.2

Are health recommendations offered by the app based on data collected in accordance with Clinical effectiveness
scientific evidence?

(25) 96.2

Is the content of the app correct, well written and relevant to the objective?

Reliability

(25) 96.2

Does the app have a friendly and intuitive interface?

Usability

(25) 96.2

Is the app easy to use?

Functionality

(25) 96.2

Is the app available on iOS and Android?

Level of development

(25) 96.2
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Figure 4. Criteria categorization according to their importance and level of consensus.

Discussion
Principal Findings
The EVALAPPS project was established to design and validate
an instrument for assessing the efficacy, security, and potential
effectiveness of mHealth apps intended to prevent and manage
overweight conditions and obesity. The aim of this paper was
to achieve consensus among a broad group of Spanish
stakeholders on a comprehensive set of criteria, which will be
used to guide development of the EVALAPPS assessment
instrument. The criteria identified here were not only based on
those found in literature, but have also been approved by major
stakeholders, such as clinicians and app developers, using a
modified Delphi process. The Delphi process was considered
the most appropriate method for gathering information from
experts in diverse locations in a valid and robust manner, while
also avoiding individual influence and dominance. After 2
rounds and in combination with a statistical approach, the Delphi
process both confirmed the robustness of the criteria that were
identified (107/114, 94% of the criteria reached the consensus
level) and generated a list of 53 criteria that were considered
crucial for the EVALAPPS evaluation instrument (Multimedia
Appendix 3). These criteria were largely from the security and
privacy, usability, activity data (a health indicator), clinical
effectiveness, and reliability dimensions.
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Comparison With Other Studies
There have been several initiatives that have evaluated or
certified health apps, in general, and thematic apps, in particular
(such as nutrition or mental health–related apps).
In 2016, the World Health Organization mHealth Technical
Evidence Review Group published a mobile health evidence
reporting and assessment checklist [20] which included 16 items:
infrastructure, technology platform, interoperability, intervention
delivery, intervention content, usability testing, user feedback,
access of individual participants, cost assessment, adoption
inputs, limitations for delivery at scale, contextual adaptability,
replicability, data security, compliance with national guidelines
or regulatory statutes, and fidelity of the intervention. The
National Health System of the United Kingdom [21] has also
recently published a set of criteria for health app assessment,
grouped in the following domains: evidence of effectiveness,
regulatory approval, clinical safety, privacy and confidentiality,
security, usability and accessibility, interoperability, and
technical stability. The Royal College of Physicians in the
United Kingdom has published a checklist relating to health
app assessment [22] that considers 3 main questions: “Who
developed the app and what’s inside it?”; “How well does the
app work?”; and “Is there any evidence that the app does
actually alleviate the problem?” In 2015, Stoyanov et al [23]
published the Mobile App Rating Scale for the evaluation of
health apps in general. Mobile App Rating Scale includes 23
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16899 | p.591
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criteria grouped in several domains: app quality, engagement,
functionality, aesthetics, information, and app subjective quality.
The Mobile App Rating Scale also supplies optional items that
can be modified to assess knowledge, attitudes, and intention
to change, but these are not included in the main Mobile App
Rating Scale scoring system.
There are other assessment initiatives focused on specific
thematic apps. For instance, in 2017, DiFilippo et al [24]
published the Nutrition App Quality Evaluation tool to evaluate
nutrition-related apps. The Nutrition App Quality Evaluation
includes a set of 25 items grouped in 5 blocks: app purpose,
behavior change, knowledge and skill development, app
functionality, adding information about the app, and the user.
The Nutrition App Quality Evaluation includes 5 additional
items to assess app appropriateness for different age groups and
4 additional items to assess apps for specific audiences. For
mental health apps, the American Psychiatric Association [25]
has proposed an app evaluation model based on 5 steps: gather
information, risk/privacy and security, evidence, ease of use,
and interoperability.
It is worth noting that the domains and criteria common to most
of these initiatives largely relate to information about the app
and the target users, content of the intervention, evidence,
technological issues, privacy and security, interoperability and
usability, and user experience–related issues. These criteria are
aligned with domains proposed by international evaluation
initiatives such as the European Network on Health Technology
Assessment and its core model for the evaluation of health
technology [26].
The criteria subjected to the Delphi process were those used in
the initiatives and assessment models above, thus the final set
of criteria for EVALAPPS aligns with current scholarship in
the field. App quality, in terms of ensuring the security and
privacy of user data (13/53, 24.5%) and usability (9/53, 17.0%),
was considered of higher importance than clinical aspects, both
in the literature review and by our professional panel. These
results are surprising considering that clinicians formed the
majority of the expert panel. Several authors have pointed out
that assessing the clinical aspects of health apps is an immense
challenge and at times this aspect is not considered or not
sufficiently assessed [27]. This could be attributed to several
factors, such as lack of a systematic assessment process for
evaluating clinical aspects of health apps [27] and the fact that
traditional methodologies for demonstrating clinical efficacy
are inadequate in the constantly changing and evolving field of
mHealth [28], in which technology and research develop
independently [29]. Future challenges include the development
of new assessment strategies for demonstrating clinical efficacy
and achieving a balance in evaluation protocols between the

Robles et al
potential effectiveness of health apps and technology-related
aspects, such as usability and security.
Finally, this study revealed the relevance of a new
dimension—health information collected by the app—which
represented 20.7% of the final criteria set. To our knowledge,
this is the first model to include criteria specifically for assessing
the management of obesity and overweight conditions using
mobile tools.

Strengths and Limitations
Criteria were developed through a comprehensive review of
evidence and consultation with a diverse expert panel using the
Delphi process. A systematic literature review on domains and
criteria to be included in the tool contributed to the study’s
validity, as did the iterative study design and the pilot survey.
In fact, the iterative process of this study is one of its main
strengths. In addition, open-ended answers were included in
each section, thereby enabling experts to provide comments on
included criteria or provide new criteria for consideration.
Validity was also enhanced by including several types of profiles
on the expert panel. This ensured the criteria that were approved
were relevant and generalizable.
The Delphi process itself has some limitations. Based on the
participation of a small number of experts, the Delphi process
can be affected by research questions and panel configuration
[30,31]. Respondents from our panel included 26 experts, mainly
with clinical profiles. Due to the backgrounds of the experts
invited to participate, some criteria may not have been properly
addressed, for instance, health professionals may not have
expertise on technology privacy and security issues. The
majority of experts were from Catalonia, one of the 17 regions
of Spain. As the Spanish Health System is organized at the
regional level with each autonomous community health system
having its own priorities, this panel does not fully guarantee the
external validity of results. Finally, this study did not include
face-to-face meetings with respondents to discuss ratings, to
investigate areas of disagreements, or to gain more in-depth
insight.

Future Actions and Conclusions
The findings of this study are important for both professionals
and weight management–related technology users. The criteria
agreed upon will be included in the EVALAPPS assessment
instrument. Future measures include a cocreation session on
the appearance and presentation of this instrument. This will
be undertaken by the research team and technology experts,
who will discuss such aspects as whether the tool should be in
a web or app format and what components will be included.
The instrument will then be piloted on various weight control
apps. The findings of this study contribute to the literature on
both mHealth evaluation and weight management apps.
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Abstract
Background: Consumer food environments are increasingly being recognized as influential determinants of food purchasing
and subsequent intake and health. We developed a tool to enable efficient, but relatively comprehensive, appraisal of the in-store
food environment. The Store Scout mobile app facilitates the evaluation of product (availability and range), placement (visibility,
accessibility, proximity to high-traffic areas, and location relative to other products), price (price promotion), and promotion
(displays and advertising) across 7 categories of food products, with appraisal given immediately as scores (0-100, where a higher
score is more in line with best practice). Primary end users are public health nutritionists and nutritionists employed by store
organizations; however, store managers and staff are also potential end users.
Objective: This study aims to evaluate the reliability (interrater reliability and internal consistency), utility (distribution of
scores), and construct validity (score by store type) of measurements using the Store Scout mobile app.
Methods: The Store Scout mobile app was used independently by 2 surveyors to evaluate the store environment in 54 stores:
34 metropolitan stores (9 small and 11 large supermarkets, 10 convenience stores, and 4 petrol stations) in Brisbane, Australia,
and 20 remote stores (19 small supermarkets and 1 petrol station) in Indigenous Australian communities in Northern Australia.
The agreement between surveyors in the overall and category scores was evaluated using intraclass correlation coefficients (ICCs).
Interrater reliability of measurement items was assessed using percentage agreement and the Gwet agreement coefficient (AC).
Internal consistency was assessed by comparing the responses of items measuring similar aspects of the store environment. We
examined the distribution of score values using boxplots and differences by store type using the Kruskal-Wallis test.
Results: The median difference in the overall score between surveyors was 4.4 (range 0.0-11.1), with an ICC of 0.954 (95%
CI 0.914-0.975). Most measurement items had very good (n=74/196, 37.8%) or good (n=81/196, 41.3%) interrater reliability
using the Gwet AC. A minimal inconsistency of measurement was found. Overall scores ranged from 19.2 to 81.6. There was a
significant difference in score by store type (P<.001). Large Brisbane supermarkets scored highest (median 77.4, range 53.2-81.6),
whereas small Brisbane supermarkets (median 63.9, range 41.0-71.3) and small remote supermarkets (median 63.8, range
56.5-74.9) scored significantly higher than Brisbane petrol stations (median 33.1, range 19.2-37.8) and convenience stores (median
39.0, range 22.4-63.8).
Conclusions: These findings suggest good reliability and internal consistency of food environment measurements using the
Store Scout mobile app. We identified specific aspects that can be improved to further increase the reliability of this tool. We
found a good distribution of score values and evidence that scoring could capture differences by store type in line with previous
evidence, which gives an indication of construct validity. The Store Scout mobile app shows promise in its capability to measure
and track the health-enabling characteristics of store environments.
(JMIR Mhealth Uhealth 2020;8(7):e16971) doi:10.2196/16971
https://mhealth.jmir.org/2020/7/e16971
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Introduction

Methods

Background

Study Sample

An unhealthy diet is one of the leading risk factors for
noncommunicable diseases, which are now the leading cause
of preventable death worldwide [1]. Consumer food retail
environments are increasingly being recognized as influential
determinants of food purchasing, diet quality, and health
outcomes [2-6]. They not only determine the type of foods
consumers can access and the convenience and the cost of
accessing them but can also influence the appeal of these foods
[1]. Health-enabling food environments are those that make
healthy diets available, affordable, accessible, and appealing
[1].

The Store Scout app was used to evaluate the store environment
in 2 samples: (1) 20 remote indigenous community stores in the
Northern Territory and Northern Queensland, Australia, as part
of the Healthy Stores 2020 study (ACTRN12618001588280)
[9]; and (2) 34 metropolitan stores in Brisbane, the capital city
of Queensland, Australia (including supermarkets, convenience
stores, and petrol stations), prioritizing those in the most
disadvantaged areas of Brisbane for better comparability with
the remote sample. The Australian Bureau of Statistics 2016
Index of Relative Socio-economic Advantage and Disadvantage
(IRSAD), an ordinal index score derived from social and
economic variables from the 2016 national Australian census
(eg, income, employment status, education level, disability and
health conditions, and household overcrowding [10]), was used
to identify Brisbane suburbs (statistical area level 2) with the
highest levels of disadvantage (lowest IRSAD score [11]).

We developed a mobile app, Store Scout, to support rapid
appraisal of the in-store food environment, drawing from a
review of existing tools for assessing the healthiness of food
environments, evidence for best practice (for healthy food supply
or diet), stakeholder consultation, and pilot testing [7]. This tool
was initially developed as a paper-based instrument for use in
remote stores in Australian Aboriginal and Torres Strait Islander
communities [7]. We found the paper version of the tool to be
suitable for use outside this setting when pilot testing in
nonremote stores in Brisbane (the capital city of Queensland,
Australia) and Darwin (the capital city of the Northern Territory,
Australia). During pilot testing, we found that retailers in both
remote and nonremote samples were frequently interested in
feedback on the results of their store. The current mobile app
version of this tool enables immediate appraisal of the store
environment against best practice (as scores), which may be an
effective mechanism for communicating with decision makers
to support the implementation and monitoring of health-enabling
food environments [7]. Primary end users are public health
nutritionists and nutritionists employed by store organizations;
however, store managers and staff also identified as potential
end users during stakeholder consultation [7].

Objectives
This study aims to evaluate interrater reliability (of measurement
items and scores), internal consistency, utility of scoring, and
construct validity (scores by type of store) of measurements
taken using the Store Scout app. Establishing the interrater
reliability of store environment measurements is important to
ensure consistency of measurements between different raters
[8]. Measurement of internal consistency can also be used to
assess the reliability of a measurement; however, it is reported
for only 3.5% of studies evaluating store environment
measurements using psychometric measures (whereas 16.7%
report interrater reliability) [3]. Examining the distribution of
scores and variation by store type will be useful in exploring
the utility of the scoring system in distinguishing between store
environments. Furthermore, we can examine if differences by
store type are in line with other evidence as an assessment of
construct validity (the extent to which the measure is related to
other constructs in an expected way [3]).
https://mhealth.jmir.org/2020/7/e16971
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Approximately 19% of Aboriginal and Torres Strait Islander
peoples live in remote or very remote areas of Australia in small
towns, commonly referred to as communities and/or homelands
[12]. These communities vary in size, with most having less
than 1000 people. In remote and very remote Aboriginal and
Torres Strait Islander communities, most food is sourced from
the local community retail store [13]. These stores are smallto medium-sized retail businesses that sell a wide range of food
products as well as other household items, and therefore, they
can be classified as (small or medium) supermarkets. The
Healthy Store 2020 study was conducted in collaboration with
the Arnhem Land Progress Aboriginal Corporation (ALPA),
one of the largest remote retail store organizations and
employers of Aboriginal and Torres Strait Islander people in
Australia. This study included 20 stores in remote communities
in the Northern Territory and in the Torres Strait Island and
Cape York regions of far north Queensland. These communities
had a median population of 740 (range 220-2560), and a median
93% of the population identified as Aboriginal or Torres Strait
Islander (range 69%-97%) [12]. Further details of this study,
which examined the effectiveness of a merchandising strategy
to reduce discretionary food purchasing, are available in the
study protocol [9].
Brisbane is the capital city of Queensland, Australia, and the
third most populous city in Australia. We aimed for a sample
of 30 to 50 Brisbane food stores. Food stores were identified in
each suburb using web-based maps and business listings,
beginning with the most disadvantaged suburb (lowest ISRAD
score [11]) and continuing through the suburbs (in order of
ascending ISRAD score) until at least 50 stores that appeared
to meet the inclusion criteria were identified. The inclusion
criteria were Brisbane stores likely to sell foods from all the
five food groups as defined by the Australian dietary guidelines
(fruit; vegetables; dairy; meat, fish and eggs; and breads and
cereals [14]) and a range of both ready-to-eat and
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non–ready-to-eat food items (including supermarkets,
convenience stores, and some petrol stations and excluding
cafes and restaurants that usually sell only ready-to-eat items).
Exclusion criteria were stores that were not easily accessible
by car (required boat access and >1-hour travel time from central
Brisbane), in areas surveyed during paper tool development
(South Brisbane areas), and specialty food stores.

or for a no response for practices likely to encourage purchases
of unhealthy (or less healthy) products (eg, Lollies
[confectionery], chocolate & chips at or near checkouts). Scores
(range 0-100, a higher score indicates a more health-enabling
store) are calculated for each category as a percentage of total
possible points averaged across the 7 categories to give an
overall score.

Using these methods, 50 stores from 10 suburbs in North, East,
and West Brisbane were identified. No stores were in the
inner-city suburbs (because of these having lower IRSAD
scores; ie, less disadvantage). All 50 stores were visited,
although 3 were found to be closed (permanently), 2 did not
meet the inclusion criteria (1 store had been converted to a café
and 1 store sold spices only), and in 1 store, surveyors reported
that the app was not loading. Of the remaining 44 eligible stores,
34 provided verbal consent and 10 did not provide consent (no
one available with the appropriate authority to consent or
language barrier), giving a 77% participation rate.

Data are transferred to a web-based portal once the user connects
to the internet. The web-based portal was under development
during this study, and there were intermittent issues with data
loss during transfer. Where these issues were known ahead of
time, screenshots of completed data screens were taken as
backup, and data were entered manually; however, some data
were missing despite this (Multimedia Appendix 1). Category
scores and overall scores were calculated (as described earlier)
only for complete data (ie, where there were no missing data).

Although the 34 Brisbane stores surveyed were in some of the
most disadvantaged suburbs of Brisbane, these areas were less
disadvantaged relative to the areas the remote stores were
located. Of the 20 remote stores, 19 were in the first decile (most
disadvantaged) areas of Australia, whereas most Brisbane stores
were in the fifth (23/34) and sixth (9/34) deciles (as reported
by the Australian Bureau of Statistics deciles of the 2016 ISRAD
by statistical area level 2 [11]). The remaining 2 Brisbane stores
were in the third and fourth deciles, whereas the remaining
remote store was in the third decile [11].

Data Collection
The Store Scout app includes measurement items across 7
sections, one for each of the 7 food and drink categories with
questions related to product (availability and product range),
placement (visibility, accessibility, proximity to high-traffic
areas, and location relative to other products), price (price
promotion), and promotion (displays, advertising, or activity)
for types of products in each category, including healthier and
less healthy options. Definitions related to product type or store
environment elements are provided in the tooltips for each
measurement item. Healthiness definitions used nutrient criteria
(eg, >15 g fiber per 100 g) or descriptive terms (eg, lean meat)
based on other nutrition resources or guidelines used in Australia
[14-16]. There is an additional section of store manager
questions and suggested strategies, but these do not affect
scoring and were not collected in this study.
Store Scout scoring is calculated from up to 199 yes or no
measurement items, each of which is worth 1 possible point.
As 6 scoring measurement items are hidden if the response to
a previous measurement item was no, there are up to 193 to 199
possible points across the 7 categories (breads and cereals: 20,
dairy and eggs: 29, drinks: 28, fruits and vegetables: 30, meals
and convenience foods: 24-30, meat and seafood: 21, and snack
foods: 41). Practices related to both healthy products and
unhealthy (or less healthy) products contribute to scoring. A
point is awarded for a yes response to practices likely to
encourage purchases of healthy products (eg Fresh fruit at or
near checkout) or discourage purchases of unhealthy or less
healthy products (eg Limited shelf space for unhealthy products)
https://mhealth.jmir.org/2020/7/e16971
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A total of 68 surveys were conducted in 34 Brisbane food stores
in April 2018. In each store, 2 surveyors with nutrition expertise
(final year Bachelor of Nutrition and Dietetics students) who
had no previous experience with the Store Scout tool before
this project used the Store Scout app to simultaneously, but
independently, measure the in-store environment. Data
collection occurred in 2 stages. Initially, surveyors were given
training only on the basics of how to use the app. After 17 stores
had been surveyed (stage 1), the surveyors and 2 members of
the research team discussed specific questions where agreement
was lowest to inform training materials and identify where
tooltips could be improved. This discussion mostly related to
differences in inclusion or exclusion of products into the specific
categories (especially for meals and convenience foods);
classification of products as healthy or less healthy; definition
of promotional materials; and definitions of key terms such as
high traffic areas, convenience meal, and limited range. The 2
surveyors then surveyed the remaining 17 stores (stage 2).
Surveyors were asked to count the number of registers as a
surrogate for store size.
In the remote store sample, measurement of the store
environment using the Store Scout app occurred between
September 2018 and May 2019 at the end of each study period:
baseline, intervention, and postintervention. Measurements were
taken by a single surveyor except for at the end of the
intervention period (November 2018 to December 2018), where
2 surveyors independently measured the store environment to
enable the assessment of interrater reliability. Surveyors
included members of the research team and public health
nutritionists, most of whom had no previous experience in using
the tool besides a short (approximately 30-60 min) training
session.
This project was granted ethics approval by the Top End Human
Research Ethics Committee (HREC 2017-2820 and
HREC-2018-3048) and the Far North Queensland Human
Research Ethics Committee (HREC-18-QCH-23-1211).

Statistical Analysis
We assessed interrater reliability (of measurement items and
scores), internal consistency, utility of scoring, and construct
validity (scores by store type). The data included depended on
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the aim of the analysis and unit of analysis (Multimedia
Appendix 2). All analyses were performed using Stata Statistical
Software, version 16.0 (StataCorp) [17].
We assessed the interrater reliability of the 196 core (always
shown) yes or no measurement items using percentage
agreement and the Gwet agreement coefficient (AC) [18]. We
also reported kappa statistics for comparability with other tools,
although these are less suitable because of their dependence on
the homogeneity of marginal distributions [8,19,20]. Coefficients
were interpreted using the following cutoffs: slight or poor
(<0.2), fair (0.21-0.4), moderate (0.41-0.6), good (0.61-0.8),
and very good (0.81-1) [21].
We assessed the interrater reliability of scores (overall and by
category) using intraclass correlation coefficients (ICCs) and
median and range of the difference between scores (as the
difference between scores was not normally distributed). The
ICC model and estimates and their 95% CIs were calculated
using a one-way random effects model based on an individual
rater, as recommended in the guideline by Koo and Li [22] for
reliability experiments where subjects are assessed using
different sets of raters and the measurement will be taken by a
single rater in usual practice (ie, outside of a reliability
experiment). ICC values were interpreted using the following
cutoffs: poor (<0.5), moderate (0.5-0.75), good (0.75-0.9), and
excellent (>0.90) [22].
We did not examine interrater reliability by surveyor group or
sample because of the reduced sample size and differential
variance in these groups. Instead, we examined the level of
agreement between surveyors overall (combined sample) and
in each surveyor group or level of training (Brisbane stage 1,
Brisbane stage 2, and remote stores) as percentage agreement
across all measurement items and median and range of the
difference between scores (as the difference between scores
was not normally distributed).

Internal consistency was assessed on all surveys collected by
comparing responses to related measurement items, classified
as higher-order items (eg, “Is there promotional material or
activity for healthier breads and cereals?”) and more specific
follow-up items (eg, “Does the promotion stand out?”). Surveys
where responses to both measurement items were yes or no were
considered internally consistent. Surveys where there was a no
response to the higher-order measurement item but a yes
response to the more specific follow-up item were inconsistent.
Cases where there was a yes response to the higher-order item
and a no response to the more specific item were excluded (as
it was not possible to assess the consistency of these). Internal
consistency was calculated as the percentage of surveys where
responses were consistent.
We examined the extent to which Store Scout scores resulted
in a distribution of values using boxplots (of scores where an
average of the 2 values was used if collected by more than one
surveyor).
Difference by store type was evaluated using the Kruskal-Wallis
equality-of-populations rank test with Dunn pairwise comparison
of scores and correction for multiple comparisons
(Holm-Bonferroni). It was expected that petrol stations and
convenience stores would score lower than supermarkets [23].

Results
Store Characteristics
Table 1 shows the types of stores surveyed in each sample. A
cutoff of ≤5 registers was used to classify Brisbane supermarkets
as small or large to enable comparison with remote stores, which
had 1-4 registers in each store. The remote store that functioned
primarily as a petrol station was excluded from the analysis of
score by store type.

Table 1. Store characteristics.
n

Number of registersa, median (range)

Time taken to survey (min), median (range)

All Brisbane stores

34

3 (1-14)

25 (10-40)

Petrol stations

4

2 (1-3)

15 (10-20)

Convenience stores

10

1 (1-3)

15 (10-30)

Both small and large supermarkets

20

6 (2-14)

30 (15-40)

Small supermarkets

9

4 (2-5)

30 (15-30)

Large supermarkets

11

9 (6-14)

30 (20-40)

Both remote supermarkets and petrol stations

20

2.5 (1-4)

—b

Remote supermarkets

19

3 (1-4)

—

Petrol stations

1

2

—

Store type
Brisbane stores

Supermarkets

Remote stores

a

Excludes self-serve registers (only seen in large stores).

b

Time taken to complete the surveys was not collected in the remote sample.
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Interrater Reliability
Most measurement items had >80% agreement between
surveyors (n=129/196, 65.8%) and very good (n=74/196, 37.8%)
or good (n=81/196, 41.3%) interrater reliability using the Gwet
AC (Table 2). There were 3 measurement items that had slight
or poor interrater reliability; these combined a judgment of
healthiness (healthier or less healthy snack or healthier meals
and convenience foods) as well as a subjective judgment of
placement or range (near checkout, limited range, and same or
more space). Using kappa coefficients, most had moderate
(n=72/196, 36.7%) or good or very good (n=72/196, 36.7%)
interrater reliability. Of the 18 items with slight or poor interrater
reliability assessed by kappa coefficients, most surveyors had
>70% (n=11/18) agreement, and some surveyors had >80%
(n=5/18) agreement.
Overall, the scores had excellent interrater reliability, as
indicated by ICC (0.954; 95% CI 0.914-0.975). The ICC for
category scores indicated excellent interrater reliability for fruits
and vegetables (0.940; 95% CI 0.898-0.966); good interrater
reliability for dairy and eggs (0.881; 95% CI 0.798-0.932), meat

and seafood (0.875; 95% CI 0.791-0.926), drinks (0.799; 95%
CI 0.671-0.881), snack foods (0.784; 95% CI 0.648-0.872), and
breads and cereals (0.727; 95% CI 0.568-0.834); and moderate
interrater reliability for meals and convenience foods (0.696;
95% CI 0.517-0.817).
Overall, there was 83.20% (8584/10312) agreement across all
measurement items collected by 2 surveyors in the combined
sample. The percentage agreement increased from Brisbane
stage 1 (n=2634/3278, 80.35%) to stage 2 (n=2764/3176,
87.00%), with the greatest increase within a category being in
meal and convenience foods, likely because of clarification of
which products fell into this category. Agreement was 83.6%
in remote stores, with all categories having >80% agreement
(Multimedia Appendix 3).
The median difference in overall scores between surveyors was
4.4 in the combined sample (range 0.0-11.1), with the smallest
median difference in the remote sample (Table 3). There were
larger differences between surveyors in category scores than
overall scores.

Table 2. Store Scout measurement items by interrater reliability category (N=196).
Category

Agreement, n (%)

Gwet agreement coefficient, n (%)

Value, n (%)

Slight or poor (<0.2)

0 (0)

3 (2)

18 (9)

Fair (0.21-0.4)

0 (0)

6 (3)

34 (17)

Moderate (0.41-0.6)

3 (2)

32 (16)

72 (37)

Good (0.61-0.8)

64 (33)

81 (41)

54 (28)

Very good (0.81-1)

129 (66)

74 (38)

18 (9)

Table 3. Score difference between surveyors by category and sample.
Scorea

a

All

Brisbane stage 1

Brisbane stage 2

Healthy stores 2020

n

Median (range)

n

Median (range)

n

Median (range)

n

Median (range)

Overall

39

4.4 (0.0-11.1)

13

5.5 (0.4-11.1)

15

5.3 (0.7-8.7)

11

2.2 (0.0-6.9)

Breads and cereals

52

5.0 (0.0-45.0)

16

10.0 (0.0-45.0)

16

5.0 (0.0-15.0)

19

5.0 (0.0-30.0)

Dairy and eggs

47

6.9 (0.0-27.6)

15

6.9 (0.0-20.7)

15

3.5 (0.0-27.6)

17

6.9 (0.0-17.3)

Drinks

49

7.1 (0.0-25.0)

17

7.1 (0.0-25.0)

16

9.0 (0.0-25.0)

16

3.6 (0.0-17.9)

Fruits and vegetables

51

6.6 (0.0-20.0)

17

6.6 (0.0-16.7)

16

3.4 (0.0-20.0)

18

6.7 (0.0-20.0)

Meals and convenience

48

12.5 (0.0-41.7)

16

19.1 (0.0-41.7)

16

4.2 (0.0-24.1)

16

8.4 (0.0-33.4)

Meat and seafood

51

9.5 (0.0-38.1)

17

9.5 (0.0-28.6)

15

4.8 (0.0-38.1)

19

9.5 (0.0-23.8)

Snack foods

49

4.9 (0.0-39.0)

16

4.9 (0.0-21.9)

16

6.1 (0.0-39.0)

17

2.5 (0.0-21.9)

Scores were calculated only for complete data (ie, where there were no missing data in the category).

Internal Consistency
There was a small amount of inconsistency with some
measurement items. In Brisbane stage 1 (n=34), all measurement
items had >89% consistency, and 57% (n=20/35) of
measurement items had perfect (100%) internal consistency. In
Brisbane stage 2 (n=33 surveys), all measurement items had
>95% consistency, and 76% (n=27/35) of measurement items
had perfect internal consistency. In the remote sample (n=79
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surveys), all measurement items had >98% consistency, and
74% (n=26/35) of measurement items had perfect internal
consistency. Multimedia Appendix 4 shows the internal
consistency percentage for each measurement item by sample.

Utility of Scoring
Figure 1 shows the distribution of overall and category scores
in the 54 stores. Overall scores ranged from 19.2 to 81.6, and
there was acceptable variation within each category.
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Figure 1. Distribution of overall and category scores for the combined sample of 54 stores.

Construct Validity
Figure 2 shows the distribution of scores by store type. There
was a significant difference in scores by store type (P<.001
using the Kruskal-Wallis test), with large Brisbane supermarkets
scoring significantly higher (median 77.4, range 53.2-81.6) than
all other types of stores, and small Brisbane supermarkets
(median 63.9, range 41.0-71.3) and remote supermarkets
(median 63.8, range 56.5-74.9) scoring significantly higher than
Brisbane convenience stores (median 39.0, range 22.4-63.8)
and Brisbane petrol stations (median 33.1, range 19.2-37.8).
After adjustment for multiple comparisons using the
Holm-Bonferroni method, the difference between small Brisbane
supermarkets and Brisbane convenience stores or petrol stations
was no longer significant (Multimedia Appendix 5).
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Multimedia Appendix 6 shows the distribution of points from
measurement items related to healthy products (n=156
measurement items) or unhealthy products (n=43 measurement
items) by store type. Although large supermarkets had the
highest points for measurement items related to healthy products
(median 136, range 73-140), they scored lowest (median 14,
range 9-33) after petrol stations (median 12, range 11-14) for
measurement items related to unhealthy products (least in line
with best practice because of more availability, prominent
placement, promotion, and/or pricing promotion of unhealthy
products). Remote supermarkets scored highest (median 21,
range 15-29) for measurement items related to unhealthy
products (most in line with best practice because of less
availability, prominent placement, promotion, and/or pricing
promotion of unhealthy products).
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Figure 2. Distribution of overall scores by store type.

Discussion
Principal Findings
We found good to very good interrater reliability of most
measurement items, high agreement between scores, and high
internal consistency of measurements when the in-store food
environment was evaluated using the Store Scout app. We found
good variation in scores across the samples, which include a
variety of types of stores, including petrol stations, convenience
stores, supermarkets, and remote stores, and evidence that the
scoring system could capture differences by type of store in line
with previous evidence, providing evidence of construct validity.
We found excellent interrater reliability of overall scores and
good to excellent interrater reliability for all category scores,
except meals and convenience foods scores, which had moderate
interrater reliability. Although the median difference between
surveyors in the overall score was acceptable (4.4), the median
difference for category scores was larger. This is because of the
number of measurement items contributing to category scores
(20-41 depending on category) versus overall score (193-199),
meaning that a difference between surveyors in one
measurement item would mean a 2.4%-5% difference in
category scores but a 0.3%-0.7% difference in the overall score.
This means that overall scores are more reliable than category
scores when looking at change (within store) or difference
(between stores) with different surveyors.
There were 3 measurement items with slight or poor interrater
reliability, as assessed by the Gwet AC. These measurement
items required the surveyor to make judgments about placement
or product range of healthier or less healthy products. It is likely
that the reliability of some measurement items could be
improved by more specific guiding definitions; for example, at
or near checkout may be better defined by a perimeter that
would be considered near, and limited range with a guideline
of how many products or product facings this would be.
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Assessing if there is greater shelf space dedicated to healthier
versus less healthy products is probably one of the more difficult
items for surveyors, especially as it often requires assessing the
healthfulness of every item in the category, sometimes needing
to check the nutritional information, and it can be difficult to
estimate space allocation when products are often found in
numerous areas of a store. In this case, it may be better to
instruct surveyors to focus on the primary area where the product
is located. It is likely that the interrater reliability of
measurement items will be strengthened by minimizing the
subjectivity of measurement items.
We found perfect internal consistency (no identified
inconsistency) for most measurement items where this could
be assessed. Measurement items where a small degree of
inconsistency was observed tended to have less specific wording
regarding the product type that was assessed. These mostly had
wording such as healthier option rather than the specific product
type (which is listed in a header above the measurement items)
and were examining a specific product type within the
higher-order food group category. For example, the healthier
option easy to find was related to healthier sweet biscuits and
cakes, but the surveyor may have answered this more broadly
(for any healthier option in the snack foods category). Modifying
this to healthier sweet biscuits or cakes easy to find may make
this clearer.
We found an increase in agreement and internal consistency
from Brisbane stage 1 to Brisbane stage 2. In Brisbane stage 1,
surveyors had no specific training or preexisting familiarity
with the tool and did not have previous experience in retail food
environment research but still achieved an 80% agreement rate.
After discussing some key definitions (stage 2), this was
increased to 87%. These discussions led to improvements in
definitions in the app to reduce ambiguity (mostly related to
categorization of products in categories and as healthy or
unhealthy options), and learning was incorporated into the
training of surveyors before data collection in the remote stores.
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Surveyors in the remote store sample were similar to those who
would use the tool in practice in terms of having experience in
retail food environment research and/or practice. Most had either
not used the Store Scout tool before or had only done so once
or twice, and most received only 30-60 min of training. Despite
this, surveyors agreed 83% of the time, and the median
difference in overall scores was only 2.2 (range 0-6.9).
Stores servicing smaller populations have reduced opportunities
for economies of scale. Remote stores have additional logistical
barriers to providing high-quality fresh food because of the long
distance the food travels to get to the store [24,25]. High outside
temperatures and poor road conditions (or road closures) can
contribute to this. Therefore, remote stores have food demand
and supply constraints that determine the price, quality, and
variety of healthy foods that they can offer. Despite these
challenges, we found that the store environment, as assessed
by the Store Scout app in the 19 small remote supermarkets,
scored similarly to small supermarkets in Brisbane and higher
than convenience stores. When only the health-enabling
practices related to unhealthy or less healthy products were
considered (eg, not stocking or promoting unhealthy products
or not placing unhealthy products in high-traffic areas), larger
supermarkets and petrol stations scored the least points, whereas
the small remote supermarkets scored the most. This is an
encouraging finding; there has been considerable work aimed
at improving food supply and access in the remote Australian
Aboriginal and Torres Strait Islander communities where these
stores are located [26-30], which has likely contributed to
healthier food environments. ALPA (the organization overseeing
the management of these remote stores) has demonstrated
long-term commitment to promoting health and nutrition in the
communities it serves, as demonstrated by their nutrition policy
(first implemented in the early the 1980s), which includes
strategies to increase the availability and affordability of
nutritious foods [30].

Comparison With Prior Work
We included kappa values to enable comparison with
evaluations of other tools and found kappa coefficients that
compare reasonably well with other tool evaluations, which
generally report coefficients of around 0.7 [3]. Notably, other
studies that have used kappa values could not include all
measurement items because of the high and/or low prevalence
of store traits measured [31,32]. Overall, 2 instances of excellent
interrater reliability include that found for the Nutrition
Environment Measures Survey in 88 stores (>90% agreement
and kappa >0.84 for all items [32]) and the Food Environment
Audit for Diverse Neighborhoods in 44 stores (89% of items
had kappa >0.60) [31]; however, in these studies, surveyors
received considerably more training than this study (2 days and
25 hours of training, respectively) [31,32]. The Store Scout app
was designed to be used not only in research but also in practice
to rapidly appraise the store environment and provide immediate
feedback to retailers and recommendations for improvement.
To replicate what was likely to be feasible in practice, we tested
interrater reliability where surveyors received no or minimal
training in the use of the tool.
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We found that the scoring captured differences in the store
environment across store types. Supermarkets, particularly large
supermarkets, scored highest, indicating the most
health-enabling store environments as assessed using the Store
Scout app, whereas convenience and petrol stores scored lowest.
This is consistent with previous research comparing
supermarkets, petrol stations, and convenience stores [23,24,33],
indicating construct validity.
There is limited evidence comparing the food environment in
remote versus nonremote supermarkets in Australia. Most
research has focused on food prices, with food prices
consistently higher in remote stores [16], whereas the Store
Scout app takes a broader approach to food environment
measurement and does not assess price other than price
promotions. Cameron et al [34] assessed the shelf space and
strategic placement of healthy and discretionary foods in urban,
urban fringe, and rural or nonmetropolitan supermarkets in
Victoria (from a single major Australian supermarket chain)
and found that urban supermarkets had a generally healthier
food environment compared with urban fringe and rural or
nonmetropolitan stores; however, the urban fringe (most similar
to the Brisbane sample in this study) and rural or
nonmetropolitan supermarkets had similar healthy food
environments overall. This is consistent with the findings in
this study, but this is not a direct comparison, as the rural or
nonmetropolitan centers in the Cameron study had populations
>6000, more than double the largest remote community in the
remote sample (median 740, range 220-2560).

Strengths and Limitations
A strength of this study was that measurements were taken as
would occur in practice (in physical stores during the day when
the store is open) in several different store types and by
surveyors who received no or minimal training in the use of the
tool. A limitation is that in the remote sample, surveyors were
not able to complete surveys simultaneously, which may have
reduced interrater reliability, especially for meals and
convenience foods as some ready-to-eat items (eg, pies,
sandwiches, and salads) may only be available at certain times
of the day.
Although we were able to examine internal consistency from
up to 146 surveys in 2 very different retail contexts, we could
not include all response combinations; however, there were still
a median of 136 responses across the 35 measurement items
used to assess internal consistency (range 63-146). The issues
we experienced with missing data should not be an issue in
future, as the app does not allow the surveyor to progress unless
all measurement items are completed. The results reported here
pertain mostly to surveys completed by surveyors with
qualifications related to nutrition and/or public health. We
cannot determine if the same degree of reliability and agreement
would be achieved if this were not the case. We did not ask
surveyors in the remote sample to record the time taken to record
surveys; therefore, the median time of 25 min may not be
applicable to this setting.
The difference when only practices related to unhealthy (or less
healthy) products were considered is important. Approximately
one-third of the energy in the Australian diet comes from
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discretionary (unhealthy) foods [35], and these foods are
disproportionately represented on Australian food store shelves,
and more likely to be promoted [36]. Although the Store Scout
app assesses the store environment related to healthy and
unhealthy (or less healthy) products, there are a greater number
of measurement items related to healthy than unhealthy or less
healthy products (156 versus 43, respectively), and practices
discouraging purchases of unhealthy or less healthy products
contribute only approximately 20% to the overall score. We are
in the process of testing the criterion validity of the Store Scout
mobile app against external measures (such as sales of healthy
or unhealthy foods), and as part of this, we will investigate if
higher weighting of practices related to unhealthy products leads
to better validity of Store Scout scores.

Conclusions
We developed a mobile app to rapidly appraise the in-store food
retail environment across a wide range of healthy and unhealthy
foods. We tested the Store Scout app in a diverse sample of 54

McMahon et al
stores and found good to very good interrater reliability of
measurement items and high internal consistency. We identified
areas where tooltips and wording of measurement items can be
improved to further increase the reliability of this tool. Scores
reflecting how health enabling the store environment is are
embedded in the app, giving the user a convenient mechanism
for communicating results and initiating change with retailers
or other stakeholders. We found high agreement between
surveyors in overall scores and some category scores. This
suggests that Store Scout overall scores are reliable for making
comparisons across stores even when the tool is completed by
different surveyors; however, category scores were less reliable.
We found good distribution of scores and evidence that the
scoring system can capture scoring by store type in line with
previous evidence, indicating construct validity. The Store Scout
mobile app shows promise in its ability to measure and track
health-enabling store environments. In future projects, we will
further assess the validity of this tool against external measures.
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Abstract
Background: Mobile health (mHealth) tools may be useful platforms for dietary monitoring and assessment.
Objective: This study aims to evaluate the effectiveness of a mobile dietary self-monitoring app for weight loss versus a
paper-based diary among adults with a BMI of 23 kg/m2 or above.
Methods: A total of 33 men and 17 women aged 18-39 years participated in a 6-week randomized controlled trial. We randomly
assigned participants to one of two groups: (1) a smartphone app group (n=25) or (2) a paper-based diary group (n=25). The
smartphone app group recorded foods and dietary supplements that they consumed and received immediate dietary feedback
using Well-D, a dietary self-monitoring app developed by our team. The paper-based diary group was instructed to record foods
or supplements that they consumed using a self-recorded diary. The primary outcomes were weight, BMI, waist circumference,
body fat mass, and skeletal muscle mass. We also examined changes in nutrient intake, including energy, carbohydrate, protein,
fat, dietary fiber, vitamins, and minerals, using 3-day 24-hour recalls. Differences in changes between the two groups were
analyzed using independent t tests or Wilcoxon Mann-Whitney tests. All of the data were analyzed using intent-to-treat analysis.
Results: The mean number of days recorded was 18.5 (SD 14.1) for the app group and 15.5 (SD 10.1) for the paper-based diary
group. The differences in changes in weight, BMI, and waist circumference were not significantly different between the app
group and paper-based diary group (P=.33, .34, and .70, respectively). Similarly, changes in body fat mass or skeletal muscle
mass did not differ between the two groups (P=.71 and .054, respectively). Although energy intake was reduced in both groups,
there was no significant difference in changes in energy intake between the two groups (P=.98).
Conclusions: There were no differences in changes in anthropometric measures and nutrient intake between the app group and
the paper-based diary group. Both mobile dietary self-monitoring app and paper-based diary may be useful for improving
anthropometric measures.
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Introduction

and found that the use of mHealth tools was not superior to
paper-based methods.

Noncommunicable diseases (NCDs) were responsible for 71%
of all deaths globally in 2016, and obesity is a risk factor for
NCDs like diabetes, coronary heart disease, stroke, and cancer
[1]. The World Health Organization (WHO) announced that
one of the global NCD targets is to halt the rise of obesity [2].
Despite multifaceted efforts to prevent obesity, the prevalence
of obesity has nearly tripled between 1975 and 2016 [3]. In
Korea, the prevalence of a BMI 25 kg/m2 increased in men from
36.6% in 2008 to 44.7% in 2017 [4]. The prevalence of
hypercholesterolemia doubled between 2008 and 2018 in both
men and women, from 10.6% to 20.9% in men and from 11.8%
to 21.4% in women [4]. Increasing obesity is partly due to
changes in lifestyle factors, including eating energy-dense foods
and foods high in fat and sugars as well as low physical activity
[1]. Therefore, dietary intervention is a key strategy to reduce
the obesity epidemic.

We have developed a mobile dietary self-monitoring app,
Well-D, the features of which have been described elsewhere
[16]. In brief, users can log foods or dietary supplements they
consume through the Well-D app and receive real-time
personalized dietary feedback. Key features of Well-D include
sign-up and profile input, log-in, main page, logging meals,
food data creation, recipe data creation, logging favorite foods,
logging dietary supplements, supplement data creation, display
of foods and supplements consumed, and dietary feedback and
monitoring.

Dietary modification approaches for obesity management often
involve multiple strategies from governments, businesses,
communities, individuals, and families. Use of mobile devices,
including smartphones, tablets, laptops, wearable devices, and
barcode scanners, is thought to increase accessibility at a lower
cost by reducing face-to-face, in-person education, clinic visits,
and phone calls. Although several studies have shown that
mobile interventions led to weight loss [5], a comparison of the
effectiveness of mobile health (mHealth) tools for weight loss
with conventional methods such as the paper-based diary is
needed.
The third global survey on eHealth conducted by the WHO
Global Observatory for eHealth defines mHealth as “the use of
mobile devices, such as mobile phones, patient monitoring
devices, Personal Digital Assistants (PDAs), and wireless
devices, for medical and public health practice” [6]. There has
been an increase in the number of mHealth solutions because
information and communications technology (ICT) has become
an integral part of daily life [7]. The WHO announced that 87%
(n=109) of countries worldwide have at least one mHealth
program in their country [7]. A systematic review of 24
intervention studies examining the potential of mobile apps for
health and fitness reported high acceptability of smartphone
apps for health behavior change [8].
Mobile technology may be feasible, sustainable, and
cost-effective for weight loss. A systematic review of the
literature on self-monitoring in weight loss showed that
self-monitoring tools (eg, the paper diary, web tools, PDAs,
and electronic digital scales) helped individuals lose weight [9].
That systematic review focused on self-monitoring strategies
based on works published from 1993 to 2009; most of these
studies used a paper diary and 5 used digital technology. A
recent qualitative summary of 7 randomized clinical trials
suggested that mobile technology interventions facilitated weight
loss among individuals who were overweight and obese [10].
Several previous studies investigated the effectiveness of
mHealth tools for weight loss or dietary behavior change by
comparing them with traditional paper-based methods [11-15]
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South Korea had the highest rate of smartphone ownership and
internet usage worldwide in 2018, followed by Israel and the
Netherlands [17]. Although mHealth has high potential to
facilitate health management, health promotion, and disease
prevention in South Korea, the effectiveness of morbidity
self-management (eg, diabetes [18] and obesity with sleep apnea
[19]) through smartphone use has been studied in only a few
randomized controlled trials (RCTs). We conducted an RCT in
South Korea to examine weight loss using a self-monitoring
dietary app. This study aims to evaluate the effectiveness of the
dietary self-monitoring app Well-D for weight change by
comparing it with paper-based diary use.

Methods
Study Participants
We recruited participants between February 6, 2018, and April
12, 2018, via poster advertisement at Seoul National University
and web-based announcements. The inclusion criteria were as
follows: (1) 18-40 years of age, (2) BMI ≥23 kg/m2, (3)
willingness for weight loss, and (4) smartphone ownership. We
excluded participants if they were pregnant or lactating. This
study was approved by the Seoul National University
Institutional Review Board (IRB #1710/003-007). The trial was
registered with the Clinical Research Information Service
(KCT0003170).

Screening and Randomization
A two-arm, parallel RCT was conducted. Potential participants
contacted author JSA via phone to show their willingness to
participate in the intervention study. Potential participants were
invited to attend a baseline session held at Seoul National
University (30-45 minutes). Before starting the baseline session,
potential participants reported their age, and their height and
weight were measured using a stadiometer to confirm eligibility.
All eligible participants returned a written informed consent
prior to enrollment. Participants received 20,000 KRW
(approximately $17 USD) for attending each of the three visits.
Participants were randomly assigned with a 1:1 allocation to
the Well-D app group and the paper-based diary group using a
random number table generated by PROC PLAN in SAS version
9.4 (SAS Institute). The allocation sequence was concealed to
both JSA and each participant, and the intervention arm
allocation was sealed after the participant signed the consent
form at the visit site. The participant was informed whether he
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e14013 | p.609
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the control group (paper-based diary group). Figure 1 presents
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the flow diagram of inclusion of participants.

Figure 1. Flow diagram of participants.

Intervention
Both groups were instructed to record foods or supplements
that they consumed during the 6-week intervention period. The
energy goal was reducing 500 kcal/day from the the estimated
energy requirement (EER) in both groups. Participants in the
app group received a link to download Well-D, which was
http://mhealth.jmir.org/2020/7/e14013/
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developed by our multidisciplinary team (eg, dietitians, nutrition
professionals, and software engineers) [16,20]. Well-D was
designed for participants to log consumed foods or dietary
supplements and learn about adequate nutrient intake according
to the Dietary Reference Intakes for Koreans 2015 and major
foods contributing to key nutrients, including total energy,
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through personalized feedback. A detailed description of Well-D
has been reported elsewhere [16].
In the intervention arm, participants were instructed to use
Well-D for at least 14 days. Contact was minimal except when
technical questions were raised. Since Well-D was implemented
as a hybrid app, users who had either iOS or Android
smartphones could freely access the app in a network
environment. To facilitate app usage, dietitian staff sat with
users and helped them register and log into the app. The users
also reviewed all the menus in the app with the dietitian staff
and were provided a Well-D manual. Users typed in their age,
sex, weight, height, and physical activity level during
registration. The app provides a database of more than 20,000
foods and recipe items. For foods and dietary supplements that
are not available in the database, users could add new food data
by typing in the item name and describing the item or adding a
photo. The users could also create new recipe data by typing in
the ingredients from a food list. Dietitians checked the items
that users created and updated the recipe and the food and
nutrient database. Based on users’ age, sex, BMI, physical
activity level, and foods and supplements that they recorded,
users received real-time feedback about daily total energy,
carbohydrates, protein, total fat, sodium, saturated fat, fiber,
sugar, calcium, vitamin C, riboflavin, and food groups on the
diabetic exchange list. All of the data on the intake of foods,
supplements, and nutrients were collected. We reviewed and
downloaded the data from the admin page of the website.
In the paper-based diary group, participants were provided
paper-based diaries and pamphlets. The paper-based diary was
designed to record the date, time, name and amount of food and
ingredients consumed, and the energy intake that participants
roughly calculated. Each participant in the paper-based diary
was provided a pamphlet that had tips about weight loss
strategies and information on the website and URLs available
for calculating the energy content of food items. We also
provided instructions on how participants could set a proper
energy intake goal via the paper-based diary and pamphlet, and
participants wrote their energy intake goal for weight loss in
the paper-based diary.
Our study design and results were presented according to the
CONSORT-eHEALTH (Consolidated Standards of Reporting
Trials of Electronic and Mobile Health Applications and Online
Telehealth) guidelines [21].

Outcome Assessments
Weight, BMI, waist circumference, body fat mass, and skeletal
muscle mass were measured as primary outcomes at baseline
and after 6 weeks of intervention. Height was measured only
at baseline. On the day before measurements, we sent text
messages to inform participants to avoid large meals before the
visit and to wear light clothing for the measurements. Height
was measured twice to the nearest 0.1 cm without shoes using
a digital stadiometer (Biospace Korea). Body weight was
measured to the nearest 0.1 kg on the Inbody 720 (Biospace
Korea) with participants wearing light clothing [22]. BMI was
calculated as weight (kg) divided by the squared height (m2).
Waist circumference was measured 1 inch above the umbilicus
http://mhealth.jmir.org/2020/7/e14013/
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to the nearest 0.1 cm with a tape measure. For body composition,
we assessed body fat mass and skeletal muscle mass using the
Inbody 720 [22].
The participants’ diets were assessed using scheduled 24-hour
recalls (24HRs) for 3 days including 1 day during a weekend.
A dietitian conducted the 24HRs using the automated
multiple-pass method (AMPM). AMPM uses five steps,
including listing foods consumed the previous day, probing for
forgotten foods, collecting the time of consumption, collecting
descriptions about and amounts of each food, and final questions
[23]. On the first day of the 3-day 24HR, participants visited
the researcher’s office and completed the 24HRs. They
completed the other 2 days of 24HRs over the phone. Three-day
24HRs were conducted at baseline and in week 6. We provided
a booklet for a sample serving size of foods to all the participants
in both groups to help estimate the amount of foods that they
consumed. The amount of nutrients were calculated using
databases sourced from the Diet Evaluation System by SAS 9.4
and Microsoft Excel 2013 software [24]. If the foods and dietary
supplements were not available in the Diet Evaluation System
database, we updated the additional food composition databases
based on open-source food composition databases from the
Ministry of Food and Drug Safety and the National Institute of
Agricultural Sciences [25,26]. App and paper-based diary usage
was measured by the number of days recorded from baseline
to the endpoint visit. We considered it one recording day if users
logged at least one food item.
Participants recorded self-reported physical activity using a
South Korean version of the Global Physical Activity
Questionnaire (GPAQ) [27]. We calculated metabolic equivalent
of task (MET)-hours per week using the GPAQ analysis
guideline [28]. Participants were advised to maintain their usual
physical activity levels during the intervention.

Statistical Analysis
We estimated the sample size to detect statistically significant
differences in weight change between the app group and
paper-based diary group using a similar previous 6-week trial
[11]. By assuming a 0.9 kg difference between the two groups
and a standard deviation of 1 kg, the calculated sample size with
80% power was 21 per group. Considering loss to follow-up,
we recruited 25 participants per group.
All data were analyzed with intent-to-treat analysis. The
differences in changes in anthropometric measures and nutrient
intake between the app group and the paper-based diary group
were analyzed by independent t tests for normally distributed
data and Wilcoxon Mann-Whitney tests for skewed data. The
differences between pre- and postintervention within each group
were compared using paired t tests for normally distributed data
and Wilcoxon signed-rank tests for skewed data. Data were
transformed into normality, if necessary, using Box-Cox power
transformations [29]. Carbohydrate, protein, fat, and saturated
fat intakes were calculated as a percent of energy. We used a
simple linear regression to evaluate the correlation between the
number of days spent recording foods and weight change in
each group.
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There was one missing value for weight and two for other
primary outcomes. The missing outcomes were carried forward
from the baseline assessments. We also conducted a sensitivity
analysis where we used per-protocol analysis by excluding those
with missing outcomes.

Results
Table 1 shows baseline characteristics by intervention arms.
The mean age of participants was 26.0 years. The mean weight
was 77.1 kg and the mean BMI was 26.7 kg/m2. The mean daily
intake of energy was 2166.1 kcal/day. On average, % energy
from carbohydrates, protein, and fat were 50.5%, 18.6%, and
30.9%, respectively. There were no significant differences in
baseline characteristics between the app group and the
paper-based diary group.
After randomization, one lactating participant was excluded
(Figure 1). As a result, 33 men and 17 women aged 18-39 years
participated in a 6-week RCT, and 32 men and 17 women
completed the study. One participant in the paper-based diary
group did not respond to final contact whereas another
participant responded but could not attend a follow-up interview.
This participant provided his weight and the number of days

that he used the dietary diary. All participants completed 3-day
24HRs at baseline; 47 participants completed 3-day 24HRs and
1 participant in the app group completed 2 days of 24HRs during
the 6-week intervention period.
We found no statistically significant difference in change in
body weight between the app group and the paper-based diary
group (mean –0.4, SD 1.6 kg vs mean –1.4, SD 2.7 kg;P=.33)
(Figure 2). Likewise, differences in changes in BMI, waist
circumference, body fat mass, and skeletal muscle mass were
not statistically significant between the two groups. Mean
change and standard deviation between pre- and postintervention
are presented in Table 2.
When we compared the preintervention anthropometric
measures with the postintervention measures, significant
decreases in body weight and BMI were observed in the
paper-based diary group (P=.02 and .01, respectively), but not
in the app group (P=.25 and .26, respectively). Waist
circumference and body fat mass decreased significantly in both
groups. The skeletal muscle mass significantly increased in the
app group (P=.048). Overall, the results were similar in the
sensitivity analysis where a per-protocol analysis was conducted
by excluding those with missing anthropometric measures
(Multimedia Appendix 1).

Table 1. Baseline characteristics of participants by intervention arms.
Characteristics

Total

App group

Paper-based diary group

Sex, n (%)

a

P valuea
.77

Male

33 (66)

16 (64)

17 (68)

Female

17 (34)

9 (36)

8 (32)

Age (year), mean (SD)

26.0 (4.8)

26.5 (5.3)

25.6 (4.3)

.50

Weight (kg), mean (SD)

77.1 (11.5)

77.9 (12.9)

76.3 (10.2)

.62

BMI (kg/m2), mean (SD)

26.7 (2.7)

27.1 (3.0)

26.4 (2.5)

.54

Waist circumference (cm), mean (SD)

91.7 (9.3)

93.1 (9.6)

90.3 (8.9)

.25

Body fat mass (kg), mean (SD)

23.3 (6.3)

24.2 (5.6)

22.3 (6.9)

.29

Skeletal muscle mass (kg), mean (SD)

30.3 (6.1)

30.2 (6.5)

30.4 (5.7)

.91

Total physical activity (METb-hours/week), mean (SD)

26.4 (25.6)

25.3 (23.4)

27.6 (28.1)

.87

Energy (kcal/day), mean (SD)

2166.1 (546.5)

2270.3 (522.1)

2061.9 (560.8)

.18

Carbohydrate (% energy/day)

50.5 (6.7)

48.8 (7.8)

52.1 (5.1)

.11

Protein (% energy/day)

18.6 (4.0)

19.3 (4.2)

17.8 (3.6)

.34

Fat (% energy/day)

30.9 (5.7)

31.7 (6.7)

30.0 (4.4)

.34

Total dietary fiber (g/day), mean (SD)

17.0 (6.1)

16.7 (5.9)

17.4 (6.4)

.69

Calcium (mg/day), mean (SD)

530.8 (237.9)

512.8 (185.3)

548.8 (283.8)

.74

Sodium (mg/day), mean (SD)

4021.7 (1157.2) 4110.6 (1124.0)

3932.7 (1205.8)

>.99

Chi-square tests were used for categorical variables, and independent t tests or Wilcoxon Mann-Whitney tests were used for continuous variables.

b

MET: metabolic equivalent task.
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Figure 2. Differences in change between the app group and the paper-based diary group in terms of (A) body weight, (B) BMI, (C) waist circumference,
(D) body fat mass, and (E) skeletal muscle mass. The asterisk denotes P<.05 (significant difference) for comparisons of anthropometric measures preto postintervention.

Table 2. Differences in anthropometric measures between the app group and the paper-based diary group (intent-to-treat analysis).
Measure

App group (n=25), mean (SD)

P valuea

Paper-based diary group (n=25), mean (SD)

Baseline

6 weeks

Changeb

P valuec

Baseline

6 weeks

Changeb

P valuec

78.0 (12.9)

77.6 (13.0)

–0.4 (1.6)

.25

76.3 (10.2)

75.0 (9.3)

–1.4 (2.7)

.02

.33

27.1 (3.0)

26.9 (3.0)

–0.1 (0.6)

.26

26.4 (2.5)

25.9 (2.2)

–0.5 (0.9)

.01

.34

Waist circumference 93.1 (9.6)
(cm)

90.9 (9.2)

–2.2 (2.8)

<.001

90.3 (9.0)

88.1 (7.1)

–2.3 (3.8)

.004

.70

Body fat mass (kg)

24.2 (5.6)

23.0 (6.1)

–1.2 (1.8)

.004

22.3 (6.9)

21.0 (5.9)

–1.3 (2.4)

.01

.71

Skeletal muscle
mass (kg)

30.2 (6.5)

30.6 (6.6)

0.4 (1.0)

.048

30.4 (5.7)

30.4 (5.8)

–0.01 (0.7)

.48

.054

Weight (kg)
2

BMI (kg/m )

a

Independent t tests or Wilcoxon Mann-Whitney tests were used to assess the differences in percent changes in anthropometric measures between the
app group and the paper-based diary group.
b

Changes were calculated as postintervention anthropometric measures minus preintervention anthropometric measures.

c

Paired t tests or Wilcoxon signed-rank tests were used to assess the differences in percent changes in anthropometric measures pre- to postintervention.

Differences in changes in nutrient intake between the app group
and the paper-based diary group were not statistically significant
(Table 3). When we compared nutrient intake assessed from
preintervention 24HRs with postintervention 24HRs, we
observed significant reductions in cholesterol, calcium,
phosphorus, and potassium only in the paper-based diary group
(all Ps<.05). When we compared nutrient intake levels from
the Well-D app with those from the 24-hour recalls (24HR)
among 25 participants in the intervention arm, we found
http://mhealth.jmir.org/2020/7/e14013/
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moderate-to-high correlations (from 0.43 for thiamine to 0.71
for iron) (Table 4).
Over the 6-week intervention period, differences in the number
of days recorded was not significant between the app group and
the paper-based diary group (mean 18.5, SD 14.1 vs mean 15.5,
SD 10.1, respectively; P=.67). We examined whether the degree
of weight loss was associated with the number of days spent
using the app or the paper-based diary (Figure 3). The change
in body weight from pre- to postintervention tended to increase
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according to the number of days participants recorded an entry.
However, the beta coefficient was not statistically significant.
When we counted the number of participants who recorded food
items in each week, we found higher proportions of recording
in week 1 and week 2 in both groups than in later weeks and a
higher proportion of recording, in general, in the app group than

in the paper-based diary group. In all, 51.43% (12.86 on average
per day for 7 days) of participants recorded food items in the
app group and 38.10% (8 on average per day) of participants
recorded food items in the paper-based diary group in week 1,
but the proportions decreased to 36.00% (9 on average per day)
in week 5 in the app group and 32.65% (6.86 on average per
day) in the paper-based dairy group (Table 5).

Table 3. Differences in changes in nutrient intake assessed from 24-hour recalls between the app group and the paper-based diary group (intent-to-treat
analysis).
Characteristic

App group (n=25), mean (SD)

Paper-based diary group (n=25), mean (SD)

P valuea

Baseline

6 weeks

P valueb

Baseline

6 weeks

P valueb

Energy (kcal/day)

2269.7 (522.8)

1983.5 (365.3)

.04

2061.9 (560.8

1780.6 (571.0)

.06

.98

Carbohydrate

48.8 (7.8)

48.9 (8.5)

.95

52.2 (5.1)

49.8 (8.3)

.20

.34

Protein (% energy/day)

19.3 (4.2)

19.7 (4.4)

.68

17.8 (3.6)

17.4 (3.5)

.63

.60

Fat (% energy/day)

31.9 (7.0)

31.4 (7.4)

.70

30.0 (4.4)

32.8 (7.6)

.13

.18

Saturated fat

12.1 (6.2)

12.2 (6.5)

.83

10.4 (2.3)

10.1 (2.4)

.50

.76

Total dietary fiber
(g/day)

16.7 (5.9)

15.3 (5.1)

.42

17.4 (6.4)

15.0 (5.7)

.10

.64

Cholesterol (mg/day)

371.9 (122.7)

363.8 (160.3)

.70

363.0 (146.2)

289.0 (100.7)

.04

.35

Calcium (mg/day)

512.8 (185.3)

525.2 (312.4)

.57

548.8 (283.8)

438.9 (241.9)

.01

.23

Phosphorus (mg/day)

1076.5 (300.2)

1041.9 (297.1)

.63

1067.6 (281.1)

878.1 (268.6)

.01

.14

Iron (mg/day)

16.8 (12.3)

14.5 (7.9)

.43

19.7 (32.3)

17.9 (32.4)

.05

.30

Sodium (mg/day)

4110.6 (1124)

3833.4 (1176.3)

.23

3932.7 (1205.8)

3531.9 (1596.0)

.21

.77

Potassium (mg/day)

2254.4 (562.3)

2318.1 (743.5)

.77

2325.9 (658.3)

2015.7 (587.8)

.01

.07

Vitamin A (μg REc/day)

742.0 (937.1)

785.2 (1087.6)

.83

588.4 (716.9)

574.1 (580.0)

.84

.55

Thiamine (mg/day)

2.7 (5.1)

2.9 (5.9)

.22

6.3 (21.5)

1.6 (1.8)

.05

.42

Riboflavin (mg/day)

2.9 (5.3)

2.9 (5.8)

.78

5.9 (21.1)

1.5 (1.3)

.09

.35

Niacin (mg/day)

25.7 (28.7)

24.3 (30.8)

.76

25.2 (28.7)

18 (10.2)

.26

.54

Vitamin C (mg/day)

276.4 (338.0)

201.7 (314.2)

.07

127.3 (120.0)

154.7 (281.8)

.42

.46

(% energy/day)

(% energy/day)

a

Independent t tests and Wilcoxon Mann-Whitney tests were used to assess group differences.

b

Paired t tests or Wilcoxon signed-rank tests were used to assess differences in percent changes in nutrient intake pre- to postintervention.

c

RE: retinol equivalents.
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Table 4. A comparison of nutrient intake levels from the Well-D app with those from the 24-hour recalls (n=25).

a

Nutrienta

Correlation coefficient

P valueb

Energy (kcal/day)

0.68

<.01

Carbohydrate (% energy/day)

0.55

<.01

Protein (% energy/day)

0.60

<.01

Fat (% energy/day)

0.57

<.01

Saturated fat (% energy/day)

0.66

<.001

Total dietary fiber (g/day)

0.51

.01

Cholesterol (mg/day)

0.47

.02

Calcium (mg/day)

0.49

.01

Phosphorus (mg/day)

0.47

.02

Iron (mg/day)

0.71

<.001

Sodium (mg/day)

0.56

<.01

Potassium (mg/day)

0.56

<.01

Vitamin A (μg RE/day)

0.54

.01

Thiamine (mg/day)

0.43

.03

Riboflavin (mg/day)

0.50

.01

Niacin (mg/day)

0.70

<.001

Vitamin C (mg/day)

0.66

<.001

The residual method was used to adjust for nutrient intake.

b

Either Pearson correlation or Spearman correlation was used.

Figure 3. Weight loss by the number of days of dietary recording in the app group (left) and the paper-based diary group (right).
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Table 5. Mean number (percentage) of days participants spent recording food items for each week in the app group and in the paper-based diary group.

a

Week

App group (n=25), mean (%)

Paper-diary group (n=21)a, mean (%)

Week 1

12.86 (51.43)

8.00 (38.10)

Week 2

11.43 (45.71)

8.14 (38.78)

Week 3

9.57 (38.29)

8.57 (40.82)

Week 4

9.00 (36.00)

6.86 (32.65)

Week 5

9.00 (36.00)

6.86 (32.65)

Week 6

10.00 (40.00)

4.29 (20.41)

Out of 25, one was lost to follow-up. Three did not provide information on dates recorded, but provided the number of days recorded.

Discussion
Principal Findings
We conducted an RCT on weight loss in young adults with a
BMI ≥23 kg/m2 to compare the effectiveness of a mobile dietary
self-monitoring app versus a paper-based diary. In our study,
66% of participants were men, which reflects the sex ratio of
overweight individuals in Korea [4]. The mean age was 26 years
since we recruited participants in college. The average total
energy intake was 2166.1 kcal/day with an average of 50.5%
of energy derived from carbohydrates, 30.9% energy from fat,
and 18.6% from protein. The average sodium intake was 4021.7
mg/day.
In summary, we did not find significant differences in changes
in body weight, BMI, waist circumference, body fat mass, or
skeletal muscle mass between the app group and the paper-based
diary group. Additionally, the changes in nutrient intake were
not different between the two groups. However, when we
compared anthropometric changes from pre- to postintervention,
we found reductions in weight and BMI in the paper-based
group and reductions in waist circumference and body fat mass
in both groups. Skeletal muscle mass increased slightly in the
app group. We also found decreases in total energy intake in
both groups and as well as decreases in intake of cholesterol,
calcium, phosphorus, and potassium in the paper-based diary
group, but not in the app group. When we compared nutrient
intake from the Well-D app with 24HRs, we found
modest-to-high correlations, suggesting potential use of Well-D
for dietary assessment.

Comparison With Previous Work
Previous studies found that the effectiveness of mHealth
technologies was similar to the paper-based diary [11-13]. A
24-month randomized trial with 210 overweight or obese adults
compared the effectiveness of a PDA for self-monitoring diet,
a PDA with daily feedback, and a paper diary. There were no
differences in changes in percentage weight over time among
the three groups, but a significant weight change over time was
found only for the PDA with feedback group [12]. The mean
percentages of weight change from baseline to 24 months were
–1.94% for the paper diary (not significant), –1.38% for the
PDA (not significant), and –2.32% for the PDA + feedback
(significant). The study suggested that daily feedback enhanced
adherence to self-monitoring and the effectiveness of weight
loss. Another randomized trial compared weight loss between
http://mhealth.jmir.org/2020/7/e14013/
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RenderX

the Lose it mobile app and a traditional paper-and-pencil method
among 47 overweight or obese adults during an 8-week
intervention. Weight was reduced over the course of the study
in both groups, but there was no difference in weight change
between groups. This study showed that the number of days
spent recording diet was significantly higher in the app group
than the paper-and-pencil group [13]. The 6-month trial of the
My Meal Mate app showed that, among 128 overweight
participants, weight change over time was significantly greater
in the smartphone group than in the website group, but there
was no difference in the smartphone group compared to the
diary group [11]. In the intent-to-treat analysis of that study,
mean weight changes from baseline to 6 months were –4.6 kg
in the smartphone app group, –2.9 kg in the diary group, and
–1.3 kg in the website group. The smartphone-based behavioral
obesity treatment (SMART) randomized clinical trial of 276
adults with overweight or obesity over 18 months recently
published findings of similar weight loss across the three groups:
group-based treatment with meetings (GROUP), SMART-based
treatment, and a control condition with paper diaries
(CONTROL) [30]. In that study, although retention was higher
in both GROUP and SMART groups than the CONTROL group,
weight changes did not differ at the 6-month, 12-month, or
18-month assessment. Consistent with a few previous studies,
we found that changes in anthropometric measures were not
different between the app group and paper-based diary group.
There have been only a few studies that have supported the
effectiveness of an app to improve users’ diet compared to a
paper-based method [14,15]. A 4-week pilot intervention study
with the MyFitnessPal app among 30 healthy adults showed
that the app users who received feedback on sodium intake
significantly decreased their urinary sodium compared to the
paper-based journal group [15]. In another two-phase crossover
intervention study, 34 adolescents recorded food intake using
a paper diary and the FoodWiz2 app during each 4-week
intervention period [14]. The app phase showed a significant
reduction in the consumption of chocolate snacks and fizzy
drinks in comparison to the paper diary phase [14]. In our study,
when we compared nutrient intake between the app group and
the paper-based diary group, we did not find significant
differences. However, we found decreases in total energy intake
in both app and paper-based diary groups.
Several studies conducted in South Korea reported potential
weight change when using mHealth tools. A longitudinal study
with a median follow-up of 275 days investigated the
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
effectiveness of the Noom Coach app on weight reduction
among 35,921 South Korean adults with a BMI ≥23 kg/m2, who
recorded dietary data two or more times a month for 6
consecutive months [31]. That study found that 22.7% of app
users reduced their weight by more than 10% compared to the
baseline weight. Similarly, a weight loss intervention study of
104 Korean adults aged 20-60 years with a BMI ≥23 kg/m2
showed that the use of the Noom Coach app with daily dietary
coaching resulted in a significant weight change of –7.5% after
a 15-week intervention period compared to baseline [32].
Additionally, a randomized trial that compared weight loss
according to the frequency of usage of the My Meal Mate app
found that participants in the highest frequency-of-use category
lost an average of 6.4 kg more than those in the lowest
frequency-of-use category during the 6-month intervention
period [33]. A cohort study showed that more app-based
recordings were associated with greater weight loss [31]. In the
Cell Phone Intervention For You (CITY) trial, increasing app
use per day was associated with increasing weight loss [34]. In
our study, we observed a tendency for greater weight loss as
the number of recordings increased, albeit without statistical
significance.

Strengths and Limitations
Our study was a randomized, parallel trial with a high follow-up
rate. Because we developed the app, we had full access to the
data. We also assessed participants’ dietary information using
two 3-day 24HRs, and therefore we were able to compare

Ahn et al
nutrient intake between the two groups. However, our study
had several limitations. Because the population was composed
of young adults, the results may not be generalizable to children
or older people. Since we included participants with a BMI ≥23
kg/m2, the magnitude of weight change during the 6-week
intervention period may not be large enough to see differences.
Furthermore, the sample size was small and the study period
was relatively short. Well-D did not have an exercise tracking
function, and we were not able to track participants’ exercise
levels. However, we asked participants to maintain their usual
physical activity levels. When we examined their usual exercise
levels at baseline and at postintervention, we found no
significant differences.

Conclusions
We conducted an RCT to evaluate the effectiveness of a mobile
dietary self-monitoring app for weight loss versus a paper-based
diary. We found that participants reduced their energy intake,
waist circumference, and body fat mass in both groups.
However, we found no difference in changes between the app
group and paper-based diary group. Our study suggests that
both the smartphone app and the paper-based diary method may
exhibit similar effectiveness for short-term body fat loss. Our
findings may contribute to understanding and implementing
mHealth interventions in health care services. Further
prospective or intervention studies with larger sample sizes and
long-term follow-up are warranted to explore the effectiveness
of mHealth tools for the management of common chronic
diseases in Korea.
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Abstract
Background: Depression and anxiety symptoms are common among university students, but many do not receive treatment.
This is often because of lack of availability, reluctance to seek help, and not meeting the diagnostic criteria required to access
services. Internet-based interventions, including smartphone apps, can overcome these issues. However, a large number of apps
are available, each with little evidence of their effectiveness.
Objective: This study aims to evaluate for the first time the effectiveness of a self-guided mobile app, Feel Stress Free, for the
treatment of depression and anxiety symptoms in students.
Methods: A web-based randomized controlled trial compared a cognitive behavioral therapy (CBT)–based mobile app Feel
Stress Free with a wait-list control. University students self-identified as experiencing symptoms of anxiety or depression and
were randomized to 6 weeks of intervention (n=84) or control (n=84), unblinded. The app is self-guided and incorporates behavioral
relaxation activities, mood tracking and thought challenging, and minigames. Participants completed the Hospital Anxiety and
Depression Scale online at baseline and every fortnight.
Results: At week 6, the primary end point, there was evidence that the Feel Stress Free app reduced depression symptoms (mean
difference −1.56; 95% CI −2.67 to −0.44; P=.006) but only very weak evidence that it reduced anxiety symptoms (mean difference
−1.36; 95% CI −2.93 to 0.21; P=.09). At week 4, there was evidence to support the effectiveness of the intervention for anxiety
symptoms (mean difference −1.94; 95% CI −3.11 to −0.77; P=.001) and, though weaker, depression symptoms (mean difference
−1.08; 95% CI −2.12 to −0.04; P=.04). At week 6, 83% (34/41) of participants indicated that they were using the app weekly or
more frequently.
Conclusions: The Feel Stress Free app is a promising mobile intervention for treating symptoms of anxiety and depression in
students and overcomes many of the barriers to traditional CBT. Further research is needed to establish its effectiveness at and
beyond 6 weeks.
Trial Registration: ClinicalTrials.gov NCT03032952; https://clinicaltrials.gov/ct2/show/NCT03032952
(JMIR Mhealth Uhealth 2020;8(7):e15418) doi:10.2196/15418
KEYWORDS
anxiety; depression; cognitive behavioral therapy; eHealth; online intervention; mobile apps; randomized controlled trial; mobile
phone
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Introduction
Depression and anxiety are common and disabling disorders
and often co-occur [1]. Around 25% of people with depression
or anxiety experience symptoms before the age of 20 years [2],
and rates are high among university students relative to other
sections of the population [3]. A systematic review of
international studies estimated the prevalence of depression to
be 30.6% among university students [4]. The prevalence of
depression is also increasing: a recent report indicated that from
2006 and 2007 to 2015 and 2016, the number of higher
education students in the United Kingdom who disclosed mental
health disorders to their institution rose five-fold, and university
deaths by suicide increased by 79% [3]. Early intervention could
prevent adverse outcomes often associated with anxiety and
depression, such as substance misuse, educational
underachievement, and suicide [5,6]. However, for university
students, there can be numerous barriers to help-seeking,
including lack of time, privacy concerns, financial constraints,
a lack of perceived need for formal help, and stigma [7].
Innovative approaches are therefore needed to address the high
burden of mental health problems among university students.
The most established psychological treatment for depression
and anxiety, cognitive behavioral therapy (CBT), often has long
waiting lists in the United Kingdom, and services are not evenly
spread throughout the country [8]. Students who would benefit
from timely CBT may also not meet the criteria required to
access services, particularly if their symptoms appear to be mild
(though still distressing). University mental health services are
struggling with increasing demand [3], and a collective of
executive heads representing 136 universities in the United
Kingdom (Universities UK) has called for higher education
leaders to prioritize student mental health care as imperative
[9]. In the absence of professional help, self-help approaches
have been shown to be a somewhat effective alternative that
are highly valued by young people, particularly when in a digital
form [10,11].
There is evidence that computerized forms of self-directed CBT
(cCBT) can be as effective as traditional CBT in the treatment
of depression and anxiety [10,12-14], and cCBT is now
recommended in the United Kingdom for treating subclinical
to moderate depression [15]. Mobile CBT apps used primarily
on smartphones represent an opportunity to distribute cCBT to
the 2.6 billion active smartphone users worldwide [16], at a low
cost to the provider and the user. Among those aged between
18 and 24 years in the United Kingdom, it was recently
estimated that 93% owned or had ready access to a smartphone
[17], and on average over 4 hours per day is spent using them
[18]. This eliminates the need for therapist input, formal
help-seeking, or a clinical diagnosis, and the lack of waiting
time has been shown to be particularly attractive among a UK
student sample [19].
Promising findings have been reported regarding the
effectiveness of app-based interventions for depression and
anxiety in student populations. In 2014, a systematic review by
Davies et al [20] suggested that internet- and computer-based
interventions could be beneficial in improving depression and
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anxiety, particularly as an adjunct to university support services.
Indeed, internet-based self-help is often recommended by
university counseling services struggling to cope with high
demand [21]. More recently, a 2019 systematic review [22] on
digital health interventions for improving depression and anxiety
among students found that mobile-based interventions such as
apps appear to be as promising as computer-, web-, and virtual
reality–based interventions. However, the authors found a
comparative scarcity of research in this area: only 8 out of 71
included studies tested interventions delivered via mobile
phones. The issue remains that many mental health apps are
available, but there is little or no evidence of the effectiveness
of the vast majority of these apps [23-26].
The aim of this study (ClinicalTrials.gov registration
NCT03032952) was to examine for the first time the
effectiveness of a particular CBT-based mobile app, Feel Stress
Free, as a treatment for symptoms of anxiety and depression
among university students.

Methods
Design
This was a 6-week, web-based, parallel group, unblinded
randomized controlled trial, with a wait-list control. Participants
were individually randomized in a 1:1 ratio.

Participants and Setting
Eligible participants were aged 18 years or over; scored 8 or
above on one or both subscales of the Hospital Anxiety and
Depression Scale (HADS), indicating at least a possible case
of depression and/or anxiety [27]; were currently a student at 1
of the 4 partnered universities; had access to an Apple or
Android phone or tablet or a computer with Firefox, Safari, or
Chrome installed; and were computer and internet literate.
A total of 4 universities that partnered with Thrive Therapeutic
Software Limited agreed to take part: University College
London (UCL), School of Oriental and African Studies
University of London, University of Buckingham, and
University of Roehampton. Students were recruited between
March and June 2016 through their university student union or
student welfare services via email, poster and social media
advertisements, and university welfare staff recommendations.
The recruited participants were directed to the Thrive website,
where they could enroll by entering their university email
address. Participant IDs were then provided via an email to this
address, with a link to the web-based information sheet and
consent form. Participants were always contacted via their
university email to prevent multiple sign-ups. Participants were
not compensated in any way for their participation. All data
were collected online.
Signing the consent form was the only time during the trial
when the participants had to give their names; they were
contacted via email and identified using participant IDs only
from this point onward. Participants answered a series of
questions confirming that they had read the information about
the trial and understood what would be asked of them. If a
participant answered No to any of the questions, a representative
of the trial emailed them to clarify any queries and ensured that
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e15418 | p.622
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their informed consent was given before continuing. Next,
participants were sent the web-based baseline questionnaires
via email, which contained demographic questions and the
HADS, which was also used to determine eligibility.

Sample Size
Sample size was estimated using both subscales of the self-rated
HADS as coprimary outcome measures, with the aim of
detecting an intervention effect of half an SD. As the estimated
SD differs for each subscale, we chose the most conservative
value and calculated that at least 64 participants were needed
in each arm, with a 2-tailed significance level of .05 and 80%
power. Owing to the high dropout rates usually observed in
web-based trials [28], it was decided that up to 300 participants
would be randomized.

Randomization and Allocation
Participants were individually randomized in batches of 30 each
time this number of students had been screened and confirmed
as eligible. Random numbers were generated by a statistician
(RJ) to allocate participants within each batch to the 2 study
arms in a 1:1 ratio, using prespecified code written in Stata
(StataCorp; version 14) [29]. The list of participant IDs and
group allocations was then returned to the researcher (TM). At
the end of the recruitment period, a final batch of 18 participants
was randomized.
The researcher (TM) then emailed a link to download the Feel
Stress Free app to those allocated to the intervention group. As
participants were required to sign up for an account to use the
app, it was possible to monitor the participants who had
downloaded the app, and reminders were sent to those who had
not yet done so. Those allocated to the wait-list group were sent
an email informing them that they would receive access to the
app at the end of the trial. Day 1 of the trial was defined as the
date of randomization for each batch of participants. Owing to
the nature of a wait-list control group, we could not blind the
researcher or participants to group allocation. However, apart
from the allocation email, all participants received exactly the
same emails regardless of group, and trial staff had no other
way of influencing the participants.
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Intervention
The Feel Stress Free app (version 1.5; Figure 1), developed by
Thrive Therapeutic Software Limited, uses CBT-based activities
to help users manage symptoms of depression and anxiety. The
app comprises 4 behavioral relaxation activities—calm
breathing, mindfulness-style meditation, deep muscle relaxation,
and self-hypnosis; one cognitive activity, incorporating both
mood tracking and thought challenging; a relaxing minigame;
and a feature for positive messages in a bottle. Feel Stress Free
is self-guided (fully automated, with no additional human
involvement), and individuals are led around the app by a
friendly robot character that makes activity recommendations.
Each activity has several options for duration and a short
audiovisual guide explaining its use and benefits. Participants
were instructed to use the app at least once per week, spending
at least 10 min on one or more of the main activities, throughout
the trial. There were no prompts or reminders to use the app.
Further details of the app and its basis can be found in
Multimedia Appendix 1. A very similar version of this app
(version 1.3) was also tested as a treatment for agoraphobia in
2017 [30]. More information can be found at
https://thrive.uk.com/ [31].
Feel Stress Free can be used on any Apple or Android
smartphone or tablet or any computer with Firefox, Safari, or
Chrome installed. Feel Stress Free is available on the web,
although it is primarily a mobile app. Users must be connected
to the internet. Participants randomized to receive the
intervention were able to download and access the app and all
its features free of charge. Those in the wait-list group were
able to do so at the end of the study. The app was offered to
participants exactly as it is publicly available. No app usage
data were available to study researchers, as per Thrive’s privacy
policy. Participants in both groups were not limited in the
additional care they could receive throughout the trial but were
asked at baseline whether they were receiving any concurrent
treatment (medication or psychological interventions) for anxiety
or depression.
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Figure 1. Screenshots of the Feel Stress Free app on a smartphone, showing the landing page for the meditation activity (A) and the mood tracker with
an activity recommendation (B).

Measures

for the anxiety and depression subscales, respectively, and .81
and .86, respectively, at week 6.

The HADS [27] is an established measure of the severity of
anxiety and depression symptoms and has been validated for
online use in a student population [32]. There are 7 items scored
from 0 to 3 on each subscale, giving a possible range of 0 to 21
for each; a score between 8 and 10 inclusive indicates a possible
case, and a score of 11 or above indicates a probable case [27].
Specificities and sensitivities are usually reported to be 80% or
higher in UK-based research [33]. A previous study did not
reveal any differences between online and pen-and-paper
versions of the scale [32]. The internal consistency (Cronbach
alpha) of the HADS in this study was .68 and .77 at baseline

The joint primary outcomes were depression and anxiety
symptom severity at week 6, as measured by the 2 subscales of
the HADS (the HADS-Anxiety Subscale, HADS-A, for anxiety
symptoms and the HADS-Depression Subscale, HADS-D, for
depression symptoms). Secondary outcomes were HADS-A
and HADS-D scores as repeated measures at baseline
(screening), week 2, and week 4. The link to complete the
web-based questionnaires was sent to all participants via email
on the first day of each of the relevant weeks, followed by
prompts throughout the week.
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Participants were asked how often they had been using the app
in the past fortnight as a measure of treatment adherence (not
at all, fortnightly, weekly, a few times, several times a week,
once a day, more than once a day, or I am not in the app group).
A response indicating weekly or more frequent usage was
considered to indicate adherence. Participants also had the
opportunity to indicate whether they had experienced any
adverse events in the past 2 weeks. If a participant indicated
that they had experienced an adverse event, details of the event
and its severity (on a scale of 1-3, with 1 being mild and 3 being
severe) were requested within the questionnaire.

Statistical Analyses
All main analyses were intention-to-treat (ITT) analyses. The
primary outcomes (HADS-D and HADS-A scores at 6 weeks)
were analyzed using linear mixed models (a separate model for
each outcome), with the scores from each time point treated as
a repeated measures outcome. Models were adjusted for age,
gender, and concurrent treatment, as these variables were
expected to be strongly associated with the outcome. An
interaction between each covariate and time permitted the effect
of the covariates to differ at each time point. We first report the
effect on the primary outcomes (HADS-D and HADS-A scores
at week 6) and then on the secondary outcomes. A random effect
of participant with an unstructured residual covariance matrix
allowed for correlations between these repeated measures on
individuals over time. Fixed effects of treatment (intervention
vs wait-list group), time (baseline and 2, 4, and 6 weeks
follow-up), and the interaction between treatment and time were
specified. The estimated baseline score was constrained to be
identical in the 2 study arms, equivalent to adjusting for baseline
and permitting the relationship between the baseline and
follow-up scores to differ at each time point. Standardized effect
sizes (ESs) were produced by performing similar analyses with
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outcome variables standardized by the mean and SD of the
whole sample at baseline. A per-protocol analysis was also
undertaken to examine the effectiveness of the intervention
under ideal conditions. This analysis compared all participants
in the wait-list group with only those participants in the
intervention group who had indicated treatment adherence at
all 3 time points, using statistical models similar to those of the
main trial analysis. All analyses were conducted using Stata
version 14 (StataCorp) [29].

Ethical Approval
This research was approved by the UCL Ethics Committee
(reference number 8227/001). All participants gave informed
consent via a web-based form before participating, and adverse
events were monitored at each time point. Data were
anonymized, stored, and protected according to the UK Data
Protection Act (2018) and the General Data Protection
Regulation guidelines (2018). The trial was registered and
reported in accordance with the Consolidated Standards of
Reporting Trials of Electronic and Mobile Health Applications
and Online Telehealth (CONSORT-EHEALTH) checklist [34].
Protocol changes can be found in Multimedia Appendix 2.

Results
Participants
During the recruitment period, 372 students enrolled in the trial;
195 out of 372 (52.4%) completed the consent form. The
baseline questionnaires were sent to these consenting
participants, and 176 of the 195 participants (90.3%) completed
them, 8 of whom were ineligible. The remaining 168 participants
were randomized—84 to each study arm. Figure 2 shows the
flow of participants through the trial.
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Figure 2. Flow of participants through the trial.

In the intervention group, one participant was unable to
download the app owing to an unexpected lack of access to a
device. A further 10 participants did not download the app. All
participants were sent questionnaires at all 3 follow-up time
points, regardless of whether they had completed the previous
questionnaires. All participants were included in the main
analyses in the groups to which they were randomized.
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Baseline Characteristics
The mean age of all 168 participants was 24.3 years (SD 6.71;
range 18-54 years), 82.7% (139/168) of the participants were
female, and 61.9% (104/168) were undergraduate students. At
baseline, the mean score on HADS-A was 13.7 (SD 3.33) and
on HADS-D was 8.31 (SD 3.96). At baseline, 45% (75/168) of
the participants reported that they would have an exam or a
dissertation deadline during the trial period, and 25.0% (42/168)
reported that they were receiving another treatment concurrently.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e15418 | p.626
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These characteristics were well balanced across groups, apart
from concurrent treatment; more participants in the intervention
group were receiving other forms of treatment during the study

McCloud et al
than in the wait-list control group (30% and 20%, respectively).
Baseline demographic and clinical information for all
randomized participants are presented in Table 1.

Table 1. Baseline demographic and clinical characteristics by study arm.
Characteristics

Intervention group (n=84)

Wait-list group (n=84)

Age (years), mean (SD)

25.1 (7.68)

23.5 (5.53)

Male

13 (15)

10 (12)

Female

69 (82)

74 (88)

Prefer not to say

2 (2)

0 (0)

University College London

37 (44)

37 (44)

University of Roehampton

34 (40)

35 (42)

School of Oriental and African Studies, University of London

8 (10)

7 (8)

University of Buckingham

5 (6)

5 (6)

Undergraduate

51 (61)

53 (63)

Postgraduate

33 (39)

31 (37)

Assessment during trial, n (%)

38 (45)

37 (44)

Concurrent treatment, n (%)

25 (30)

17 (20)

HADS-Anxiety Subscale (HADS-A)

83 (99)

82 (98)

HADS-Depression Subscale (HADS-D)

46 (55)

45 (54)

Comorbid depression and anxiety

45 (54)

43 (51)

Gender, n (%)

University, n (%)

Graduate status, n (%)

Participants with HADSa score >8b, n (%)

a

HADS: Hospital Anxiety and Depression Scale.

b

A Hospital Anxiety and Depression Scale (HADS) subscale score of more than 8 indicates possible depression or anxiety. Participants who met this
criterion on both subscales of the HADS are additionally indicated as having comorbid depression and anxiety, respectively.

Main Analyses
The mean scores for each HADS subscale by study arm and
time point are shown in Table 2. We found evidence that the
Feel Stress Free app reduced depression at 6 weeks follow-up
(adjusted mean difference [MD] −1.56; 95% CI −2.67 to −0.44;
P=.006; standardized ES=0.39); but only very weak evidence
was found of a reduction in anxiety (adjusted MD −1.36; 95%
CI −2.93 to 0.21; P=.09). At week 4, there was evidence of the
effectiveness of the app in reducing symptoms of both
depression (adjusted MD −1.08; 95% CI −2.12 to −0.04; P=.04;
ES=0.27) and anxiety (adjusted MD −1.94; 95% CI −3.11 to
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−0.77; P=.001; ES=0.58). There was weak evidence for an effect
of the intervention on anxiety symptoms at week 2, but no
evidence of a treatment effect for depression symptoms. These
results were consistent with the unadjusted model, with the
exception of week 2, where there was weak evidence of the
app’s effectiveness in reducing both anxiety and depression
symptoms in the unadjusted model. The multilevel model results
are presented in Table 3. Figure 3 shows the HADS anxiety and
depression subscale scores by study arm, estimated by model
2. A sensitivity analysis adjusting additionally for university
can be found in Multimedia Appendix 3 (first table).
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Table 2. Hospital Anxiety and Depression Scale anxiety and depression scores by study arm at baseline and at 2, 4, and 6 weeks of follow-up.
Scale and time point

Intervention group

Wait-list group

n

Mean (SD)

n

Mean (SD)

Week 6

41

10.8 (4.25)

57

11.8 (4.60)

Week 4

45

10.1 (3.85)

61

12.1 (4.19)

Week 2

58

11.2 (3.75)

70

12.6 (3.88)

Baseline

84

13.4 (3.25)

84

13.9 (3.41)

Week 6

41

5.8 (3.72)

57

6.6 (4.07)

Week 4

45

5.9 (3.63)

61

6.6 (3.61)

Week 2

58

6.3 (3.20)

70

6.9 (3.84)

Baseline

84

8.3 (3.73)

84

8.3 (4.20)

HADSa-Anxiety Subscale

HADS-Depression Subscale

a

HADS: Hospital Anxiety and Depression Scale.

Table 3. Estimated effect of Feel Stress Free intervention on Hospital Anxiety and Depression Scale anxiety and depression scores at 2, 4, and 6 weeks
of follow-up.
Timepoint

Model 1a

Model 2a
P value

Effect sizeb

Estimate (95% CI)

P value

Effect sizeb

−1.08 (−2.62 to 0.47)

.17

0.32

−1.36 (−2.93 to 0.21)

.09

0.41

Week 4

−1.94 (−3.06 to −0.82)

.001

0.58

−1.94 (−3.11 to −0.77)

.001

0.58

Week 2

−1.27 (−2.39 to −0.15)

.03

0.38

−1.10 (−2.28 to 0.07)

.07

0.33

−1.26 (−2.37 to −0.16)

.03

0.32

−1.56 (−2.67 to −0.44)

.006

0.39

Week 4

−1.20 (−2.21 to −0.19)

.02

0.30

−1.08 (−2.12 to −0.04)

.04

0.27

Week 2

−0.98 (−1.91 to −0.06)

.04

0.25

−0.67 (−1.62 to 0.27)

.16

0.17

Estimate (95% CI)
HADSc-Anxiety Subscale
Primary
Week 6
Secondary

HADS-Depression Subscale
Primary
Week 6
Secondary

a

Estimates are from linear mixed models, with scores from each time point treated as a repeated measures outcome. In both models, the baseline score
was constrained to be identical in the 2 study arms, equivalent to adjusting for baseline. Model 2 adjusted additionally for age, gender, and presence of
concurrent treatment.
b

Effect size standardized by mean and SD of sample at baseline.

c

HADS: Hospital Anxiety and Depression Scale.
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Figure 3. Hospital Anxiety and Depression Scale anxiety and depression scores by study arm, estimated by the adjusted multilevel model at each time
point. Error bars represent 95% CIs. HADS-A: Hospital Anxiety and Depression Scale-Anxiety Subscale; HADS-D: Hospital Anxiety and Depression
Scale-Depression Subscale.

Attrition and Adherence
Overall, 58.3% (98/168) of the randomized participants
completed the week 6 questionnaires. A larger proportion of
participants in the wait-list group provided outcome data at
week 6 (57/84, 68%) than in the intervention group (41/84,
49%; χ21=6.3; P=.01). We used univariable logistic regression
models to identify baseline variables associated with having
incomplete outcome data (missing questionnaire data at any
time point). Postgraduates were less likely to have missing
outcome data than undergraduates (odds ratio 0.44; 95% CI
0.23 to 0.84; P=.01), but there were no differences in terms of

any other baseline characteristics. Therefore, we conducted a
sensitivity analysis adjusting for graduate status to investigate
the possible effect of missing outcome data. The treatment effect
was similar. More details can be found in Multimedia Appendix
3 (second table).
Adherence to the treatment was defined as using the app weekly
or more frequently. By this definition, 98% of the participants
reported adherence at week 2, 89% at week 4, and 83% at week
6 (Table 4). Of the participants who completed all the follow-up
questionnaires, 80% (32/40) indicated adherence at every time
point.

Table 4. Usage data for the intervention group at each time point. Adherence was defined as using the app weekly or more frequently, measured via
self-report.
Usage

Week 2 (n=56), n (%)

Week 4 (n=45), n (%)

Week 6 (n=41), n (%)

Less than weekly

1 (2)

5 (11)

7 (17)

Weekly

9 (16)

10 (22)

6 (15)

A few times a week

28 (48)

19 (42)

20 (49)

Several times a week

17 (29)

8 (18)

5 (12)

Daily or more

3 (5)

3 (7)

3 (7)

Per-Protocol Analysis
We performed a prespecified per-protocol analysis including
only those in the intervention group who indicated treatment
adherence at every time point (32/84, 38%) and all participants
in the wait-list control group (n=84). Although no longer an
unbiased sample, the estimated adjusted treatment effects at the
primary end point (week 6) were similar to those from the ITT
analysis for both anxiety symptoms (adjusted MD −1.37; 95%
CI −3.17 to 0.42; P=.13) and depression symptoms (adjusted
MD −1.88; 95% CI −3.12 to −0.64; P=.003). At week 4, there
was also evidence to support the effectiveness of the app at
reducing both anxiety (adjusted MD −2.11; 95% CI −3.50 to
−0.73, P=.003) and depression symptoms (adjusted MD −1.13;
95% CI −2.35 to 0.08; P=.07), again in line with the ITT
analysis.
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Safety
Two participants in the app group reported adverse events
associated with the intervention. One participant reported at
week 4 that they were “feeling reliant on it” and “recognising
deeper thoughts and emotions” and rated the severity of these
unpleasant effects as mild. The second participant reported that
they experienced feelings of stress and anxiety when they had
technical difficulties with the app, which they reported as being
of moderate severity at week 2 and of mild severity at week 6.
There were no other reports of any adverse events experienced
as a result of the intervention.
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Discussion

those in the intervention group continued to use the app regularly
at week 6.

Principal Findings

Offering the app to users as it would be in a real-world setting
and without supervision allowed the study to have a higher level
of external validity than most trials. In addition, the ITT
approach to analysis provides a more valid estimate of the
effectiveness of the intervention, by reflecting the protocol
deviations and noncompliance common in clinical practice.
Participants self-administered all outcome measures online and
had no personalized contact with trial personnel, which means
that observer bias can be discounted.

We found preliminary evidence that the Feel Stress Free app
reduced depression and anxiety symptoms after 6 weeks. At
secondary time points, we observed greater reductions in
depression and anxiety symptoms in the intervention group
compared with the control group after 4 weeks. Treatment
adherence and usage of the app were encouraging (83% reported
using the app weekly or more frequently at week 6), and very
few adverse events were reported. These results provide
preliminary support for the effectiveness of this mobile
CBT-based app in treating depression and anxiety symptoms
in a student population.
The standardized ESs for statistically significant comparisons
were 0.39 (week 6) and 0.27 (week 4) for depression, which
are considered small [35], and 0.58 (week 4) for anxiety, which
are considered medium [35]. These are in line with other recent
studies that compare CBT apps with wait-list or inactive
controls; meta-analyses by Firth et al reported standardized
mean difference ESs of 0.45 for anxiety [36] and 0.56 for
depression [37]. Although these meta-analyses reported smaller
ESs for studies comparing similar apps with active controls
(0.19 and 0.22 for anxiety and depression, respectively), for
students on a waiting list or for whom therapist-supported CBT
or face-to-face CBT is not an option, a readily available
intervention that produces even a relatively small effect after 4
weeks would be of value.
Although a minimum clinically important difference (MCID)
has not been established for the HADS in the general population,
the best estimate we have is from trials of those with chronic
pulmonary obstructive disorder. Although MCIDs are a complex
issue likely to be best represented by percentage rather than
absolute score changes [38], in these trials, a change in score
of 1.5 points is generally accepted as the MCID [39,40]. Our
adjusted mean difference estimates slightly exceeded this value
at week 6 for depression but was below it at week 4. For anxiety,
the adjusted mean difference estimate was below this value (and
not statistically significant) at week 6 but exceeded this value
at week 4. On the basis of 95% CIs for these estimates, we
cannot rule out the potential for a clinically significant effect
of this intervention, but we also cannot rule out the values in
the lower range, which would be small and not clinically
important. Overall, these findings should be treated with caution
regarding clinical importance.

Strengths
This study avoided many methodological issues common
throughout the internet-based CBT literature. In particular,
adherence to the app-based treatment was clearly defined and
measured and not just assumed from the completion of outcome
measures. This allowed us to make observations regarding app
usage separate from study participation—for instance,
postgraduates were less likely to have missing data than
undergraduates, but not more likely to indicate treatment
adherence, as may have been assumed otherwise. We can,
therefore, report the important positive outcome that 83% of
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This study contributes new data to the body of literature
surrounding cCBT and more specifically to the emerging field
of mobile- and app-based CBT. Our findings suggest that mobile
CBT without therapist support or a structured session-based
approach may improve symptoms of anxiety and depression in
a sample with a range of symptom severities, including
subclinical and severe. This study also provides preliminary
evidence for the effectiveness of the attributes of this particular
app, which can be directly compared with other apps of this
kind to consider the ideal characteristics of cCBT and
internet-based CBT to optimize effectiveness.

Limitations
This study has several limitations. One issue was attrition, as
only 58% of the participants completed the week 6
questionnaires. However, this rate is comparable with what is
seen at similar time points in other trials of mobile- and
web-based CBT where therapist contact is minimal or absent
[28,41,42]. Furthermore, although the sample size at week 6
was relatively small, the multilevel modeling analysis technique
used allows all participants to contribute to analyses, even those
with missing follow-up data, which increases the statistical
power. Nevertheless, future research should focus on trying to
ascertain the reasons behind dropouts, particularly in relation
to app design. In this study, it is unclear whether those in the
intervention group who stopped completing questionnaires were
doing so because of the questionnaires or because they did not
want or need to use the app any more. Fewer participants
dropped out in the wait-list group (Table 2), which may be
because they remained interested in the trial as a way to access
the app. Overall, the attrition observed appears to be realistic
for a web-based trial comparing a CBT-based app with a
wait-list control group [42]. Future web-based trials could try
to incorporate some elements of interaction with participants
to improve retention, for example, an in-person consent
procedure and demonstration of the app and regular reminders
to use the app.
It must be considered that our estimate of adherence was based
on self-reported data subject to social desirability bias, and the
true rate of adherence may be lower. However, if we did
overestimate adherence, the fact that low levels of usage
produced a benefit would provide support for the effectiveness
of the app even without frequent use, in line with findings by
Firth et al [36]. Nevertheless, more detailed data on participants’
usage of the app, potentially including qualitative feedback on
its perceived usefulness and user experience, would be beneficial
to the field. Future studies should incorporate direct monitoring
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of the participants’ app usage where possible to ascertain
whether there is a dose-response relationship and whether usage
of certain activities within the app may be associated with better
outcomes and/or preferred by participants [43].
A further limitation of this study is the use of a wait-list control
group. As it was not possible to blind participants, the groups
differed in their expectation of improvement, and a placebo
effect in the intervention group could have inflated ESs or made
a type I error more likely. In particular, a so-called digital
placebo has been suggested by some researchers, in that the
observed benefits could arise from the increased use of the
electronic device itself [44]. Nevertheless, this intervention
requires such little investment on the part of distributors and
patients alike that this would not discredit its use entirely,
particularly for those who are waiting for another treatment. In
this way, our comparison between a mobile CBT-based app and
a control group lacking in expectation of improvement can be
considered to reflect the real-world situation of those at whom
this intervention is aimed and should be considered in this
context of increased external validity. In addition, the wait-list
group also showed improvement during the trial, thus reducing
the differences between groups. This is common in trials and
likely because of spontaneous improvement; fluctuations in
symptoms; and regression to the mean, all of which accompany
the passage of time [45]. However, we cannot rule out the
possibility that the control group sought out and used other
CBT-based mental health apps or other treatments during the
course of the trial, thus diminishing the observed effect of the
Feel Stress Free app.
Our sample was 85% female, which could limit the
generalizability of our results. Although we had more female
students taking part than expected, some gender imbalance is
common in trials and likely to partly reflect gender differences
in prevalence and help-seeking behaviors. Further research
could investigate whether female students are more interested
in mobile app interventions than male students, and apps could
be then tailored accordingly. The results of this trial may also
not be generalizable beyond university students, but arguably,
these are the individuals who are most likely to benefit from
the accessibility of this type of treatment [46]. The sample was
a mix of those with subclinical and clinical symptoms to reflect
this population. The promising results indicate the possible
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effectiveness of the app in potentially treating and preventing
clinical levels of symptoms.

Future Directions
Further research is needed to confirm the effectiveness of this
mobile intervention at and beyond 6 weeks, particularly for
anxiety. Our results are in line with the oft-reported finding that
the majority of the improvement associated with a CBT app
(and traditional CBT [47]) is seen in the short term [48,49], but
a longer follow-up period will be needed to ascertain whether
our week 6 results represent a fluctuation typically seen around
the 6-week time point. To rule out the digital placebo effect as
an explanation for our results, this app should also be compared
with an active, smartphone-based control. As more evidence is
gathered for individual CBT apps, comparisons between
different apps are warranted, followed by a consideration of the
characteristics that the most effective apps have in common—a
recent meta-analysis attempted this but was not able to draw
robust conclusions [37].
This app could be offered to university students, particularly
where the demand for therapies exceeds the provision. The app
could be offered to those who are on the waiting list for
traditional CBT; it may be particularly useful when a rapid
improvement is imperative, such as before exams. Trying
self-directed forms of CBT may also make individuals more
likely to seek traditional CBT [50] and can be an alternative for
those who are unable to attend therapy. Students are unlikely
to have a problem accessing a device on which the app can be
used, and benefits were observed regardless of age and gender.
Internet-based interventions such as Feel Stress Free would
also fit well within a stepped care model, such as that currently
in place in the United Kingdom; it could be offered during the
period of guided self-help [15,,51], followed by traditional CBT
if this is not beneficial. Future research could also explore the
use of internet-based interventions as an adjunct to traditional
CBT, for use between sessions.

Conclusions
We found preliminary evidence to support the use of Feel Stress
Free, a CBT-based mobile app, as a short-term intervention for
students experiencing symptoms of depression and anxiety.
Further research is needed to establish the potential benefit of
the app, in particular by comparing it with an active control in
a larger sample less vulnerable to dropouts.
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Abstract
Background: Cognitive frailty is the coexistence of physical frailty and cognitive impairment and is an at-risk state for many
adverse health outcomes. Moderate-to-vigorous physical activity (MVPA) is protective against the progression of cognitive
frailty. Physical inactivity is common in older people, and brisk walking is a feasible form of physical activity that can enhance
their MVPA. Mobile health (mHealth) employing persuasive technology has been successful in increasing the levels of physical
activity in older people. However, its feasibility and effects on older people with cognitive frailty are unclear.
Objective: We aimed to identify the issues related to the feasibility of an mHealth intervention and the trial (ie, recruitment,
retention, participation, and compliance) and to examine the effects of the intervention on cognitive function, physical frailty,
walking time, and MVPA.
Methods: An open-label, parallel design, randomized controlled trial (RCT) was employed. The eligibility criteria for the
participants were age ≥60 years, having cognitive frailty, and having physical inactivity. In the intervention group, participants
received both conventional behavior change intervention and mHealth (ie, smartphone-assisted program using Samsung Health
and WhatsApp) interventions. In the control group, participants received conventional behavior change intervention only. The
outcomes included cognitive function, frailty, walking time, and MVPA. Permuted block randomization in 1:1 ratio was used.
The feasibility issue was described in terms of participant recruitment, retention, participation, and compliance. Wilcoxon
signed-rank test was used to test the within-group effects in both groups separately.
Results: We recruited 99 participants; 33 eligible participants were randomized into either the intervention group (n=16) or the
control (n=17) group. The median age was 71.0 years (IQR 9.0) and the majority of them were females (28/33, 85%). The
recruitment rate was 33% (33/99), the participant retention rate was 91% (30/33), and the attendance rate of all the face-to-face
sessions was 100% (33/33). The majority of the smartphone messages were read by the participants within 30 minutes (91/216,
42.1%). ActiGraph (58/66 days, 88%) and smartphone (54/56 days, 97%) wearing compliances were good. After the interventions,
cognitive function improvement was significant in both the intervention (P=.003) and the control (P=.009) groups. The increase
in frailty reduction (P=.005), walking time (P=.03), step count (P=.02), brisk walking time (P=.009), peak cadence (P=.003),
and MVPA time (P=.02) were significant only in the intervention group.
Conclusions: Our mHealth intervention is feasible for implementation in older people with cognitive impairment and is effective
at enhancing compliance with the brisk walking training program delivered by the conventional behavior change interventions.
We provide preliminary evidence that this mHealth intervention can increase MVPA time to an extent sufficient to yield clinical
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benefits (ie, reduction in cognitive frailty). A full-powered and assessor-blinded RCT should be employed in the future to warrant
these effects.
Tr i a l
Registration:
HKU
Clinical
Trials
Registry
HKUCTR-2283;
http://www.hkuctr.com/Study/Show/31df4708944944bd99e730d839db4756
(JMIR Mhealth Uhealth 2020;8(7):e16596) doi:10.2196/16596
KEYWORDS
cognitive frailty; brisk walking; smartphone; moderate-to-vigorous physical activity; older people

Introduction
Cognitive frailty is a heterogeneous clinical syndrome
characterized by the coexistence of both physical frailty and
cognitive impairment without being severe enough to fulfil the
criteria for dementia [1]. Physical frailty is a phenotype of
slowness, muscle weakness, less physical activity, exhaustion,
and weight loss [2]. Cognitive frailty is common in
community-dwelling older people, with a prevalence of
2.4%-8.9% [3,4]. It is an at-risk state for many adverse health
outcomes, including dementia, dependency, and mortality [5-7].
Physical activity is protective against the progression of
cognitive frailty because it optimizes the neurobiological
conditions that cause cognitive frailty (eg, glucose metabolism,
sarcopenia, insulin resistance) [8-10]. Physical inactivity is
defined by the World Health Organization (WHO) as the
performance of less than 150 minutes of moderate-to-vigorous
physical activity (MVPA) per week [11]. The WHO has also
advised that engaging in MVPA for 150 minutes per week, with
each session lasting not less than 10 minutes, will lead to health
benefits [11]. Physical inactivity is one of the key phenotypical
characteristics of frailty [2]. There is evidence that the intensity
of physical activity plays an important role in yielding favorable
health outcomes in older people. A study showed that replacing
sitting time with MVPA was associated with a significant
decrease in frailty but replacing sitting time with light physical
activity was not [12]. Despite the beneficial effects of MVPA,
physical inactivity is still common in older people, with a
prevalence of over 60% in the United States and over 40% in
China [13,14]. A systematic review showed that the prevalence
of physical inactivity increases with age in older people [15].
Walking is the most common and inexpensive form of physical
activity for older people and makes up approximately 80% of
the total amount of physical activity that they engage in during
their leisure time [16]. An ActiGraph accelerometer validation
study showed that walking at a speed of >3.2 km/h or >100
steps/min fulfilled the criteria of MVPA, which is 3 metabolic
equivalents in older people [17,18]. Therefore, brisk walking
is a feasible form of physical activity for older people to enhance
their MVPA.
Behavioral change interventions employing various behavioral
change techniques have been successful at changing the behavior
of different populations, from being physically inactive to
becoming physically active [19]. In the process of ageing, many
factors hinder older people from leading a physically active life,
including poor health, a lack of company, a lack of interest, a
lack of skills, and a lack of opportunities [20,21]. These factors
https://mhealth.jmir.org/2020/7/e16596
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can diminish the effects of a behavioral change intervention
aimed at increasing their levels of physical activity. A systematic
review showed that the effect size of a behavioral change
intervention in older people was small (d=0.14) because many
self-regulation intervention techniques that are effective for
younger adults may not be effective for older adults [22]. There
is a need to maximize the effect for this vulnerable group to
ensure that older people with cognitive frailty are physically
active enough to promote their health.
Mobile health (mHealth, also known as eHealth) refers to the
health
services
delivered
or
enhanced
through
mobile/electronic-related technology [23]. Persuasive technology
is a branch of mHealth in which the aim is to use digital
technology to guide users to change their attitudes and behavior
by enhancing the effects of behavioral change techniques [24].
mHealth interventions show promise in encouraging older
people to increase their levels of physical activity as reported
in systematic reviews [25-28]. Because there is a lack of
properly designed trials in this area, none of these systematic
reviews drew conclusions on whether the mHealth is more
effective or can enhance the effect of the conventional
intervention to promote physical activity in older people.
Older people with cognitive frailty are more vulnerable than
robust older people to engage in physical activity because
cognitive impairment and physical frailty reduce their intrinsic
motivation through mechanisms such as neurological and
muscular damage [29,30]. They have much lower baseline
motivation than the robust older people. Baseline motivation is
known to be associated with the effect of behavioral changes
[31]. Moreover, compared to the robust people, older people
with cognitive frailty have a lower baseline physical activity
level [2]. The effect of a behavioral intervention promoting
physical activity is known to be weaker in people with lower
baseline physical activity [32]. Thus, the promising effect of
eHealth interventions in robust older people may be hindered
in translating to older people with cognitive frailty, let alone
their effects on the clinical outcomes of cognitive frailty.
In the previous trials, most of the mHealth interventions that
were included in the reviews used only websites, DVDs, and
texting instead of face-to-face physical activity training and
health education [25-28]. Recently, studies have shown that the
newly developed technologies, including wearable devices and
social media, showed promising effects in promoting physical
activity in many populations (eg, young people, cancer
survivors) [33-35]. However, there is a lack of trials examining
whether the new mHealth technologies are more effective than
the conventional behavior change programs (eg, face-to-face
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behavioral counselling, education). We hypothesize that the
mHealth intervention employing the recently developed
technologies is feasible and can enhance the behavioral change
effect to promote physical activity in older people with cognitive
frailty and eventually lead to favorable clinical outcomes (ie,
amelioration of cognitive frailty). The aims of this study were
to identify issues relating to the feasibility of the interventions
and the trial (ie, recruitment, retention, participation, and
compliance) and to examine the preliminary effects of the
intervention by testing the following hypothesis: (1) the mHealth
intervention significantly increases cognitive function, reduces
physical frailty, increases walking behaviors, and increases
MVPA and (2) the conventional behavior change intervention
does not significantly increase cognitive function, reduce
physical frailty, increase walking behaviors, or increase MVPA.

Methods
Trial Design
An open-label, parallel design (1:1 ratio), randomized controlled
trial (RCT) was employed. This pilot trial has been registered
with the Hong Kong University Clinical Trials Registry
(HKUCTR-2283). This section reports the methods employed
in the trial by following the CONSORT-EHEALTH checklist
(Multimedia Appendix 1) [36].

Settings
This study was conducted in community settings. The
participants were recruited from 2 elderly community centers
in Hong Kong during the period of May 2018 to June 2019.
Elderly community centers regularly provide recreational and
social activities for community-dwelling people above the age
of 60 years.

Participants
The inclusion criteria for the participants were age ≥60 years
and having cognitive frailty, which was operationally defined
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as the coexistence of mild cognitive impairment (MCI) and
physical frailty (including both frailty and prefrailty) [6]. MCI
was confirmed by the following criteria put forward by the
National Institute on Aging-Alzheimer’s Association [37]: (1)
self-reported or informant-reported cognitive complaints, (2)
objective cognitive impairment, as defined by a Clinical
Dementia Rating of 0.5 and a Montreal Cognitive Assessment
(MoCA) score of <25 [38,39], (3) preservation of one’s
independence, as defined by the Lawton’s Instrumental Activity
of Daily Living score of >14 [40], and (4) no diagnosed
dementia, as observed in the medical record, as defined by the
Diagnostic and Statistical Manual of Mental Disorders, Fifth
Edition criteria for Major Neurocognitive Disorders [41].
Physical frailty from being prefrail to frail was defined by a
Fried Frailty Index (FFI) score of 1-5 [2]. Physical inactivity
was operationally defined by MVPA<150 min in the last 7 days.
It was measured by structured interviews guided by a list of
MVPAs with reference to the Physical Activity Scale for the
Elderly [42]. The exclusion criteria for the participants were
having impaired mobility because older people cannot briskly
walk outdoors, as defined by the modified Functional
Ambulatory Classification score of <7 [43], depressive
symptomatology because they have poor motivation as defined
by a Geriatric Depression Scale score of ≥8 [44], or probable
dementia (ie, MoCA<20 or clinical dementia rating ≥1) [45]
because the underdiagnosis of dementia is common, implying
that some cases of dementia do not appear on medical records
[46].

Intervention Group and Control Group Interventions
As shown in Table 1, in the intervention group, both the
conventional behavior change intervention and the mHealth
intervention will be implemented. In the control group, only
the conventional behavior change intervention will be
implemented.
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Table 1. Intervention groups and intervention procedures.
Groups and intervention procedures

Conventional behavior change intervention

mHealth intervention

Intervention group
Reducing the difficulty of changing the target be- Face-to-face meetings
havior by setting short-term goals

WhatsApp

Personalization of goals

Face-to-face meetings

WhatsApp + Samsung Health

Messages of praise

Face-to-face meetings

WhatsApp + Samsung Health

a

e-reminders

N/A

WhatsApp + Samsung Health

Use of validity tested-devices

N/A

Samsung Galaxy smartphone

Integration of self-tracking

N/A

Samsung Health

e-coaching

N/A

WhatsApp + Samsung Health

Brief activity counselling

Face-to-face meetings

N/A

Telephone follow-up

Telephone

N/A

Health education

Face-to-face meetings

N/A

Exercise training (brisk walking)

Face-to-face meetings

N/A

Control group

a

Not applicable.

Conventional Behavior Change Intervention
Conventional behavior change interventions have been shown
to have a significant effect on prompting physically inactive
older people to increase their levels of physical activity by
employing various measures [22]. A large-scale study (N=878)
showed that a behavioral change intervention that included brief
activity counselling using motivational interviewing, regular
telephone and face-to-face support, health education, and
exercise training significantly increased the physical activity of
the older people [47]. As shown in Table 1, these 4 components
were adopted in this study to formulate the conventional
behavior change intervention. To materialize these components,
the procedures in a large-scale study were adopted for the
motivational interviewing and regular telephone support
components [47]. For the health education component, the
educational resources for cognitive frailty from both the National
Health Service and the Alzheimer’s Association were utilized
because they provide internationally reliable health education
information that is comprehensible to laypeople [48,49]. The
exercise training (ie, training in brisk walking) component
adopted the contents of the brisk walking training program
devised by the Hong Kong Leisure and Cultural Services
Department [50].

mHealth Intervention
A systematic review of 32 publications indicated that mHealth
interventions are effective when they include (1) reduction in
the difficulty of the target behaviors to be changed, (2)
personalization of goals, (3) messages of praise, (4) e-reminders,
(5) use of validity-tested devices, (6) integration of self-tracking,
and (7) e-coaching [51]. As shown in Table 1, these 7
components were adopted in this study to formulate the mHealth
intervention.
To materialize these components, we adopted a simple target
behavior (ie, brisk walking) that reduces the difficulty of the
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target behavior to be changed. The Samsung Galaxy smartphone
J2 with 2 apps (ie, Samsung Health and WhatsApp) was used.
This smartphone was chosen because it has many accurate
sensors (eg, a triaxial accelerometer) and is a validity-tested
device that can be used to accurately measure step counts and
walking velocity when placed in a pant pocket or a backpack
during free walking and has a mean absolute percentage error
of less than 3 [52]. Samsung Health is a physical activity
autotracking app. It autonomously and continually monitors the
walking behaviors (eg, steps, walking speed, walking time,
physical activity intensity) of the users. It also coaches users to
set individualized goals, logs all the physical activity data,
provides immediate onsite rewards and performance reviews,
suggests tailored walking, provides real-time feedback, and
allows comparisons to be made with peer participants. Samsung
Health is used because it allows e-reminders to be sent to the
users to remind them to perform their walking exercise and
provides self-tracking of the walking behaviors and the amounts
of physical activity with immediate feedback at the scene.
WhatsApp is a communication app that allows users to send
text messages and voice messages, to make voice calls and
video calls, and to share images, documents, user locations, and
other media. WhatsApp was used because it allows e-coaching,
personalization of goal settings, and messages of praise to be
remotely provided by the research assistants.

Implementation Procedures
A trained interventionist provided the interventions. One
interventionist was trained to deliver the interventions to all the
participants because we wanted to minimize the
inter-interventionist variance during the stage of the pilot trial.
The interventionist was a baccalaureate graduate with a major
in psychology who had received theoretical training related to
behavioral change. Before the implementation of the
interventions, the interventionist completed training in brisk
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walking provided by a nursing academic specializing in
gerontology.
As shown in Table 2, the total intervention period lasted for 12
weeks. In both the groups, health education was launched in
week 1. Exercise training (ie, training in brisk walking) was
conducted in weeks 1 and 2. One training session was conducted
in an elderly center and another in a real practice environment
close to the participants (ie, a public park). Face-to-face

meetings were conducted 3 times in weeks 4, 8, and 12. In the
control group, in addition to the above, 2 telephone follow-up
meetings were conducted in weeks 6 and 10. In the intervention
group, the follow-up sessions were conducted using a
smartphone with WhatsApp and Samsung Health, instead of
with a telephone, from weeks 3 to 12, immediately after the
participants received training on how to use the smartphone.
Messages (eg, praise messages, e-reminders, personalized goals,
coaching) were sent to the participants at least once a week.

Table 2. Intervention implementation schedule.
Groups and interventions

Weeks
1

2

3

4

5

6

7

8

9

10

11

12

mHealtha

N/Ab

N/A

SFc

SF

SF

SF

SF

SF

SF

SF

SF

SF

CBCd

ET1e and HEf

ET2

STg

F2Fh

N/A

N/A

N/A

F2F

N/A

N/A

N/A

F2F

ET1 and HE

ET2

N/A

F2F

N/A

TFi

N/A

F2F

N/A

TF

N/A

F2F

Intervention group

Control group
CBC
a

mHealth: mobile health.

b

Not applicable.

c

SF: smartphone follow-up (WhatsApp + Samsung Health)

d

CBC: conventional behavior change.

e

ET: exercise training.

f

HE: health education.

g

ST: smartphone training.

h

F2F: face-to-face meeting.

i

TF: telephone follow-up.

Tailored dosages were employed. Tailoring refers to the
adjustment of intervention implementation strategies to address
varying levels of the barrier to changing particular behaviors.
Tailoring is needed because these barriers affect the
effectiveness of the behavioral change [53]. The varying barrier
in this population is mainly the level of the physical fitness at
baseline. The training target was adjusted to the baseline
physical fitness. The latest guideline recommends that older
people should be encouraged to increase their level of activity
by small amounts, rather than focusing on immediately reaching
the recommended level [54].
As shown in Table 3 and Table 4, the intervention was tailored
to 2 aspects: (1) setting personalized goals and (2) contacting
participants. The personalized physical activity goals were set
according to 4 principles: (1) practice availability, (2) baseline

fitness, (3) previous performance, and (4) personal wish.
WhatsApp messages were sent to the participants in response
to 3 triggers: (1) weekly routine messages, (2) when there was
no brisk walking for more than 2 days, and (3) when the weekly
goal was achieved earlier than expected. The details of the
tailoring procedures are shown in Multimedia Appendix 2.
Therefore, the weekly training goals (eg, relating to walking
speed, walking time, number of steps) were tailored according
to the participants’ individual level of physical fitness at baseline
and to their progress. The training goal at the first level was to
increase the number of MVPA minutes, while the goal at the
second level was to increase the number of MVPA minutes to
above 150 min/week at a rate agreed upon by both the
participants and the research assistants.

Table 3. Description of the tailored strategies as per personalized goals in the mHealth intervention.
Principles

Actions

Practice availability

Set number of time slots and set available periods to practice brisk walking

Baseline fitness

Prefrail: start with a goal of 5-10 sessions/week*, Frail: start with a goal of 3-5 sessions/week*

Previous performance

Achievers: add 2-5 minutes/session and add 1 session/week; Nonachievers: goal remains as the best
performance the participant has ever achieved in the previous weeks

Personal wish

Compromised with the participants according to their wishes (eg, confidence, motivation)

*A session is preset as a 10-minute brisk walking session.
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Table 4. Description of the tailored strategies by contacting the participants in the mHealth intervention.
Triggers

Contents

Weekly routine messages

A set of messages on the health benefits of brisk walking and a summary of the participants’ performance in the previous week

When there is no brisk walking for more than 2 e-reminders and e-coaching
days
When the weekly goal is achieved before the
end of the week

Messages of praise

Outcomes
Trained research assistants collected the data at the baseline,
which is the week before the randomization and commencement
of the intervention (T0) and at 1 week after the completion of
the intervention (T1). The demographic and clinical
characteristics were measured at baseline. The outcome variables
were collected at both T0 and T1. The 4 outcomes were as
follows:
1.

2.

3.

4.

Cognitive function was measured using the MoCA [38].
MoCA contains 30 dichotomous items. The correct answer
on 1 item will be accorded a score of 1 point. Total scores
range from 0 to 30, with a higher score indicating better
cognitive function. The test has been found to have good
validity in detecting MCI (sensitivity 0.90, specificity 1.00)
[38].
Frailty was measured using the FFI [2], which quantifies
the phenotypes of frailty according to 5 components (ie,
weight loss, exhaustion, low physical activity, slow gait,
and weakness) by using physical performance tests and
questionnaires following Fried’s guideline. FFI scores range
from 0 to 5, with 1 point assigned for the presence of 1
component. A higher FFI score indicates a higher frailty
level. Those with 0, 1-2, or 3-5 point(s) are classified
respectively as robust, prefrail, or frail, respectively.
Walking was measured using a wrist-worn ActiGraph
GT3X+, which is a valid step counter because it can
estimate 97.5% of the observed steps in a free-living
environment [55]. Walking was quantified according to the
total walking time, brisk walking time (>100 steps/min),
step counts, and 1-minute peak cadence. The participants
were instructed to wear the ActiGraph during the data
collection time intervals (ie, T0 and T1) for 24 hours a day
and for 7 days. They were allowed to remove the ActiGraph
only on special occasions (eg, bathing) that were expected
to amount to less than 1 hour per day. Although Samsung
Health is valid for counting steps, its data could not be
extracted into minute-by-minute units for a precise data
analysis. An ActiGraph was therefore used to measure the
amount of walking that the participants engage in.
Physical activity was also measured using a wrist-worn
ActiGraph GT3X+ because it has a good criterion validity
for differentiating MVPA from non-MVPA compared to
indirect calorimetry (cutoff 6,367, sensitivity 0.70,
specificity 0.87, area under the curve 0.83; P<.001) in older
people when walking on a treadmill at different speeds [56].
An MVPA minute is defined as a minute in which the
ActiGraph has recorded physical movements (ie, vector
magnitude) of above 6367 counts/min [56]. Only 10 minutes
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of continuous MVPA minutes were counted as valid MVPA
minutes because only sessions of more than 10 minutes of
continuous MVPA are considered beneficial, as
recommended by the WHO [11]. Physical activity is
quantified by valid MVPA minutes measured in 7
consecutive days because a 7-day interval is adequate for
understanding the pattern of the routine physical activity
engaged in by an individual and is widely used as a standard
in studies on physical activity [55,57]. Only MVPA minutes
measured on valid days count as valid MVPA minutes (ie,
ActiGraph wearing time >10 hours/day) for a valid period
(ie, valid days >3 days) [58,59].

Sample Size
There are no previous studies reporting the effects of an eHealth
intervention promoting physical activity specifically in older
people with cognitive frailty. In a systematic review, eHealth
interventions were found to increase MVPA for 8.6-16.0
min/day in the general older population [28]. A study showed
that the older people with MCI generally performed MVPA for
24.1 (SD 18.7) min/day [60]. Considering that the effect on
older people with MCI is lower because of their lower
motivation [29], we adopted a conservative approach to estimate
a between-group difference of 8.6 MVPA min/day with a
baseline MVPA time of 24.1 (SD 18.7) min/day (ie, d=0.46).
This is a pilot trial, which was not aimed to test the effect by a
full-powered study. Instead, this pilot trial aimed to estimate
the preliminary effect in a small sample to provide a reference
of effect for the main trials to estimate the sample size.
Following Cock’s methods to estimate the sample size in pilot
trials, 34 participants are needed to produce a one-sided 90%
confidence limit of the effect size for the main trial (ie, d=0.46)
[61]. Assuming the attrition rate of 20% in this pilot trial, we
aimed to recruit 34-40 persons in total.

Randomization
Permuted block randomization with block sizes of 8 people in
a ratio of 1:1 was used. A random allocation sequence list was
generated using a web-based app, that is, Random.org [62]. An
independent research assistant who did not participate in any
other parts of the research generated and maintained the random
allocation sequence list. This independent research assistant
assigned group labels to the participants according to the
sequence of their entry, referring to the random allocation
sequence list to ensure that the other members of the research
team did not foresee the group allocation.
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Statistical Methods
To describe the issue of feasibility (ie, recruitment, retention,
participation, and compliance), frequencies and percentages
were used. Nonparametric tests were conducted to examine the
effects of the intervention. To test the hypothesis on the effects,
a Wilcoxon signed-rank test was used to compare the outcome
variables before and after the interventions to test the
within-group effect in both the groups separately. The level of
significance was .05. Missing values were replaced by the last
observed values. An intention-to-treat analysis was conducted
to interpret the hypotheses [63].

Ethics
The participants gave their signed informed consent to
participate in the study before the study was conducted. Ethical
approval was obtained from the Human Subject Ethics
subcommittee, The Hong Kong Polytechnic University
(Reference Number: HSEARS20180406003).

Results
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excluded because they did not fulfil the criteria for eligibility
or did not give their consent to participate. Thirty-three
participants were randomized into either the intervention (n=16)
or the control (n=17) group. One participant in the intervention
group was lost to follow-up because of hospitalization, and 2
participants in the control group were lost to follow-up because
they could not be reached.
As shown in Table 5, the median age of the participants was
71.0 (IQR 9.0) years. The majority of the participants were
females (28/33, 85%), had completed secondary school or above
(17/33, 52%), and had 1-2 chronic illnesses (17/33, 52%). At
the baseline, the median MoCA was 21.0 (IQR 6.5) and the
median FFI was 2.0 (IQR 1.5). The median walking time was
149.8 min/day (IQR 77.6). The median step count was 12,256.1
steps/day (IQR 4540.2). The median brisk walking time was
2.6 min/day (IQR 4.8). The 1-min peak cadence was 118.0
steps/min (IQR 20.5). The median MVPA time was 23.0
min/week (IQR 85.0) and 9.0 min/valid day (IQR 22.0). There
was no significant difference in all of these variables between
the groups at baseline.

Demographic Data
As shown in Figure 1, we screened 99 participants referred to
us by the elderly community centers. Sixty-six people were
Figure 1. CONSORT flow diagram.
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Table 5. Demographic data and outcomes at baseline.
Demographic data

Total population (N=33)

Intervention group (n=16)

Control group (n=17)

Gender, n (%)

P value
.58

Male

5 (15)

3 (19)

2 (12)

Female

28 (85)

16 (81)

15 (88)

71.0 (9)

70.5 (7)

71.0 (14)

Age in years, median (IQR)
Level of education, n (%)

.36
.79

Secondary or above

17 (52)

9 (56)

8 (47)

Primary

13 (39)

5 (31)

8 (47)

No formal education

3 (9)

2 (12)

1 (6)

Chronic illnesses, n (%)

.90

0

8 (24)

4 (25)

4 (23)

1-2

17 (52)

8 (50)

9 (53)

8 (24)

4 (25)

4 (23)

Cognitive function (MoCA ), median (IQR)

21.0 (6.0)

21.5 (7.5)

20.0 (5)

.66

Frailty (FFIb), median (IQR)

2.0 (1.5)

2.0 (0.8)

2.0 (2.0)

.58

Physical activity (PASEc)

67.6 (40.3)

62.8 (49.0)

67.6 (31.4)

.18

Hand-grip strength (kg)

17.3 (2.3)

17.1 (2.3)

17.3 (5.0)

.89

Walking speed (6MWTd)

7.6 (1.7)

7.2 (1.8)

7.7 (2.1)

.21

Walking time (min/day)

149.8 (77.6)

158.5 (169.9)

143.4 (64.5)

.14

Step count (step/day)

12,256.1 (4540.2)

13,057.0 (9644.4)

11,620.7 (2863.5)

.08

Brisk walking time (min/day)

2.6 (4.8)

3.0 (4.1)

1.0 (4.6)

.11

1-min peak cadence (step/min)

118.0 (20.5)

122.0 (14.5)

117.0 (24.5)

.34

MVPA time (min/week)

23.0 (85.0)

31.5 (226.3)

12.0 (38.5)

.18

MVPA time (min/valid day)

9.0 (22.0)

8.5 (44.5)

9.0 (14.0)

.38

3 or above
a

Physical activity, median (IQR)

Walking, median (IQR)

MVPA e , median (IQR)

a

MoCA: Montreal Cognitive Assessment.

b

FFI: Fried frailty index.

c

PASE: Physical Activity Scale for the Elderly.

d

6MWT: six-minute walk test.

e

MVPA: moderate-to-vigorous physical activity.

Objective 1: Feasibility Issues
As shown in Figure 1, the recruitment rate was 33% (33/99).
The participant retention rate was 91% (30/33) with 3
participants lost to follow-up. The intervention participation
was good. The attendance rate at all the face-to-face training
sessions (ie, health education, training in brisk walking,
smartphone training, and face-to-face sharing sessions) was
100% (33/33).
As shown in Table 6, in the intervention group (n=16), the mean
number of WhatsApp messages received by each participant
was 13.5 (SD 6.2) and the mean number of WhatsApp messages
sent by each participant was 9.7 (SD 4.5). Most of the messages
were read by the participants withing 30 minutes (91/216,
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42.1%). The smartphone wearing compliance was good. Almost
all of the participants wore the smartphone, as defined by a
recording by Samsung Health of at least 1 hour of walking,
every day throughout the intervention period with the mean
number of wearing days per participant of 54 (SD 1.2) (ie, 97%
of the expected wearing days). The reasons for not wearing the
smartphone included difficulty in learning how to use it, as
stated by 1 participant, who midway through the trial refused
to continue wearing the smartphone to implement the
intervention, while another participant failed to take the
smartphone along on a 2-day trip abroad.
As shown in Table 6, in both groups (N=33), the ActiGraph
wearing compliance was very good. The mean number of valid
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wearing days was 6.9 (SD 0.3) days/week in the intervention
group and 6.1 (SD 2.1) days/week in the control group at T0
and 6.4 (SD 0.5) days/week in the intervention and 5.2 (SD 2.7)
days/week in the control group at T1. The mean valid wearing
time was 875.8 (SD 129.6) min/day in the intervention group
and 812.5 (SD 231.9) min/day in the control group at T0 and

Kwan et al
901.3 (SD 128.8) min/day in the intervention group and 868.8
(SD 88.8) min/day in the control group at T1. All ActiGraphs
were returned with valid data at T0 and the majority of the
ActiGraphs in both the groups were returned with valid
ActiGraph data (ie, adequate valid wearing minutes and days
for analysis) at T1.

Table 6. Smartphone and ActiGraph use and compliance.
Use of smartphones/ActiGraph

Intervention group, (n=16)

Control group, (n=17)

Messages received by each participant

13.5 (6.2)

N/Aa

Messages sent by each participant

9.7 (4.5)

N/A

<30 min

91 (42.1)

N/A

30 min-1 h

35 (16.2)

N/A

1-2 h

17 (7.9)

N/A

2-24 h

36 (16.7)

N/A

Unread

37 (17.1)

N/A

54.1 (1.2)

N/A

Valid wearing day per participant (range 0-7 days)

6.9 (0.3)

6.1 (2.1)

Valid wearing minute per participant per day (range 0-1440 min)

875.8 (129.6)

812.5 (231.9)

Valid wearing day per participant (range 0-7 days)

6.4 (0.5)

5.2 (2.7)

Valid wearing minute per participant per day (range 0-1440 min)

901.3 (128.8)

868.8 (88.8)

Valid return

16 (100)

17 (100)

Invalid return

0

0

Unworn

0

0

Valid return

13 (81)

12 (71)

Invalid return

2 (13)

3 (18)

Unworn

1 (6)

2 (12)

WhatsApp messages in the whole intervention period (10 weeks), mean (SD)

WhatsApp message reading time (total messages=216), n (%)

Smartphone compliance, mean (SD)
Valid wearing days per participant (range 0-56 days)
ActiGraph compliance at T0b , mean (SD)

ActiGraph compliance at T1c , mean (SD)

Returns with valid ActiGraph data at T0, n (%)

Returns with valid ActiGraph data at T1, n (%)

a

Not applicable.

b

T0: beginning of the intervention.

c

T1: one week after the intervention.

Objective 2: Effects
As shown in Table 7, after the interventions, cognitive function
significantly improved in both the intervention (median
difference 2.5, P=.003) and control (median difference 1.0,
P=.009) groups. There was a significant reduction in frailty
after the intervention in the intervention group (FFI median
difference –1.0, P=.005). Walking time (median difference 57.9
min/day, P=.03), step count (median difference 3778.9, P=.02),
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brisk walking time (median difference 3.1 min/day, P=.009),
and peak cadence (median difference 7.0 steps/min, P=.003)
increased significantly after the intervention in the intervention
group only but not in the control group. MVPA time (median
difference 86 min/week, P=.04; median difference 18.5
min/valid day, P=.02) increased significantly after the
intervention in the intervention group only. The effect sizes of
all the outcomes (ie, Cohen d between T0 and T1) in the
intervention group were higher than those in the control group.
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Table 7. Within-group effects of the interventions before and after the interventions in each group.
Outcome variables

Intervention group (n=16)
T0a

Control group (n=17)

T1b

P valuec

ESd

T0

T1

P value

ES

Cognitive function (MoCAe), me- 21.5 (7.5)
dian (IQR)

24.0 (6.5)

.003

0.70

20.0 (5.5)

21.0 (6.0)

.009

0.35

Frailty (FFIf), median (IQR)

2.0 (1.0)

1.0 (0.8)

.007

–1.41

2.0 (2.0)

1.0 (2.0)

.06

–0.29

Physical activity (PASEg),

62.8 (49.0)

99.4 (46.6)

.002

1.13

67.6 (31.4)

77.4 (35.4)

.43

0.21

Hand-grip strength (kg)

17.0 (2.2)

18.7 (5.7)

.009

0.66

17.3 (5.0)

16.8 (5.5)

.41

0.12

7.2 (1.8)

5.5 (1.2)

.001

–1.32

7.7 (2.1)

7.3 (1.7)

.23

–0.33

Walking time (min/day)

158.4 (169.9)

216.3 (106.9)

.03

0.23

143.4 (64.5)

141.3 (126.6)

.91

–0.05

Step count (step/day)

13,057.0
(9644.4)

16,835.9
(7019.3)

.02

0.39

11,620.7
(2863.5)

10,935.3
(7174.9)

.80

0.03

Brisk walking time (min/day) 3.0 (4.1)

6.1 (6.7)

.009

0.58

1.0 (4.6)

1.0 (8.0)

.26

0.34

1-min peak cadence
(step/min)

122.0 (14.5)

129.0 (27.3)

.003

0.72

117.0 (24.5)

118.0 (14.5)

.28

0.21

MVPAi time (min/week)

31.5 (226.3)

117.5 (294.5)

.04

0.35

12.0 (38.5)

14.0 (28.0)

.07

–0.43

MVPA time (min/valid day)

8.5 (44.5)

27.0 (37.8)

.048

0.49

9.0 (14.0)

9.0 (20.0)

.08

0.27

Physical activity, median (IQR)

h

Walking speed (6MWT )
Walking, median (IQR)

MVPA

a

T0: beginning of the intervention.

b

T1: one week after the intervention.

c

Results based on Wilcoxon signed-rank test.

d

ES: effect size (Cohen d between T0 and T1).

e

MoCA: Montreal Cognitive Assessment.

f

FFI: Fried frailty index.

g

PASE: Physical Activity Scale for the Elderly.

h

6MWT: six-minute walk test.

i

MVPA: moderate-to-vigorous physical activity.

Discussion
To summarize the results, this is the first study to provide direct
evidence to show that mHealth interventions are not only
effective at changing the behavior of young people or healthy
older people but also at increasing the walking and MVPA time
of older people with cognitive frailty. The extent of the increase
through this mHealth intervention was enough to lead to a
significant reduction in frailty in the intervention group but not
in the control group. The extent of the increase in the MVPA
time led to an increase in the cognitive function in both the
groups, but the effect size was larger in the intervention group.
Our findings confirm that the implementation of mHealth
interventions by using smartphones and ActiGraphs is highly
feasible, with good recruitment, compliance, and retention.
The participants in our study in Hong Kong walked (12,256.1
steps/day) much more than those in a study conducted in the
United States (5660.8 steps/day) [64]. The reason for this is that
the pedestrian infrastructure in Hong Kong is good, and people
in Hong Kong spend a lot of time walking from one place to
another, as reported in a previous study (569 min/week) [65].
https://mhealth.jmir.org/2020/7/e16596
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This supports the idea that using brisk walking as the target
exercise in pedestrian-friendly societies is highly feasible.
Although their walking time is relative long, the brisk walking
and MVPA times of older people with cognitive frailty are still
suboptimal.
Recently, it has been proposed that cognitive frailty can
potentially be reversed [5,66,67]. However, there is a lack of
direct evidence to show that interventions are effective at
reversing cognitive frailty. This study provides direct evidence
that cognitive frailty is reversible by increasing MVPA. Further
studies should examine whether this reversal of cognitive frailty
can be sustained by engagement in physical activities and
whether it will eventually lead to a reduced risk of dementia
and onset of dependence.
Longitudinal observational studies have shown that there is a
significant association between high levels of physical activity
and reduced risks of cognitive decline in older people [68]. A
systematic review showed that there are only a limited number
of trials supporting the claim that physical activity improves
the cognitive function in older people with MCI [69]. However,
in these studies, physical vulnerability (ie, frailty) was not taken
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16596 | p.645
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into account when selecting participants with MCI. There is
evidence that the majority of people with MCI have a coexisting
condition of frailty (ie, cognitive frailty), which is associated
with adverse health outcomes (eg, malnutrition, depression) to
a significantly larger extent than solely having MCI [70]. This
shows that people with MCI without frailty may not be the
group to target to benefit from physical activity nor is their
condition necessarily associated with adverse health outcomes.
This study provides new knowledge that physical activity
training for people with MCI plus concurrent frailty (ie,
cognitive frailty) can improve their cognitive functions. Further
studies should examine whether increased physical activity can
lead to a reduction in adverse health outcomes (eg, malnutrition,
depression).
Recent systematic reviews have shown that eHealth
interventions are effective at encouraging older people (age >50
years) to engage in physical activity [25]. In these studies, there
is no evidence to show that eHealth is also effective among
vulnerable older people (ie, older people with cognitive frailty).
Fatigue (also known as exhaustion) is also a phenotypic
component of frailty [2]. Fatigue contributes to reduced physical
activity in older people, making it more difficult to implement
an intervention designed to enhance their engagement in
physical activity [71]. As mentioned earlier, the most frequently
cited barriers to participation in physical activity include a lack
of company, a lack of interest, a lack of opportunities to engage
in sports, and a lack of transportation [20]. An attempt was made
in this study to develop an intervention by solving these
problems through integrating eHealth technology with training
in brisk walking in daily-living venues. For example, we began
with individualized starting doses and targets to reduce the
difficulties of participation for people with frailty (ie, tailored
dosages), formed groups on an e-platform to enhance social
support (ie, WhatsApp), used a physical activity–tracking app
to enhance interest (ie, Samsung Health), provided an
opportunity-free form of sports (ie, brisk walking), and offered
a transportation-free form of exercise (ie, walking in public
parks close to the participants’ homes). This study provides
proof that the eHealth intervention resolves the abovementioned
barriers to engaging in physical activity faced by vulnerable
older people with cognitive frailty and creates a more favorable
environment for them. Therefore, these reasons show the
feasibility of implementing this intervention. This intervention
is also effective at increasing the MVPA of older people, to an
extent that is sufficient to lead to clinical improvements in their
cognitive function and physical frailty. A longer period of
engagement in increased physical activity can even lead to
neurological changes in older people with MCI (eg, increase
hippocampal volume) [72]. Further studies should be conducted
to examine the long-term effect of eHealth interventions on
MVPA as well as on beneficial neurological changes.
Apart from resolving the barriers faced by the participants, the
eHealth intervention in our study provided more e-contacts to
the participants. A systematic review showed that remote
feedback (eg, e-contact) is at least equally effective as
supervised training and is more effective than usual care or no
treatment, and more contacts are associated with better
compliance with physical activity in older people [73]. This
https://mhealth.jmir.org/2020/7/e16596
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intervention employed mHealth technologies to strengthen
multiple behavioral change techniques such as e-contacts and
social support. mHealth interventions probably allow more
frequent, higher quality, and more cost-effective contacts
compared with conventional behavior change interventions (eg,
face-to-face or telephone-based interventions). With the
advancement of smart technology, nonhuman conversational
agents powered by artificial intelligence (eg, Chatbot) can also
play the role of e-coaching and connect with e-contacts to
promote people’s health [74]. Further studies should examine
the components (eg, social support, contact) that are more
effective in yielding clinical benefits and those components
should be strengthened to achieve these benefits. Further,
mHealth interventions in the future should be upgraded with
new technologies.
Older people, particularly those with chronic conditions, find
it difficult to meet MVPA exercise targets (ie, >150 min/week)
[54]. This study showed that even if the participants could not
achieve the median MVPA performance of 150 min/week during
the intervention, after the intervention, beneficial clinical effects
on cognitive frailty were also observed. This study recommends
implementing an eHealth intervention targeted at increasing the
MVPA time of older people with cognitive frailty to an extent
that they can tolerate, even for those who are unable to attain
an MVPA level of >150 min/week.
There are several limitations to this study. First, a relatively
small sample of participants was recruited, which may limit the
generalizability. The effect size with a better confidence should
be confirmed by a large-scale RCT. Second, the data collectors
were not blinded; therefore, the results may be affected by
observation bias. Third, the participants in this study had a high
level of step count (median 12,256.1 steps/day); therefore, this
study has limited generalizability to people who do not walk
often. Further, participants in the intervention had slightly more
active walking behaviors because of random variation in a small
sample, particularly an almost significantly higher level of step
count (P=.08). The participants in the intervention group may
be more motivated to start with the intervention. Fourth,
significant improvement in the cognitive function was also
observed in the control group without significant improvement
in the physical activity. This may probably be caused by the
practice effects of the MoCA [75]. The actual
cognition-enhancing effect of mHealth intervention should be
interpreted with caution. Fifth, in the mHealth group, the
participants unavoidably received more e-contacts than the
control group. The number of contacts may possibly be a
confounding factor. These factors should be controlled in the
main trials. Finally, this study did not measure the engagement
(eg, contacts or social interactions) in both the groups. This
study could not conclude whether the possibly increased
engagement is caused by the mHealth measures.
In conclusion, it is feasible to implement this mHealth
intervention in older people with cognitive impairment. The
mHealth intervention is effective at enhancing compliance with
the brisk walking training program delivered by conventional
behavior change interventions. This study provides preliminary
evidence that this mHealth intervention can increase MVPA
time to an extent that is sufficient to yield clinical benefits (ie,
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16596 | p.646
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a reduction in cognitive frailty). Future studies should employ
a full-powered and assessor-blinded RCT to warrant these

Kwan et al
effects.
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Abstract
Background: Young children’s vision screening, as part of a preventative health care service, produces great value for developing
regions. Besides yielding a high return on investment from forestalling surgeries using a low-cost intervention at a young age, it
improves school performance and thus boosts future labor force quality. Leveraging low-skilled health care workers with
smartphones and automated diagnosis to offer such programs can be a scalable model in resource-limited areas.
Objective: This study aimed to develop and evaluate an effective, efficient, and comprehensive vision screening solution for
school children in resource-limited areas. First, such an exam would need to cover the major risk factors of amblyopia and myopia,
2 major sources of vision impairment effectively preventable at a young age. Second, the solution must be integrated with digital
patient record-keeping for long-term monitoring and popular statistical analysis. Last, it should utilize low-skilled technicians
and only low-cost tools that are available in a typical school in developing regions, without compromising quality or efficiency.
Methods: A workflow for the screening program was designed and a smartphone app was developed to implement it. In the
standardized screening procedure, a young child went through the smartphone-based photoscreening in a dark room. The child
held a smartphone in front of their forehead, displaying pre-entered personal information as a quick response code that duplexed
as a reference of scale. In one 10-second procedure, the child’s personal information and interpupillary distance, relative visual
axis alignment, and refractive error ranges were measured and analyzed automatically using image processing and artificial
intelligence algorithms. The child’s risk for strabismus, myopia, and anisometropia was then derived and consultation given.
Results: A preliminary evaluation of the solution was conducted alongside yearly physical exams in Luoyang, Henan, People’s
Republic of China. It covered 20 students with suspected strabismus and 80 randomly selected students, aged evenly between 8
and 10. Each examinee took about 1 minute, and a streamlined workflow allowed 3 exams to run in parallel. The 1-shot and
2-shot measurement success rates were 87% and 100%, respectively. The sensitivity and specificity of strabismus detection were
0.80 and 0.98, respectively. The sensitivity and specificity of myopia detection were 0.83 and 1.00, respectively. The sensitivity
and specificity of anisometropia detection were 0.80 and 1.00, respectively.
Conclusions: The proposed vision screening program is effective, efficient, and scalable. Compared with previously published
studies on utilizing a smartphone for an automated Hirschberg test and photorefraction screening, this comprehensive solution
is optimized for practicality and robustness, and is thus better ready-to-deploy. Our evaluation validated the achievement of the
program’s design specifications.
(JMIR Mhealth Uhealth 2020;8(7):e18226) doi:10.2196/18226
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Introduction
High myopia and amblyopia are 2 major causes of vision
impairment, with roots and traits in childhood [1,2]. Compared
to other vision disorders, such as glaucoma and macular
degradation, the primary risk factors for these 2 disorders are
more diagnosable [3]: refractive error can be tracked for both
myopia and amblyopia [4]. Additionally for amblyopia, the
presence of strabismus can be watched for [5]. Furthermore,
the responsiveness of these disorders to simple and cost-effective
interventions at early stages [6-8] makes screening the young
more valuable. Yet, since the early-stage impacts are subjective,
children may not discuss them with their parents and miss the
chance to receive cost-effective treatment. This is especially
worrisome in developing areas, where the parental generation
has a low rate of myopia, and thus poor understanding of its
risks, and a high fertility rate thinly divides parental care [9,10].
In fact, the rate of myopia is quickly rising globally, and is
rampant not only in eastern Asia but also across the developed
world and among all ethnic groups [11]. At earlier stages, mild
myopia disrupts daily life and impairs children’s learning
capabilities. At later stages, severe myopia has a high possibility
of resulting in retinal detachment, a blinding and recurring
complication [12], among others [13]. Amblyopia generally
does not lead to full blindness but does not respond as well to
treatment in adulthood.
In 2019, the Chinese central government announced guidelines
to cover 185 million kindergarten to grade 12 students with
yearly vision screening, focusing on myopia. The recommended
procedure includes an eye chart and automatic refractor exams.
In practice, however, a number of problems limited the
implementation scale. First, the shortage and uneven distribution
of systematically trained optometrists, the qualified examiners,
will hardly improve in a few years [14]. Second, physical access
to remote areas is difficult and time-consuming, especially with
high-precision optical measurement equipment that may not
endure the transportation. Last, with benefits taking a decade
or longer to materialize, investments of US $10 to $20 per
student per year by local governments on the program are
prohibitive. As a result, while pilot programs are conducted in
richer cities, other areas, especially remote ones, are not
following.
Luoyang city in Henan, one of the most populated but less
developed provinces, leads experimenting with efficient and
scalable vision screening programs. While internet-enabled
systems and semiautomated workflows have achieved the
expected results in the city centers and suburban towns, costs
to cover rural areas are well above budget due to transporting
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technicians and equipment to reach sparse populations. Although
some lightweight alternatives have been proposed and evaluated
in academia, they suffer from one or more shortcomings:
dependency on a specific device, lack of robustness, and lack
of practical workflow integration [15-17]. For example,
GoCheck Kids [18-20], one recognized commercial product,
requires specific iPhone models.
In this study, a new photoscreening solution for resource-limited
areas was developed and evaluated. With a smartphone-based
automated Hirschberg test and photorefraction, risk levels of
strabismus, myopia, and anisometropia can be detected on the
spot. Powered by deep learning and image-processing
algorithms, the measurement and analysis procedures are fully
automated and robust. By replacing dedicated devices with
widely available smartphones and conducting an exam that
resembles normal photo-taking, no equipment or trained
technician needs to be transported. Following a streamlined
workflow, about 200 students can be screened and logged with
a compact team of 1 supervising teacher and 1 consulting
optometrist equipped with 4 mainstream smartphones and
equipment available in a rural school. Evaluation experiments
show a sound screening accuracy among primary school
students.

Methods
Principles of an Automated Hirschberg Test and
Smartphone Photorefractory
Strabismus can be roughly defined as misalignment between
the binocular axes, or 2 eyes appearing to look in different
directions [1]. In a random photo, such gaze directions may
rarely be accurately estimated; thus, a photo would not be
reliable for determining whether the subject is at risk for
strabismus. However, a simple point light source and the corneal
luminous reflection it causes can make the problem noticeable.
Although the term “corneal luminous reflection” is technically
inaccurate and the optical model is complex [21,22], the
from-a-distance image of the corneal luminous reflection of a
point light source can be approximated by a bright spot reflected
off the surface of the cornea. Simultaneously, the gaze direction
of that eye relative to the light source can be roughly reflected
by the relative position of the center of the limbus [15], which
is attached to the cornea, as illustrated in Figure 1. Combining
both models, a simplified automated Hirschberg test can be
achieved by taking a photo of the subject’s face with a point
flashlight at a sufficient distance and comparing the relative
positions of the center of each iris and the bright spot on it [22],
as illustrated in Figure 2.
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Figure 1. Structure of the eye.

Figure 2. Simplified optical models. Top: Corneal luminous reflection. Bottom: Red reflex. C: camera; F: flash; L: left; R: right.

Smartphone photorefractory shares considerable similarity, in
principle, with the automated Hirschberg test, but with a twist.
They both work by analyzing the reflection pattern of a light
source illuminating the eye. However, in smartphone
photorefractory, the reflection occurs on the fundus instead of
the cornea, and the pattern is primarily linked to the refractive
error instead of the ocular axis, as illustrated in Figure 2. With
no refractive error, the image of the light source on the fundus
would be on its optically conjugate plane, and thus, it would be
reflected back following exactly the same path and is almost
invisible to the camera. Defocused by refractive error, the
illumination would spread over the fundus and be reflected
across directions and thus be partially captured by the camera.
This is generally known as the red reflex [23].
Additionally, the size of the pupil affects the 2 phenomena.
Although it does not interact with corneal luminous reflection,
a dilated pupil admits more light into the vitreous chamber [24]
and produces a wider viewing angle of the fundus [25]. As a
result, when the pupil contracts to a minimal size, fundus
reflection is subdued, for a high-quality automated Hirschberg
test. When the pupil dilates widely, fundus reflection is
prominent and can be better isolated from interfering with
corneal luminous reflection. This is a critical consideration in
designing the workflow that combines both tests.

The automated Hirschberg test can be numerically processed
as follows. After extracting the positions of the limbus and the
corneal luminous reflection spot from the captured image, the
horizontal and vertical offsets of the center of the corneal
luminous reflection spot relative to the center of the
corresponding limbus are measured as ΔxL, ΔyL for the left eye
and ΔxR, ΔyR for the right eye, respectively. These offsets are
measured in pixels and signs following the computer vision
convention, as illustrated in Figure 3 (top image). Assuming
the frontal plane pixel scale is α mm per pixel, the eyeball
diameter is d mm, and the gap between the camera and the flash
is ignorable, the axial deviations of each eye from the
camera/flash-ocular axis is as follows:
Θhorizontal, left=tan–1(2αΔxL/d)
Θhorizontal, right=tan–1(2αΔxR/d)
Θvertical, left=tan–1(2αΔyL/d)
Θvertical, right=tan–1(2αΔyR/d)
Where tan–1() is the inverse tangent function. In this solution,
d is unmeasurable and is thus set to an average of 20 mm [26].
In summary, the horizontal and vertical binocular axis
deviations, measured in angles, are as follows:
Θhorizontal=Θhorizontal, left–Θhorizontal, right

http://mhealth.jmir.org/2020/7/e18226/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18226 | p.654
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
=tan–1(2αΔxL/d)–tan–1(2αΔxR/d)
Θvertical=Θvertical, left–Θvertical, right
=tan–1(2αΔyL/d)–tan–1(2αΔyR/d)
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Intuitively, significantly positive and negative θhorizontal indicate
exotropia, as illustrated in Figure 3 (top image) and esotropia
(middle image), respectively. A significantly nonzero θhorizontal
indicates vertical strabismus, as illustrated in Figure 3 (top and
bottom images).

Figure 3. Examples of corneal luminous reflection. Top: Exotropia and vertical strabismus. Middle: Esotropia. Bottom: Vertical strabismus.

The red reflex phenomenon, based on which photorefractory is
implemented, is hard to robustly quantify with a point light
source and uncalibrated parameters [27]. From the examiner’s
perspective, assuming the light source is positioned to the left
of the camera, a red crescent rising from left side of the pupil
is associated with higher degrees of myopia and one from the
right side indicates higher degrees of hyperopia, as illustrated
in Figure 4. The presence of the crescent can be reasonably
reliably detected as an objective and qualifiable signal for

screening. The crescent width-severity relationship, however,
requires smartphone model–specific calibration and may not
hold across examinees; thus, it should be used only as a
reference. Additionally, due to the eccentricity of the light source
dot, no red reflex can be caused by either refractive error below
threshold or a contracted pupil [25,27] (which is hard to detect
without close examination). Further, both severe myopia and
hyperopia lead to a fully lit-up pupil and are, thus,
indistinguishable.

Figure 4. Typical red reflex pattern, with flash on the left. Left: Myopia. Right: Hyperopia.

Core Artificial Intelligence and Image-Processing
Algorithms
Although the smartphone-based automated Hirschberg test and
photorefraction solution share the same corneal luminous
reflection and red reflex principles with specialized devices, it
lacks important features, including nonvisible and structured
light sources, distance sensors, and a calibrated imaging system.
Despite the exam accuracy being inevitably compromised, the
applicability of the solution to screening and measurement
automation is still obtainable using software. Sequentially in
the acquired images, the head tilting and eye locations are
detected by facial landmark recognition, the centers of the
http://mhealth.jmir.org/2020/7/e18226/
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limbus are estimated by contour detection, the patterns of
corneal luminous reflection and red reflex are estimated through
shape fitting, and the frontal plane scale of pixels is estimated
using an image analysis of the quick response code. It should
be noted that processing would be done first on the automated
Hirschberg test images and then on the photorefractory images
for the former’s higher signal-to-noise ratio, which will be
explained in the Discussion section.

Head Tilting and Eye Location Recognition
The proposed solution integrates the OpenFace [28] library for
facial landmark detection. This deep learning–based library not
only produces key point coordinates of each part of the face, it
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also estimates head gestures and gaze directions, which may
support automatic examinee attention analysis and other
screening quality controls in later versions. These key points,
however, are not positioned to pixel-level accuracy and thus
require further processing.
With the key points on the oval contour from OpenFace, closed
eyes with a height-to-width ratio below the threshold of η=0.25
can be rejected. In images where both eyes are open, local
patches of the image are extracted for hard-coded image
processing in later stages. The head tilting angle is recorded to
correct coordinates in later processing.

Limbus Detection
Ideally, the limbus is a ring that is white on the outside and dark
on the inside. In a photo, however, the transition may not be
clear-cut, and part of it may be covered. The limbus detection
algorithm in this solution addresses both issues with the
following steps on each eye.
First, the sclera-limbus-iris region of interest is extracted from
the background of nearby skin that matches the hue and
saturation of other skin areas. Second, the IsoData automatic
thresholding [29] is applied to a histogram of the region of
interest to estimate the boundary between the bright sclera and
the dark iris. Third, a classic Hough transform of curves [30]
between ±45° from a horizontal line is performed to refine the
estimated left and right boundary curves without considering
the covered parts. Last, using the estimated color contrast
between the sclera, iris, and the estimated limbus size from the
automated Hirschberg test image, the limbus in the
corresponding photorefraction image can be detected with the
Hough transform of the same radius. Instead of covering the
estimated boundaries, the transform is optimized to maximize
contour contrast.

Corneal Luminous Reflection and Red Reflex Pattern
Analysis
Within the detected limbus, the raw corneal luminous reflection
pixels are detected as the cluster of pixels of maximal intensity
across all channels, while the raw crescent pixels are filtered
out as those with (a) the red channel brighter than green and
blue combined, and (b) brightness more than twice the median
of that of all pixels the limbus or red channel saturated. An
inscribed circle is fitted among the raw corneal luminous
reflection pixels, whose center is used to represent the point of
corneal luminous reflection. A circumscribed oval is fitted
among the raw red-flex pixels, whose width is used to estimate
the severity of refractive error. In this experiment, a width over
1 mm is regarded as an indicator of refractive error. These
choices of pattern fitting are slightly different from those in
previous studies because preliminary research shows that they
are more robust on the lower image quality of amateur users.

Frontal Plane Pixel Resolution Scale Estimation
In this solution, accurate interpupillary distance is measured for
follow-up eyeglass frame selection. A quick response code
displayed on a smartphone held close to the examinee’s forehead
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with its physical size encoded is used as a reference scale. Since
the application programming interface of the physical resolution
of a screen is available on most smartphones, it offers the same
functionality as dedicated tools such as a special glass frame
with marks [17] but is universally available. Compared to other
everyday-object tools, such as credit cards or rulers, the
structured image pattern on a self-illuminating screen guarantees
high contrast, which greatly improves accuracy and robustness.

Solution Design Guidelines and System Outline
As an alternative solution to the existing high-quality,
full-service program with an automatic refractor exam and
procedures by qualified optometrists, the proposed setup has
been adapted to resource-limited rural schools with multiple
modifications.
First, the fundamental technology may cover qualitative instead
of quantitative analysis on the risk of strabismus, myopia, and
anisometropia. Even though earlier research verified that such
technology could produce reliable quantitative results, it is
limited strictly to specific smartphone models, which are rarely
available to the average user. Since the goal is to screen instead
of diagnose, ease of use and accessibility dominate over a level
of performance higher than necessary.
Second, the workflow should serve children as young as 4 years
old. Although the application of smartphone photoscreening
has been proven feasible to young children [18], their inability
to understand instructions and reluctance to cooperate reduces
the chances of successful measurement and thus prolongs
measurement time. Therefore, pediatricians are consulted to
optimize the workflow for young children’s psychological
characteristics.
Third, the procedure should be executable by school teachers
under loose supervision of a general practitioner (GP) with only
remote training, yet the exam time per child should be no more
than 1 minute. Although expertise may not be required to carry
out the procedures, legal concerns and local customs require a
GP, who services several villages that may be hours of travel
apart, to perform the job. Additionally, on-site consultation
provided by the GP must be part of the procedure.
Last, data analysis should be mostly automatic and nearly
instantaneous. In China, optometric teleconsultation is
under-staffed, and few optometrists are qualified to interpret
photoscreening images. Giving on-site face-to-face feedback
on the screening results not only builds trust and reduces the
burden of follow-up phone calls to farmer parents with only a
few hours of free time in the evening, it also creates an
opportunity for offering other services, such as distributing
premade eyeglasses.
Following the guidelines and the smartphone-based automated
Hirschberg test and photorefraction principles, the system is
outlined in Figure 5. The core image-processing algorithms are
discussed in the previous subsection. The streamlined workflow
is explained in the next subsection.
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Figure 5. System outline. CLR: corneal luminous reflection; G.P.: general practitioner.

Streamlined Workflow With One-Step Measurement
Figure 6 shows a typical screening room setup. Two children
sit back-to-back with a teacher standing next to them (not

illustrated). Dark curtains are hung between the children and
behind the smartphones, the former to minimize interference
between the 2 parallel tests and the latter to act as projector
screens, described next.

Figure 6. Screening room setup.
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Figure 7 illustrates the exam timeline from an illumination and
image acquisition perspective, specifically the coordination of
the camera with flash on the smartphone and a video projected
onto the curtain in front of the children. When called, the
children walk into the room and get seated, then start watching
the video projected onto the curtain in front throughout the
whole exam, with varying brightness. After several seconds of
normal intensity, the video is dimmed and smoothly adapts the
children’s eyes to the dark surroundings, thus dilating their
pupils for more accurate measurement. After the video reaches
its lowest brightness for 5 seconds to induce significant pupil
dilation [31], the imaging procedure starts. With the smartphone
camera, a short video is recorded during which a flash with
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maximum intensity is triggered. Followed by 5 seconds of the
flash gradually brightening up from minimal in torch mode to
contract the pupils in a controlled fashion, a still image is
captured with another burst of a maximally intense flash, and
the raw data acquisition for 1 child is completed. Since all
equipment remains in place and the child sits still through the
combined automated Hirschberg test and photorefraction with
no intervention required, this is regarded as a one-step
measurement. The first frame with maximal exposure of the
video and the still image are used for red reflex and corneal
luminous reflection pattern analysis, respectively, and the
reasoning for this is explained in the Discussion section.

Figure 7. The exam timeline, from an illumination and image acquisition perspective. Max: maximum intensity.

Figure 8 illustrates the workflow for serving 3 children in a
streamlined fashion. On being called, a child enters the dark
room and gets seated while a teacher enters the child’s personal
information on a smartphone. After the adaptation period, the
child is given the smartphone and instructed to hold it directly

in front of their forehead while the image acquisition process
begins on the capturing smartphone, as described above. On
receiving the automatically analyzed result, a GP or nurse
interprets the results to the teacher.

Figure 8. Streamlined workflow for 3 children. G.P.: general practitioner.
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Clinical Evaluation Setup
To evaluate the solution in real-world environments,
experiments were conducted alongside physical exam programs
in Luoyang, Henan, between September 1 and October 15. A
total of 100 students aged evenly between 8 and 10 years from
2 schools were selected, 20 of whom were suspected by their
teacher to have strabismus and the rest were randomly chosen
among their classmates. The experiments were conducted in
the school infirmaries under direct supervision of either the
optometrists from the screening team or the school nurses. The
smartphones used for capturing and analyzing data included 1
iPhone 5s (Apple Inc), 1 Honor 8 (Huawei Group Holdings
Ltd), and 1 Mi 6 (XiaoMi Corp), all of which were low-end or
outdated models at the time.

Results
Data Acquisition Efficiency
All 100 screened students successfully completed the data
acquisition procedure within 2 rounds, and 87 of them passed
with a single attempt. The failures were attributed to random
eye blinking. Regardless of individual procedure success or
failure, the streamlined workflow in Figure 8 was kept at an
even pace, and each time slot took 19 seconds, on average. This
translates into almost 200 students screened in 1 hour with just
1 supervising teacher and a consulting optometrist or nurse.
With the projected cartoon playing, all students showed a high
degree of compliance, and few complained about the exam

duration or flashes. Outside the scheduled experiments, some
6-year-old students volunteered to participate, and none
exhibited confusion or loss of concentration during the
procedure.

Screening Experiment Results
After the smartphone-based exam, the screened students went
through gold-standard optometry exams, and these results were
recorded as the ground truth. The gold standard positive
thresholds for strabismus, myopia, and anisometropia were
chosen as at least 15Δ, at least –0.5D, and at least with a
difference of 2D, respectively. The screening positives were
defined as a crescent at least 1 mm wide, relative visual angle
difference of 10°, and crescent width difference of at least 1
mm, respectively. Using the raw counts of true positives (TP),
false positives (FP), true negatives (TN), and false negatives
(FN), the statistical metrics accuracy, sensitivity, and specificity
were defined as follows:
Accuracy=(TP+TN)/(TP+TN+FP+FN)
Sensitivity=TP/(TP+FN)
Specificity=TN/(TN+FP)
The raw counts of the experiment are summarized in Figure 9.
Since myopia is diagnosed on a per-eye basis, its total count is
double the number of examinees. It should also be noted that
all 4 false negatives in the strabismus tests were attributed to
the weakness of the Hirschberg tests in detecting hidden
strabismus. The statistical metrics are tabulated in Table 1.

Figure 9. Experiment results: counts. FN: false negatives; FP: false positives; TN: true negatives; TP: true positives.

Table 1. Experiment results: accuracy, sensitivity, and specificity.
Metric

Risk factor
Strabismus

Myopia

Anisometropia

Accuracy

0.94

0.91

0.99

Sensitivity

0.80

0.83

0.80

Specificity

0.98

1.00

1.00
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Discussion
Current Limitations
Although the solution produced satisfying accuracy with high
efficiency in screening children in resource-limited areas, major
improvements should be investigated in follow-up studies. First,
the smartphone flash mechanism is unnecessarily
counterproductive. The light-emitting diodes for flash used in
modern smartphones are specifically designed to work in 2
modes: one consuming very high power in a short burst or
limited power continuously. With a fixed exposure time to
control motion blur, using the former mode reduces the camera’s
sensitivity to light or analog gain and thus improves the
signal-to-noise ratio in acquiring both automated Hirschberg
test and red reflex images. However, modern smartphones use
preflash to induce pupil contraction to suppress the red reflex
phenomenon, more generally known as the red-eye effect. To
circumvent this, the implementation app replaced the still-image
application programming interface with the first intensely
illuminated frame extracted from the video. This frame, though,
is usually not illuminated with the highest intensity flash, and
thus it suffers a reduced signal-to-noise ratio. If a future version
of the smartphone camera control provides more flexibility in
such control, image quality may be improved.
Second, the implementation software uses a nongeneralized
limbus detection algorithm. The proposed method worked
robustly on the Chinese students partly because they have a
black limbus that is in high contrast to a white sclera. However,
on some of the older students who wore colored contact lenses,
the low signal-to-noise ratio of the images occasionally caused
detection error.

Potential Future Work
In addition to the factors known to limit the performance of the
proposed solution, further exploration is planned to address
other areas for improvement. First, on the coordination between
the smartphone and the projector: In the current version, these
run independently and rely on an operator to synchronize them.
A future version may include automatic synchronization on the
smartphone side by detecting a predefined pattern of the
projector, such as information encoded in color variation.
A second issue of interest is the video played during the exam.
Some clips seemed to contain too much activity for some of the
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younger students to be able to maintain a fixed gaze on a
consistent part of the screen, introducing unnecessary change
in the visual axes. Some background music seemed better at
attracting the students’ attention quickly. Detailed comparison
and analysis, however, were beyond the scope of this
preliminary study and will thus be left for follow-up studies.
The last area for future work is on carrying out the experiment
on a larger scale and with different setups. The experiment
reported in this paper was limited to 2 urban schools, and the
equipment and personnel execution capability may be different
from those in rural schools.

Conclusion
In this paper, we propose an effective and efficient
smartphone-based children’s vision screening solution for areas
with limited resources, implemented and evaluated. In a dark
room, the examinee watches cartoons projected onto a dark
curtain screen with program-controlled intensity, while a
smartphone in front of the curtain runs the measurement
program. The smartphone’s flash and camera are used as an
eccentric point light source and image sensor, respectively,
following the automated Hirschberg test and photorefractory
principles. In the acquired images, the frontal plane resolution
scale is automatically calibrated from a personal
information–encoded quick response code displayed on another
smartphone held in front of the examinee’s forehead. The
examinee’s head gesture and eye location are estimated using
a deep learning model. The limbus areas, interpupillary distance,
corneal luminous reflection spots, and red reflex areas are
detected by their corresponding algorithms to derive risk levels
of strabismus, myopia, and anisometropia.
By splitting the workflow into 3 parts of inputting information,
acquiring images, and automatically analyzing, interpreting,
and consulting, the screening procedure is streamlined such that
1 GP supervising 1 teacher can screen, get an automatic
diagnosis, and give on-the-spot consulting to 200 children per
hour. The examiners need little training, and the equipment,
including the model-neutral mainstream smartphones, is
available to the average school. In the evaluation of 100 students
between 8 and 10 years old, the high throughput and screening
accuracy of the proposed solution were verified and recognized
by participating optometrists.
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Abstract
Background: Mental illness (MI) is common among those who work in health care settings. Whether MI is related to employees’
mental status at work is yet to be determined. An MI app is developed and proposed to help employees assess their mental status
in the hope of detecting MI at an earlier stage.
Objective: This study aims to build a model using convolutional neural networks (CNNs) and fit statistics based on 2 aspects
of measures and outfit mean square errors for the automatic detection and classification of personal MI at the workplace using
the emotional labor and mental health (ELMH) questionnaire, so as to equip the staff in assessing and understanding their own
mental status with an app on their mobile device.
Methods: We recruited 352 respiratory therapists (RTs) working in Taiwan medical centers and regional hospitals to fill out
the 44-item ELMH questionnaire in March 2019. The exploratory factor analysis (EFA), Rasch analysis, and CNN were used as
unsupervised and supervised learnings for (1) dividing RTs into 4 classes (ie, MI, false MI, health, and false health) and (2)
building an ELMH predictive model to estimate 108 parameters of the CNN model. We calculated the prediction accuracy rate
and created an app for classifying MI for RTs at the workplace as a web-based assessment.
Results: We observed that (1) 8 domains in ELMH were retained by EFA, (2) 4 types of mental health (n=6, 63, 265, and 18
located in 4 quadrants) were classified using the Rasch analysis, (3) the 44-item model yields a higher accuracy rate (0.92), and
(4) an MI app available for RTs predicting MI was successfully developed and demonstrated in this study.
Conclusions: The 44-item model with 108 parameters was estimated by using CNN to improve the accuracy of mental health
for RTs. An MI app developed to help RTs self-detect work-related MI at an early stage should be made more available and
viable in the future.
(JMIR Mhealth Uhealth 2020;8(7):e17857) doi:10.2196/17857
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respiratory therapist; ELMI app; Rasch analysis; convolutional neural network; mental health; mobile phone
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Introduction
Background
Mental illness (MI) is common among those who have come
in contact with it at the workplace [1] and globally account for
32.4% of years living with a disability [2]. An estimated 264
million people suffer from depression, with many of these
people having symptoms of anxiety [3]. The lost productivity
cost for depression and anxiety disorders adds up to 1 trillion
US dollars globally each year [3]. Not only are absence and the
direct costs harmful to organizations but the effects are also
concerned with workers who suffer from MI and still remain
on the job. Accordingly, employers are increasingly paying
attention to presenteeism—decreased productivity because of
health problems—among employees who remain present at
work [4]. This is because presenteeism might result in a higher
economic cost than absenteeism or the medical costs paid by
employers [5]. It is worth investing in mental health promotion
and prevention (MHPP) programs for employees in the
workplace. Every dollar invested in stepping up treatment (or
prevention) for common MIs (eg, depression and anxiety) leads
to a fourfold return in better health and the passion or the
capability to work [6].

An App Required to Assess MI
Although there has been an increase in MHPP programs globally
in recent years, only 7% of such initiatives are carried out at the
workplace [1]. In 2015, a Cochrane systematic review [7]
evaluated evidence on the effectiveness of interventions to
prevent occupational stress in health care workers [8]. Most of
them were restricted to measuring work-related stress and/or
burnout by using validated tools, particularly lacking the
classifications, such as true (or false) health (or illness). As
such, a novel application of a more holistic assessment of
workplace mental health, including a broader scope of mental
health outcomes (eg, the classification of response patterns in
visual displays), is required to explore the potential benefits
that improve effective classifications of true or false (ie, with
less confidence) MI.

MI App at Workplace
Mobile health interventions (ie, MI apps) are used to monitor
mental health and are an increasingly popular approach available
for both individuals and organizations [9]. However, at present,
there is a lack of research on the effectiveness of mobile MI
apps in pattern classifications for smartphone users. This is
because many assessment tools are merely focused on the strata
of mental health [10-12] instead of the classifications of response
patterns (eg, answering questions carelessly, cheating, or
guessing) [13] to verify the respondents’ MI classification (false
or true with confidence).
Although numerous studies have been conducted on MI apps
[9,14-18], few have used the algorithm of artificial neural
networks (ANNs) in classifying MI, particularly with
convolutional neural networks (CNNs). Traditionally, cutoff
scores are often used in the classification of MI [19,20].
Most of the classifications were based on the extent (or, say,
strata) to which MI or other disorders are determined by
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summation scores or equivalent measures of a scale (eg, patients
with a psychotic disorder [21] or those with 2 or 3 groups of
nurse burnouts [or bullied victims] at the workplace [19,20]).
To the best of our knowledge, none of the studies have applied
the response pattern to classify the features of MI (or other
disorders) with CNN modules to highlight less confident cases
of MI characterized by the aberrant response pattern that
deviated from normal cases.

Targeted Health Care Workers
Although we note that mental health has been a concern in
physicians [22] and nurses [1], other health care professionals
and hospital staff should also be looked after considering the
similar working environment to physicians and nurses and the
nature of responsibilities that put them at great risk of MI. Thus,
it is worth studying how workplace-based organizational
interventions can improve the mental health and well-being of
health care workers, including respiratory therapists (RTs) who
played a vital role in the frontline care of patients with
COVID-19 in 2020.

Study Objectives
This study aimed to (1) determine featured variables used for
CNN in the classification of MI, (2) differentiate MI patterns
endorsed by participants, and (3) design an MI app for
smartphones as a web-based assessment.

Methods
Data Source
A survey-based quantitative study was conducted to invite RTs
in Taiwan hospitals to answer questions about MI at the
workplace. A total of 107 institutes (ie, 88 regional hospitals
and 19 medical centers) were targeted according to the hospital
list of Taiwan National Health Insurance Administration, and
1521 (753 and 768 in regional hospitals and medical centers,
respectively) RTs who were registered in the Taiwan Society
for Respiratory Care in January 2019 were included in the study.
If the confidence level and the intervals were set at 0.05 and
plus or minus 5%, respectively, and applied to the population
of 1521 registered RTs, 307 are required for the sample size
[23,24]. We estimated that the percentage of candidates’ refusal
to respond to the survey was 40%. Therefore, the minimal
number of the study sample size was 530 (n=307/[1−0.4]).
We delivered 6 copies of the 44-item questionnaire (ie, including
2 sets of the emotional labor and mental health [ELMH]
questionnaire [25,26]; Multimedia Appendix 1) to 107 targeted
workplaces in hospitals. A total of 642 (6×107) RTs with at
least three months of experience working in the hospital were
randomly selected and invited to complete the ELMH survey
in March 2019.
Taking into consideration patient rights, interest, and privacy,
an informed consent form was included in the mail to each
hospital. Candidates were allowed to decline to answer the
anonymous questionnaire. The questionnaire was asked to be
mailed back to our study clerk in an enclosed envelope. A total
of 352 (>307 required sample designed in the first paragraph)
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17857 | p.664
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questionnaires were eligible, with a return rate of 54.8%
(352/642). Data were deposited in Multimedia Appendix 2.
This study was monitored by the institutional review board of
Show Chwan Memorial Hospital with the approval ID number
(1080105) before data collection. All hospital and study
participant identifiers were stripped.

Featured Variables and Factor Domains With
Unsupervised Learning
Unsupervised learning indicates agnostic aggregation of
unlabeled data sets yielding groups or clusters of entities with
shared similarities that may be unknown before the analysis
step [27,28]. Featured variables consist of 44 items including
the 24-item ELMH subscales. Exploratory factor analysis (EFA)
was applied to determine factors retained in the study based on
the eigenvalue ≥1.0. Factor scores with the Bartlett approach
[29] to yield weighted domain scores for each factor (ie, domain)
were analyzed to obtain personal measures and fit statistics
using the Rasch model with continuous responses [30-32].
Next, participants were plotted to cluster classes based on the
criteria of outfit mean square errors (MNSQs; cutting at 2.0
[33]) and measures at zero logits (ie, log odds) in 4 quadrants
on axes x and y, respectively.
The definition of measure in logit and outfit MNSQ is worth
mentioning. The former is analogical to the traditional
summation score on a scale. The latter (ie, person outfit MNSQ)

Yan et al
can be defined by the equation , whereas L denotes the item
length, Oj is the observed score on the item j, and Ej stands for
the expected value on the item j and is computed by the Rasch
model [30-32,34-37]. The aberrant pattern for an individual
response can be detected and identified using the outfit MNSQ
cutoff of 2.0 [33].
Factor scores yielded from all responses across all items were
used to compare for an individual on each subscale because of
each factor score following a normal distribution (ie, mean 0,
SD 1).
The preliminary condition is required to determine how to obtain
the factor score on a subscale when the respondent completes
a survey. We performed a simple regression analysis on
responses to predict the factor score for each score. The model
parameters were used to compute the personal factor score on
each subscale on an app.

Supervised Learning
Supervised learning employs labeled training data sets to yield
a qualitative or quantitative output [27,38]. In this study, CNN
was applied as supervised learning to build an ELMH prediction
model to estimate 108 parameters (n=4×(10+17), with 4 sets of
10 parameters for featured maps and 17 parameters for pooled
layers) because 4 categories are required in the CNN model
(Figure 1 and Multimedia Appendix 3). Detailed information
about CNN [38-40] is available in the literature [19,20].

Figure 1. Interpretation of the convolutional neural network algorithm in Microsoft Excel. CNN: convolutional neural network.

CNN Process

D, respectively) based on the need of 2 (or more) categories in
classification.

We illustrated the 2 categories of classification required for
identification in the CNN process.

Step 1

Data Arrangement
Three types of layers are included (eg, input, polling, and output)
in Figure 1. Responses from 1 person assumed were placed into
matrix A. Two sets of parameters were set (eg, 9 parameters
and bias each in filter 1 and filter 2) to create 2 input layers of
the feature map (eg, matrices C1 and C2 through panels B and
https://mhealth.jmir.org/2020/7/e17857
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Matrices C1 and C2 were created via a series of snapshots (eg,
9 elements on parameter sets in filter 1 and filter 2) of matrix
B through step 1 using a sum-product function in Excel
(Microsoft Corp; z11 and z12 at the bottom in Figure 1).
Furthermore, the sigmoid function was performed to rescale all
elements in matrices C1 and C2 to a range of 0 to 1.0.
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Steps 2 and 3

Task 2: App Detecting MI for a Web-Based Assessment

The maximum value in the 4 elements as a convolutional
snapshot in matrices C1 and C2 (refer to step 2 and the bottom
max function in Figure 1) was selected. Two condensed pooling
layers with 8 elements were constructed in matrix E via step 3;
the bottom sum-product function with parameters in pooling
layers (ie, P1 and P2 with 8 parameters and another bias) is
illustrated in Figure 1.

A 44-item MI app was designed to predict RT mental health
using the CNN algorithm and the model parameters. Summation
scores were yielded for each domain and transformed into factor
scores using the estimated parameters obtained by using the
simple regression analysis (refer to the subsection Featured
Variables and Factor Domains With Unsupervised Learning
under the Methods).

Steps 4 and 5

The resulting classification and domain scores will appear with
visual displays on smartphones. The visual representations with
the category characteristic curve and the category probabilities
[35,36] were shown on a dashboard using Google Maps.

The results (O1 and O2 in the output layer [step 4]) can be used
to determine which category has a higher probability if the
sigmoid function has been applied to rescale the 2 elements in
matrices C1 and C2 into a range of 0 to 1.0 (step 5).

Tasks for Performing CNN
Task 1: Compute the CNN Prediction Accuracy Rate
CNN in Microsoft (MS) Excel [19,20] was performed to
estimate model parameters and compute the prediction accuracy
rate (1−the number of misclassification/352). Comparisons of
prediction accuracy were evaluated using discrimination analysis
on (1) factor scores and outfit MNSQ and (2) factor scores alone
in each subscale.

Statistical Tools and Data Analysis
IBM SPSS Statistics 18.0 for Windows (SPSS Inc) and MedCalc
9.5.0.0 for Windows (MedCalc Software) was used to perform
descriptive statistics, EFA, discrimination analysis, the Fisher
exact test or chi-square test on frequency distributions among
groups, simple regression analyses, and then compute the CNN
prediction accuracy rate. A significant level of type I error was
set at 0.05.
A visual representation displaying the classification effect was
plotted using 4 curves based on the Rasch rating scale model
[35]. The study flowchart and the CNN modeling process are
shown in Figure 2 [41] and Multimedia Appendix 3,
respectively.

Figure 2. The study flowchart. CNN: convolutional neural network.
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Results
Demographic Data of the 352 RTs
The demographic data of the RTs are shown in Table 1. We can
see that 62.8% (221/352) are in medical centers and 37.2%
(131/352) in regional hospitals. There were 88.4% (311/352)
females and 11.6% (41/352) males with an average age of 37
(SD 9.5) years. The frequencies of participants’ educational
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levels were 4.8% (17/352), 83.5% (294/352), and 11.6%
(41/352) for college, university, and graduate school,
respectively. The unmarried (single or divorced) and married
status accounted for 61.4% (216/352) and 38.6% (136/352),
respectively. Only these categories of age, marital status, and
RT ability hierarchical level (ie, strata in a clinical RT ladder
system) present statistically significant differences in a
frequency distribution. Other detailed information about the
sample is presented in Table 1.
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Table 1. The demographical characteristics (n=352).
Characteristic

Medical center, n (%)

Regional hospital, n (%)

Total, n (%)

P value

Total

221 (62.8)

131 (37.2)

352 (100)

<.001a

Gender

.28

Female

193 (87.3)

118 (90.1)

311 (88.4)

Male

28 (12.7)

13 (9.9)

41 (11.6)
.003a

Age (years)
<30

81 (36.7)

26 (19.8)

107 (30.4)

31-39

43 (19.5)

42 (32.1)

85 (24.1)

40-49

74 (33.5)

45 (34.4)

119 (33.8)

>50

23 (10.4)

18 (13.7)

41 (11.7)

Education

.33

College

13 (5.9)

4 (3.1)

17 (4.8)

Undergraduate degree

180 (81.4)

114 (87.0)

294 (83.5)

Postgraduate degree

28 (12.7)

13 (9.9)

41 (11.7)
.003a

Marital status
Single

143 (64.7)

62 (47.3)

205 (58.2)

Married

74 (33.5)

62 (47.3)

136 (38.6)

Others or divorced

4 (1.8)

7 (5.4)

11 (3.2)

Job title

.30

Nonmanager

207 (93.7)

120 (91.6)

327 (92.9)

Manager

14 (6.3)

11 (8.4)

25 (7.1)

Work tenure (years)

.33

≤1

15 (6.8)

5 (3.8)

20 (5.7)

1~3

45 (20.4)

19 (14.5)

64 (18.2)

4-7

41 (18.6)

24 (18.3)

65 (18.5)

8-10

17 (7.7)

15 (11.5)

32 (9.1)

>10

103 (46.5)

68 (51.9)

171 (48.5)
<.001a

Ability hierarchical level
RT0b

59 (26.7)

62 (47.3)

121 (34.4)

RT1

91 (41.2)

44 (33.6)

135 (38.4)

RT2

43 (19.5)

4 (3.1)

47 (13.4)

RT3

11 (5)

1 (0.8)

12 (3.4)

None

17 (7.6)

20 (15.2)

37 (10.4)

Current preceptor

a

.33

No

63 (28.5)

41 (31.3)

104 (29.5)

Yes

158 (71.5)

90 (68.7)

248 (70.5)

Denotes that the significant level using the chi-square test reaches the probability at 0.05.

b

RT: respiratory therapist.

Sample Classifications Using 4 Quadrants
There were 8 factors that were extracted from the study data
using EFA (Multimedia Appendix 4), including (1) mental
health, (2) attitude to patients, (3) diversified, (4) adjustment,
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(5) persevering, (6) teamwork, (7) physical health, and (8)
behavior, with 16, 5, 4, 4, 5, 4, 4, and 2 questions, respectively.
The distributions of factor scores were drawn in box plots
(Figure 3). The regression equations used for computing the
factor score of each domain in the MI app are listed below:
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Factor score (1) = −3.2516 + 0.08190 × sum (1) (1)
Factor score (2) = −7.7062 + 0.3711 × sum (2) (2)
Factor score (3) = −3.6067 + 0.3104 × sum (3) (3)
Factor score (4) = −4.7129 + 0.3349 × sum (4) (4)
Factor score (5) = −4.9833 + 0.2821 × sum (5) (5)
Factor score (6) = −5.4556 + 0.5632 × sum (6) (6)
Factor score (7) = −2.5251 + 0.2220 × sum (7) (7)
Factor score (8) = −4.2156 + 0.6377× sum (8) (8)
After performing the Rasch analysis with continuous responses
[30-32], 4 types of characteristics were observed (n=6, 63, 265,

Yan et al
and 18 in 4 quadrants; Figure 4) using the criteria of outfit
MNSQ and the measure at 2.0 and zero logit.
Table 2 shows that 75% (265/352) of candidates fell under type
III mental health (with confidence because of outfit MNSQ
<2.0; Figure 4) [42], indicating that most RTs are mentally
healthy at the workplace. No difference was found in frequency
distribution among all groups. It is worth noting that the different
colors of bubbles correspond to MI types, and the size
corresponds to the MI scores. The 4 types are clearly illustrated
on the dashboard with MI and MI-free on the left side and false
MI and false MI–free on the right-hand side.

Figure 3. Eight domains using factor analysis to classification.

Figure 4. Four classes separated by 2 variables using the Rasch analysis. MI: mental illness.
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Table 2. Classifications for demographical characteristics (n=352).
Characteristic

Ia, n

IIa, n

IIIa, n

IVa, n

Total, n

Gender

.53

Female

6

50

242

13

311

Male

0

13

23

5

41

Age (years)

.55

<30

3

22

80

2

107

31-39

1

15

64

5

85

40-49

2

19

89

9

119

>50

0

7

32

2

41

Education

.53

College

0

4

13

0

17

Undergraduate degree

5

50

224

15

294

Postgraduate degree

1

9

28

3

41

Marital status

.52

Single

3

38

157

7

205

Married

3

22

101

10

136

Single or divorced

0

3

7

1

11

Job title

.58

Nonmanager
Manager

5
1

57
6

247
18

18

327
b

N/A

25

Work tenure (years)

.73

≤1

0

2

15

3

20

1-3

3

13

48

0

64

4-7

0

11

52

2

65

8-10

0

9

22

1

32

>10

3

28

128

12

171

Ability hierarchical level
c

.38

RT0

3

15

99

4

121

RT1

2

23

102

8

135

RT2

0

10

35

2

47

RT3

0

5

6

1

12

None

1

10

23

3

37

Current preceptor

a

P value

.28

No

3

18

80

3

104

Yes

3

45

185

15

248

Quadrants from I to IV.

b

N/A: not applicable.

c

RT: respiratory therapist.

Tasks to Compute the Accuracy Rate in the Predictive
Model
Comparisons of the prediction accuracy are shown in Table 3.
We can see that the prediction accuracy rate (0.92 = [5 + 59 +
246 + 14] / 352) in the 9 variables (including outfit MNSQ) at
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the top panel is higher than that (0.86 = [5 + 53 + 210 + 12] /
352) in the 8 variables at the bottom panel.
The 44-item CNN model yields a higher accuracy rate (0.92),
which is similar to the accuracy rate in the 9-variable model
(including outfit MNSQ) at the top panel in Table 3. The 108
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model parameters were embedded to create an MI app with the
44-item using the CNN model in the hope of identifying

workplace MI for RTs.

Table 3. Comparison of prediction accuracy using a different number of variables.
Original or predicted

Ia, n

IIa, n

IIIa, n

IVa, n

Total, n

Eight-factor scores and outfit MNSQb of Rasch analysis
I

5c

1

0

0

6

II

3

59

1

0

63

II

0

17

246

2

265

II

4

0

0

14

18

I

5

1

0

0

6

II

10

53

0

0

63

II

2

18

210

35

265

II

3

1

2

12

18

Eight-factor scores

a

Quadrants from I to IV.

b

MNSQ: mean square error.

c

Italicization denotes the number of classification correction.

MI App Classifying ELMH for a Web-Based
Assessment
An available MI app for RTs predicting ELMH was developed
and is shown in Figure 5. Readers are invited to click on the
links [42] to experience the MI app on their own (Multimedia
Appendix 5). It is worth noting that all 108 model parameters
are embedded in the 44-item CNN model for classification of
MI on 2 major personal abilities in dealing with (1) external
changes at work and (2) internal skills in resilience to endure
hardship using the ELMH for assessment [25,26].
One resulting example is illustrated in the middle panel in Figure
5. From this, we can see that the MI with a high probability
(0.99) is shown above curve II, indicating that class II is
classified. The feature of the category characteristic curve and
the category probabilities [36,37] is that all the summation of
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probabilities on the intersections between any vertical line and
the curves equals 1.0.
Eight domain scores are presented, and the MI resulting from
the physical health problems most significantly displayed the
highest factor score computed by equation (7), as illustrated in
the highest bar at the bottom panel in Figure 4.
With the assessment on the app, the resulting plot along with
the meaning of the 4 classes is displayed in the middle panel in
Figure 5. After answering the questions on the app, the RT (1)
can understand his or her MI class (ie, I, II, III, or IV) and (2)
then needs a consultation with physicians specialized in mental
health or occupational medicine at an early stage if the MI is
class II. Informative messages with regard to the low confidence
in MI assessment were given to us if the MI class is classified
as either I or IV because of their response to questions
significantly misfitting to the model’s expectation.
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Figure 5. Snapshot of the app assessment using convolutional neural network. MI: mental illness.

Discussion

What This Knowledge Adds to What We Already
Know

Principal Findings

Articles on MI apps have been published in the literature
[14-18,43,44]. Over 45 articles were found by searching the
keywords (app[title] and “mental health”[title]) in PubMed
Central (PMC) on January 10, 2020. However, none of the
articles provided an acceptable scheme (eg, CNN algorithm) to
classify the MI levels and aberrant patterns with a dashboard
displayed on Google Maps.

The 44-item CNN model yields a higher accuracy rate (0.92),
which is similar to the accuracy rate in the 9-variable model
(including outfit MNSQ) shown in Table 3. We observed that
(1) 8 domains in ELMH were obtained by EFA, (2) 4 types of
mental health (n=6, 63, 265, and 18 in 4 quadrants) were
classified by the Rasch analysis, (3) the 44-item model yields
a higher accuracy rate (0.92), and (4) an ELMI app is available
and viable for RTs to predict mental health.
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As seen in the literature, a cutting point scheme for nurse
burnouts was proposed using approximately equal sample sizes
in each category [45]. The cutting point scheme was criticized
because it arbitrarily assumed an equal sample size across the
burnout levels (ie, high, moderate, and low) [46]. In addition,
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the cases with false positive and false negative result in a lower
prediction accuracy rate in the traditional cutting point scheme.
On the other hand, the CNN, a well-known deep learning
method, can improve the prediction accuracy (up to 7.14%)
[47]. With the discrimination analysis in Table 2, we can see
that the prediction accuracy rate (0.92) is equal to the result
from CNN. Applying the algorithm (eg, CNN or discrimination
function) into an MI app used for classifying MI features is the
feature of this study.
The reason for using the 44-item CNN model instead of the 9
variables (including outfit MNSQ) as shown in Table 3 is that
the outfit MNSQ is not available in the CNN module.
Accordingly, it was not possible to use outfit MNSQ if Rasch
computerized adaptive testing was not performed on the web.
Thus, the CNN was chosen in this study.
In recent years, the RT demand and health care quality have
been particularly concerning in Taiwan because of the aging
society and air pollution in the everyday environment
exacerbating the COVID-19 outbreak in 2020 [48-51]. The
RT-related service units include those in the critical care unit
(as well as chronic respiratory care wards and home care) and
the emergency room in hospitals. Respiratory care was newly
established in Taiwan’s clinical settings. The rising demand for
RTs is indispensable and of importance to the quality of care
in hospitals. As such, the ELMH [26] is worthy of introduction
and application to health care professionals and support staff
in hospitals [25].
Although a survey is required to understand the severity of MI
in RTs at the workplace, the adjusted emotional labor and
expression [26] at work and the skills in resilience to endure
hardship are necessary to empower RTs to carry out their duties.
A viable and suitable tool for MI assessment, such as the MI
app introduced in this study, should also be applied in the nearest
future.

What it Implies and What Should Be Changed
CNN can improve prediction accuracy (up to 7.14%) [47]. We
conducted CNN in MS Excel (Multimedia Appendix 4), which
is rare and unique in the literature. The major difference between
a traditional ANN and CNN is that on CNN, only the last layer
of a CNN is fully connected, whereas in ANN, all neurons are
interconnected with each other [40]. The ANN algorithm in
Excel in comparison with CNN is shown in Multimedia
Appendix 6.
Over 1127 articles have been found using the keyword
convolutional neural network [Title] searched in PMC on June
26, 2020 [19]. None of the articles used MS Excel to perform
the CNN. The interpretations of the CNN concept and the
process or even the parameter estimations are shown in
Multimedia Appendix 3, which is another feature of this study.
The third feature is a breakthrough using the CNN approach to
predict MI for RTs. The method used in this study can be
mimicked by other health care professionals in the hospital.
Using 4 MI classifications in quadrants is another highlight of
this study. We applied the Rasch analysis with continuous
responses [30-32] and factor scores together for classifying the
https://mhealth.jmir.org/2020/7/e17857
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4 classes of MI. In Table 2, we can see that the prediction
accuracy rates are identical using either CNN or discrimination
analysis (Table 3). Applying the classification to the MI app is
challenging but worthy in the health care community, especially
with the 4 categories (or classes) of MI, MI-free, false MI, and
false MI–free (Figure 4). The latter 2 are based on the response
pattern deviating from the normal (or model in mathematics).
Furthermore, the curves of category probabilities based on the
Rasch rating scale model [35] are shown in Figure 5. The binary
categories (eg, success and failure on an assessment in the
psychometric field) have been applied to health-related outcomes
[52-56]. However, no published article provided the
animation-type dashboard with 4 categories that can be shown
on Google Maps, as we have shown in Figure 5.

Strengths of This Study
It is easy to create an MI app if the designer only uploads items
to the website. We applied the CNN algorithm along with the
model’s parameters to design the routine on an MI app that is
used to classify MI risk for RTs in hospitals (Figure 5), which
has never been seen before for ELMH implementation [24,25]
on mobile phones.
As with all forms of web-based technology, advances in health
communication technology are rapidly emerging [54]. Mobile
MI apps are promising and worth considering for many health
care professionals. A web-based MI app (Figure 5) can be
modified to immediately inform users whether and when they
should take actions or follow-up to see a psychiatrist and how
to improve their behaviors and attitudes or strengthen their skills
in resilience, given that their lifestyle remains unchanged.
The MI app is worth using to promote mental health of RTs
using their smartphones. Interested readers are recommended
to see Multimedia Appendices 5 and 7, one for the MP4 file
and another for the app, and see (1) the details about responding
to questions and (2) the real experience in answering the 44-item
ELMH questionnaire as a web-based assessment.
The CNN module in MS Excel is unique and innovative
(Multimedia Appendix 3). Users who are not familiar with the
CNN software (eg, Python) can apply our Excel-Visual Basic
for Applications module to conduct CNN-related research in
the future. The module is not limited to the 4 classifications we
used in this study. The multiclassification module can be
performed by adding the layers on the CNN. Any other types
of self-assessment, such as work bully, depression, and dengue
fever, can apply the CNN model to predict and classify the
levels of harm of diseases in the future.

Limitations and Suggestions
There are limitations to our study. First, although the
psychometric properties of the 44-item ELMH have been
validated for measuring MI for RTs, as shown in Multimedia
Appendix 1, there is no evidence to support that the 44-item
ELMH is suitable for other health care professionals or RTs in
other regions. We recommend additional studies using their
own approaches and the CNN model to estimate the parameters
to compare and contrast with this study.
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Second, we did not explore the possibility of any improvement
in predictive accuracy. For instance, whether other featured
variables (eg, mean, SD, and LZ [defined as the standardized
log-likelihood of the respondent's response vector] index or the
addition of sociodemographic information) applied to the CNN
model can increase the accuracy rate is worthy of further study.
However, the disadvantage of inputting demographical data is
that it will take more time to complete and lead to reluctance
in response as well as concerns regarding personal privacy. A
small study (Multimedia Appendix 7) was conducted. A greater
number of variables involving sociodemographic information
(even with featured variables) cannot be guaranteed to have a
higher accuracy rate in classification. Nonetheless, more studies
are required to verify this in the future.

Fourth, the ELMH is an 8-dimensional construct. The CNN
model may ignore the issue of dimensionality and have a
favorable prediction effect that should be examined and verified
in the future.

Third, the classification scheme using 4 quadrants with the
Rasch outfit MNSQ and MI measure constructed by 8-factor
scores is challenging. All these factor scores were independent
with normal distribution (ie, ~N(0,1)). Whether using the
original summation score for each domain is available and
simple in classification with the Rasch model warrants further
studies in the future.

We demonstrated the features and contributions of this study
as follows: (1) CNN performed in MS Excel, (2) ELMH applied
to assess MI for RTs, (3) a web-based MI app demonstrated
display results using the visual dashboard on Google Maps, and
(4) the category probability curves based on the Rasch rating
scale model along with the CNN prediction model. The novelty
of the MI app with the CNN algorithm improves the predictive
accuracy of MI for RTs. It is expected to help RTs self-assess
and detect work-related MI at an early stage.

Finally, the study sample was taken from Taiwanese RTs in a
survey. The model parameters estimated for the ELMH version
are only suitable for the Chinese (particularly for Taiwanese)
in health care settings. Generalizing this MI app (eg, easy-to-use
on the web) might be somewhat limited and constrained because
the app is merely a prototype instead of being fully designed
for internet use. Additional improvements are needed to redesign
the features of the MI app in use for RTs in the future.

Conclusions
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Abstract
Background: Text message–delivered interventions are a feasible and scalable approach for improving chronic disease self-care
and reducing health disparities; however, information on long-term user engagement with these interventions is limited.
Objective: The aim of this study is to examine user engagement in a 12-month text message–delivered intervention supporting
diabetes self-care, called REACH (Rapid Education/Encouragement And Communications for Health), among racially and
socioeconomically diverse patients with type 2 diabetes (T2D). We explored time trends in engagement, associations between
patient characteristics and engagement, and whether the addition of a human component or allowing patients to change their text
frequency affected engagement. Qualitative data informed patients’ subjective experience of their engagement.
Methods: We recruited patients with T2D for a randomized trial evaluating mobile phone support relative to enhanced treatment
as usual. This analysis was limited to participants assigned to the intervention. Participants completed a survey and hemoglobin
A1c (HbA1c) test and received REACH text messages, including self-care promotion texts, interactive texts asking about
medication adherence, and adherence feedback texts. For the first 6 months, texts were sent daily, and half of the participants
also received monthly phone coaching. After 6 months, coaching stopped, and participants had the option to receive fewer texts
for the subsequent 6 months. We defined engagement via responses to the interactive texts and responses to a follow-up interview.
We used regression models to analyze associations with response rate and thematic and structural analysis to understand participants’
reasons for responding to the texts and their preferred text frequency.
Results: The participants were, on average, aged 55.8 (SD 9.8) years, 55.2% (137/248) female, and 52.0% (129/248) non-White;
40.7% (101/248) had ≤ a high school education, and 40.7% (101/248) had an annual household income <US $25,000. The median
response rate to interactive texts was 91% (IQR 75%-97%) over 12 months. Engagement gradually declined throughout the
intervention but remained high. Engagement did not differ by age, gender, education, income, diabetes duration, insulin status,
health literacy, or numeracy. Black race and worse baseline medication adherence and HbA1c were each associated with lower
engagement, although the effects were small. Nearly half of the participants chose to continue receiving daily texts for the last 6
months of the intervention. Participants who continued daily text messages said they wanted to continue experiencing benefits
to their health, whereas those who chose fewer texts said that the daily texts had helped them create routines and they no longer
needed them as often. Engagement was not impacted by receiving coaching or by participants’ chosen text frequency.
http://mhealth.jmir.org/2020/7/e17534/
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Conclusions: Well-designed interactive text messages can engage diverse patients in a self-care intervention for at least 1 year.
Variation in and reasons for frequency preference suggest that offering a frequency choice may be important to users’ engagement.
(JMIR Mhealth Uhealth 2020;8(7):e17534) doi:10.2196/17534
KEYWORDS
engagement; text messaging; mobile health; mHealth; mobile phone; technology; diabetes mellitus, type 2; self-management;
self-care; medication adherence

Introduction
Background
For many patients with chronic conditions, including type 2
diabetes (T2D), consistent, daily self-care (eg, taking
medications, eating healthy, and exercising) is critical to avoid
adverse health outcomes. However, patients with T2D face
many barriers to self-care, including a lack of diabetes-related
education and information, social barriers (eg, lack of motivation
and caregiver stress), and difficulties with finances and
transportation [1]. Racial/ethnic minorities and patients with
low socioeconomic status (SES) tend to experience more
barriers, which leads to worse self-care and health outcomes
compared with non-Hispanic white patients and those with a
high SES [2-5]. Text message–delivered interventions may offer
an opportune pathway to extend self-care support to the hardest
to reach and most vulnerable populations. More than 96% of
adults in the United States use cell phones and find them to be
essential for daily functioning [6,7]. Although smartphone
ownership is growing and the digital divide has narrowed,
individuals who have lower incomes, have less education, or
live in rural areas are still less likely to have internet access or
to own a smartphone [6,8,9]. Text messaging does not require
internet access and is the most popular cell phone activity among
all mobile phone users [10]. Evidence is growing for the efficacy
of text message–delivered interventions to improve self-care
for T2D and other chronic conditions [11-13]; however, there
is a paucity of research examining how users engage with these
interventions, particularly in the long term [14,15].
User engagement is essential to the ultimate success of any
intervention. If target users are not attending to the intervention
or lose interest quickly, potential effects may be attenuated or
nullified. Approaches to measuring user engagement with
technology-delivered interventions vary considerably across
studies, making it a challenge to identify patterns and generate
predictions. To help address this issue, Perski et al [16]
synthesized past work on engagement with digital behavior
change interventions to develop an integrative definition of
engagement. They proposed engagement to be a
multidimensional construct defined by both the extent of usage
(often measured objectively) and a subjective experience
characterized by attention, interest, and affect (often captured
through qualitative data such as interviews) [16]. In many text
message–delivered intervention studies, engagement is either
not reported at all or reported using only a single metric (eg,
average text message response rate) [15], which limits
understanding of why participants were engaged, how
engagement may change throughout an intervention, and factors
contributing to engagement. Furthermore, among the studies
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reporting on engagement, intervention duration is typically 6
months or less [15,17] and, therefore, not representative of how
users might engage in a longer experience. In these studies, text
message response rates vary widely, but are often low, with
some studies reporting rates as low as 17% [15,18,19].
Variability is likely due to variation in user attributes (eg, health
literacy status and diabetes self-efficacy) and/or intervention
characteristics across studies, but associations (or lack thereof)
are often not reported [15]. In the few studies reporting
associations, which span texting, interactive voice response,
and internet-based interventions, patient characteristics such as
older age [20], being nonwhite [20,21], and lower health literacy
[20,22,23] have been linked to lower engagement.
Closely examining the features of the intervention may inform
the conditions under which participants are more likely to
engage. In text message interventions, specifically, the ideal
frequency (ie, dose) of sending text messages to sustain
engagement is unclear [12]. Suffoletto [24] referred to this as
the Goldilocks problem: sending too few texts may not produce
a strong enough effect, whereas sending too many texts may
lead to participant fatigue and burnout. Furthermore, text
messaging interventions often include additional modalities for
delivering content, such as a human support component [25].
However, few studies have compared engagement between a
condition receiving only automated text messages and a
condition receiving texts in conjunction with human support.
Exploring engagement in long-term text messaging interventions
is a critical step in understanding whether text messages are a
viable option for improving and sustaining health outcomes.
Identifying the determinants of intervention engagement can
inform the design of interventions to optimize engagement
[12,26]. Studies reporting on engagement with text messaging
interventions tend to be short term, based on small sample sizes,
and involve predominantly non-Hispanic white patients, limiting
the understanding of long-term, generalizable results [17].
Important gaps in knowledge must be addressed to enhance the
expanding use of text messaging technology to support chronic
disease self-care in vulnerable groups at the greatest risk for
worse outcomes.

Objectives
We used mixed methods to examine user engagement in a
12-month text message–delivered intervention designed to
support diabetes self-care, called REACH (Rapid
Education/Encouragement And Communications for Health)
[27,28]. We sought to explore how engagement changed over
the course of the intervention, patient characteristics associated
with engagement, whether the addition of a human component
or letting participants choose their text frequency affected
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engagement, and patients’ reasons for their preferred text
message frequency.

Methods
Study Design and Eligibility
This research was conducted as part of a larger randomized
controlled trial (RCT), evaluating the effects of mobile
phone–based support on diabetes self-care and hemoglobin A1c
(HbA1c) [27]. The trial and intervention details have been
previously described in our development and protocol papers
[27-29]. For this study, we analyzed data for participants who
were randomly assigned to the intervention.
We recruited patients from federally qualified health centers
(FQHCs) and Vanderbilt University Medical Center (VUMC)
primary care clinics in and around Nashville, Tennessee. Eligible
patients were aged ≥18 years, diagnosed with T2D, prescribed
a daily diabetes medication, and responsible for administering
their diabetes medications. In addition, patients were required
to own a cell phone with text messaging capability and speak
and read in English. We excluded participants whose most recent
HbA1c value within 12 months was <6.8% and who had auditory
limitations or an inability to orally communicate, as determined
by trained research assistants (RAs). We also excluded patients
who failed a brief cognitive screener [30] to help ensure the
accuracy of the measures and data integrity. Finally, due to the
requirements of the intervention, we excluded patients who
were unable to receive, read, or send text messages after a
demonstration by an RA.

Procedure
The Vanderbilt University institutional review board approved
all study procedures. Interested and eligible patients completed
informed consent, a baseline survey, and an HbA1c test. RAs
collected additional information from the participants’ electronic
health record. RAs entered participants’ data into Research
Electronic Data Capture (REDCap) [31]. Participants’ relevant
survey responses were transferred from REDCap to a digital
health platform called MEMOTEXT, via an automated
application programming interface. MEMOTEXT used
participant information to tailor, schedule, and send text
messages to participants. When participants completed follow-up
assessments at 3 and 6 months, updated patient information was
used to retailor the text message content. When participants
completed their 6-month assessment, they were given the option
to continue receiving daily text messages or to receive fewer
text messages, for the remaining 6 months of the intervention
(described in The Intervention below). Participants could earn
a total of US $210 for completing all study measures (ie, through
15 months for the larger RCT), with the payment schedule
increasing for longer-term follow-ups.
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We used strategic purposeful sampling to invite a subset of
intervention participants to complete a follow-up interview after
they finished their participation in the trial. Interviews were
designed to assess perceptions of the intervention and understand
dose choice and potential for implementation. Factors that
informed our sampling approach included assigned condition,
age, gender, race, education, income, clinic site, whether they
owned a basic phone or smartphone, and their chosen text
frequency. Interviews were conducted either in person or by
phone and took approximately 20 min to complete (range 11-40
min). All interviews were audio recorded and transcribed
verbatim. Participants were paid an additional US $40 for
completing the interview. Herein, we report specifically on the
participants’ comments about responding to text messages and
reasons for their text message frequency choice after 6 months
of receiving daily texts.

The Intervention
All participants received self-care promotion text messages.
Each message was either tailored to address user-specific
barriers to medication adherence based on the
Information-Motivation-Behavioral Skills model [32,33] or
addressed other self-care behaviors (ie, diet, exercise, and
self-monitoring of blood glucose). Participants chose a window
of time to receive this text (eg, between 3 PM and 6 PM).
Participants also received interactive text messages asking about
medication adherence. We scheduled these to be sent after
participants took their last dose of diabetes medication, but
before their bedtime, to allow time to respond. At the end of
each week, participants received an adherence feedback message
based on their responses to the interactive text; feedback
included an encouraging statement tailored to whether the
participant’s adherence improved, stayed the same, or declined
relative to the week prior.
For the first 6 months, all participants received daily self-care
texts and daily interactive texts. After 6 months, participants
had the option to receive fewer text messages for the remaining
6 months of the intervention (ie, low-dose) or continue to receive
daily text messages (ie, high-dose; Figure 1). If we could not
reach participants for their 6-month assessment and therefore
were not able to present this option, they continued to receive
daily text messages (high-dose).
Participants assigned to receive REACH text messages were
randomly assigned to also receive monthly phone coaching to
set diabetes self-care goals for the first 6 months at a ratio of
1:1 [27,29]. After 6 months, phone coaching ended for those
so assigned, all participants were offered the low-dose option
described earlier, and all continued to receive REACH text
messages for the next 6 months.
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Figure 1. High-dose and low-dose REACH text message frequencies and content examples. REACH: Rapid Education/Encouragement And
Communications for Health.

Functionality and Monitoring of Interactive Text
Messages
When sent daily, the interactive text message asked participants
if they took all their diabetes medication that day, requesting a
yes or no response (Figure 2). On the basis of usability testing
results [28], we allowed a range of acceptable response options
representing yes and no (eg, yeah, Y, yep, N, and nope). If
participants provided a no response, a follow-up text was sent
asking why with various response options. Participants received
their adherence feedback text based on their daily responses at
the end of the week. When sent weekly for participants who
chose low-dose, the interactive text asked participants how
many days that week they had taken all their diabetes
medication, requesting a 0 to 7 response. After participants
provided a response, they received their adherence feedback
text message (Figure 2).
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If the participant responded to the interactive text message with
something other than a solicited response, error messages were
triggered (Figure 2). The system accepted any response until
the next text message was sent the subsequent day.
We monitored participants’ responses to the interactive texts
weekly throughout the trial. If a participant did not respond to
the interactive message for 2 consecutive weeks, an RA called
the participant to identify any technical problems. To avoid
pressuring the participants to respond, the RA only asked
whether they were experiencing technical problems with
receiving or responding to text messages and would troubleshoot
as needed. If a participant remained nonresponsive after we
confirmed that they were not having problems, we did not make
repeat calls.
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Figure 2. Comparison of functionality for the interactive text message based on whether it was sent daily (high-dose) or weekly (low-dose). Blue
messages are intervention texts, and white messages are examples of participant responses.

Measures
Demographics and Clinical Characteristics
We collected self-reported age, gender, race, ethnicity, education
(ie, years in school), income, diabetes duration (ie, years since
a diabetes diagnosis), and insulin status.

Psychosocial Factors
Participants completed self-reported measures of health literacy
(Brief Health Literacy Screen [34]), numeracy (Subjective
Numeracy Scale, 3-item version [35]), and stressors (Tool for
Assessing Patients’ Stressors, 8-item version [36]).

Diabetes Self-Care
Participants also completed a self-reported measure of diabetes
self-efficacy (Perceived Diabetes Self-Management Scale,
4-item version [37]) and diabetes medication adherence
(Adherence to Refills and Medications Scale for Diabetes [38]).
In addition, all participants completed an HbA1c test via
venipuncture or point of care by the patient's clinic or using a
mail-in HbA1c kit provided and analyzed by CoreMedica
Laboratories.

Engagement
We defined engagement as any response to the interactive text
messages depicted in Figure 2. If a participant did not respond,
it was coded as nonengagement for that day. We calculated text
message response rates by dividing each participant’s number
of responses by the total number of interactive texts sent to that
participant.
To provide a more comprehensive understanding of engagement,
beyond average response rate, we assessed response rates over
time to explore change in engagement and examined both patient
and intervention characteristics associated with response rate
to identify factors that may impact engagement. In addition, to
understand the more nuanced reasons about why participants
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chose to engage, we supplemented our objective measure of
engagement (ie, response rate) with interview data to inform
patients’ subjective experience of their engagement and reasons
for their chosen text frequency. This is consistent with the
conceptualization of engagement proposed by Perski et al [16].

Analyses
All statistical analyses were performed using R version 3.5.1.
We described patient characteristics using means and SDs or
frequencies and percentages as appropriate. We computed the
following descriptive statistics regarding text message response
rates: means, medians, and the first and third quartiles
(interquartiles).

Long-Term Engagement
Response rates were examined in 3 ways: during the full 12
months of the intervention, the first 6 months (predose choice),
and the last 6 months (postdose choice). There was variation in
when participants were offered the low-dose option due to
variation in when they completed their 6-month assessment;
therefore, we defined the period of prechoice engagement as
≤160 days (the period where no participants had yet been given
the choice) and postchoice engagement as ≥240 days (the point
at which all participants had made the choice). We excluded
the first 30 days to mitigate the impact of participants’
acclimation to the intervention (ie, learning curve).
We used logistic regression to examine whether there was a
time trend in the odds of responding during the first 6 months.
If participants withdrew during this period, we coded them as
having a nonresponse from the day they withdrew through 160
days. We also used logistic regression to examine whether there
was a time trend in the last 6 months of the intervention. If
participants withdrew after making their choice, we coded them
as having a nonresponse from the time they withdrew through
365 days, either daily or weekly, depending on their choice.
Both time-trend analyses used generalized estimating equations
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(GEE) to fit the model under a working exchangeable correlation
structure to account for repeated outcome measures [39].

Patient Characteristics and Engagement
We used simple linear regression to examine associations
between patient characteristics and 6-month response rate and
between patient characteristics and change in response rate
during the first 6 months. We defined change as each
participant’s slope as estimated from a linear fit over time (30
days to 160 days). Patient characteristics included demographics
and clinical characteristics (age, gender, race, education, income,
diabetes duration, and insulin status), baseline psychosocial
factors (health literacy, numeracy, and stressors), baseline
diabetes management (diabetes self-efficacy, medication
adherence, and HbA1c), and clinic site (FQHC vs VUMC). In
addition, we used unadjusted odds ratios to examine associations
between patient characteristics and dose choice (ie, high-dose
or low-dose).

Intervention Features and Engagement
To assess whether a human component (ie, monthly phone
coaching) enhanced engagement with text messages, we used
unadjusted linear regression with the condition (text messages
only or text messages plus phone coaching) as the predictor and
the 6-month response rate as the outcome. We further used
unadjusted logistic regression to examine whether a time trend
in the odds of responding during the first 6 months differed
based on the assigned condition.
To evaluate whether there was an association between dose
choice and postchoice response rate, we used GEE with a
working exchangeable correlation structure to account for
repeated outcome measures. We used logistic models to examine
(1) whether a time trend in the odds of responding during the
last 6 months differed based on dose choice, (2) whether there
was an association between dose choice and the odds of
responding postchoice, and (3) whether there was an association
between dose choice and change in the odds of responding from
before to after making the choice. Covariates for the latter 2
models included age, gender, and race.

Subjective Engagement and Reasons for Dose Choice

Nelson et al
transcripts [40]. First, we used an inductive approach to
construct a codebook based on coders’ preliminary read of the
transcripts. The codebook indicated the themes identified from
the data. We then applied the initial codebook to a subset of the
transcripts to clarify the definitions and resolve discrepancies.
All transcripts were then coded independently, with one-third
coded by both reviewers to evaluate interrater reliability
(ĸ=0.89). We then used deductive analysis on content within
relevant themes or structural analysis to answer specific research
questions. Specifically, to understand reasons for engagement
(responding to texts), we identified subthemes and described
content within the themes medication reminders and
accountability. To understand participants’ dose choice, we
conducted structural coding of all responses to interview
questions about that choice (ie, “After six months in REACH,
you chose to receive 3-4 text messages per week/to receive daily
text messages for the rest of the program. Why did you choose
that option?”).

Results
Participants
In the trial, 256 participants were assigned to receive text
messages. Of those enrolled, 8 participants were not included
in these analyses due to early withdrawal (n=5), a technical
error resulting in text messages not being sent (n=2), or opting
out of text messages during the first 30 days (n=1). The
remaining 248 participants were included in the quantitative
analyses. Participants were, on average, aged 55.8 (SD 9.8)
years, 55% (137/248) were female, 52% (129/248) were
nonwhite, 39% (97/248) were black, 41% (101/248) had a high
school degree or less education, and 41% (101/248) had an
annual household income of <US $25,000 (Table 1).
Of the 46 participants invited to complete a follow-up interview,
36 (78%) did so. The characteristics of the interviewed
participants were similar to those of the larger sample: aged
51.5 (SD 11.0) years, 56% (20/36) female, 67% (24/36)
nonwhite, 53% (19/36) black, 44% (16/36) with a high school
degree or less education, and 53% (19/36) with an annual
household income of <US $25,000.

We used thematic analysis with NVivo version 11 to identify,
organize, and interpret themes in the follow-up interview
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Table 1. Patient characteristics (N=248).
Patient characteristics

Values

Age (years), mean (SD)

55.8 (9.8)

Gender, n (%)
Male

111 (44.8)

Race/ethnicity, n (%)
Non-Hispanic White only

119 (48.0)

Non-Hispanic Black only

97 (39.1)

Hispanic

15 (6.0)

Other and multiracial

17 (6.9)

Education (years), mean (SD)

14.1 (3.0)

Annual household income (US $), n (%)
<25,000

101 (40.7)

≥25,000

125 (50.4)

Refused/do not know

22 (8.9)

Diabetes duration (years), mean (SD)

10.9 (7.5)

Insulin status (% prescribed), n (%)

123 (49.6)

a

a

Health literacy (BHLS ), mean (SD)

13.0 (2.6)

Numeracy (SNS-3b), mean (SD)

4.4 (1.3)

Stressors (TAPS-8c), mean (SD)

3.8 (2.0)

Diabetes self-efficacy (PDSMS-4d), mean (SD)

13.8 (3.5)

Medication adherence (ARMS-De), mean (SD)

39.8 (3.8)

HbA1cf (%), mean (SD)

8.6 (1.8)

Clinic site (FQHCg), n (%)

103 (41.5)

Assigned condition (text messages plus phone coaching), n (%)

123 (49.6)

BHLS: Brief Health Literacy Scale; Possible score range: (3-15).

b

SNS-3: Subjective Numeracy Scale; Possible score range: (1-6).

c

TAPS-8: Tool for Assessing Patient Stressors; Possible score range: (0-8).

d

PDSMS: Perceived Diabetes Self-Management Scale; Possible score range: (4-20).

e

ARMS-D: Adherence to Refills and Medications Scale for Diabetes; Possible score range: (11-44), items are reserve-scored so higher scores indicate
greater adherence.
f

HbA1c: hemoglobin A1c.

g

FQHC: federally qualified health center.

Long-Term Engagement
Participants responded to a mean of 81% (SD 23%; median
91%; IQR 75%-97%) of the interactive text messages over the
12-month intervention. Less than 1% of participants’ responses
to these texts were unexpected responses (ie, a response other
than yes or no to the daily text message or 0 through 7 to the
weekly text message). Response rates were negatively skewed
such that over two-thirds of participants’ response rates were
greater than 75%. Participants’ average response rate decreased
over time, although the predicted rate never dropped below 70%
(Figure 3).
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We also examined engagement separately during the first and
last 6 months of the intervention. During the first 6 months,
participants responded to a mean of 85% (SD 20%; median
94%; IQR 80%-98%) of the interactive text messages, and
during the last 6 months, participants responded to a mean of
81% (SD 22%; median 92%; IQR 75%-97%). For both time
periods, we found statistically significant time trends such that
participants had decreased odds of responding over time,
although there was little substantive change (Table 2). We
estimated the odds of responding to be about 0.7% lower on a
given day as compared with the previous day during the first 6
months and to be about 0.4% lower on a day-by-day basis during
the latter 6 months (Table 2).
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Figure 3. Predicted response rates over the 12-month intervention using a locally weighted scatterplot smoothing (LOWESS) curve.

Table 2. Results for logistic regression models examining time trends in responding.
Time trends and dose choice associations

Estimate

95% CI

P value

Day

0.993

0.988-0.998

.008a

Condition (text messages plus phone coaching)b

0.840

0.527-1.337

.46

Day×condition (text messages plus phone coaching)

1.002

0.999-1.006

.09

Day

0.996

0.995-0.998

<.001a

Low-dose choicec

0.613

0.364-1.032

.07

Low-dose choice×day

1.001

0.999-1.002

.16

0.842

0.612-1.157

.29

Low-dose choice

0.745

0.538-1.032

.08

Postchoice responding

0.439

0.334-0.579

<.001a

Low-dose choice×postchoice responding

1.208

0.931-1.567

.16

Time trends in response rates before dose choice (first 6 months)

Time trends in response rates after dose choice (latter 6 months)

Association between dose choice and (subsequent) response rated
Low-dose choice
Association between dose choice and (subsequent) change in response rated

a

Significant based on P<.05.

b

Reference group is texts only.

c

Reference group is choosing high-dose (high-dose choice).

d

Covariates included age, gender, and race.

Participant Characteristics and Engagement
Patients’ clinic site, age, gender, education, income, diabetes
duration, insulin status, health literacy, numeracy, and diabetes
self-efficacy were not associated with 6-month engagement
(Table 3). However, black race (compared with white), worse
baseline medication adherence and worse HbA1c were associated
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with lower engagement, although the effects were small (2%-7%
lower; Table 3). We did not find evidence of an association
between any measured patient characteristics and change in
6-month engagement, and we did not find evidence of an
association between any measured patient characteristics
(including prechoice response rate) and dose choice (Table 3).
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Table 3. Associations between patient characteristics and engagement.
Patient characteristics

6-month response rate, estimate
(95% CI)

Change in 6-month response rate, esti- Low-dose choice, ORa
mate (95% CI)
(95% CI)

Age (years)

–0.001 (–0.003 to 0.003)

–0.001 (–0.004 to 0.002)

0.989 (0.961-1.017)

–0.015 (–0.065 to 0.039)

0.030 (–0.027 to 0.085)

0.733 (0.406-1.295)

–0.070c (–0.129 to –0.012)

–0.013 (–0.073 to 0.049)

0.845 (0.432-1.545)

Education (years)

0.002 (–0.008 to 0.013)

0.002 (–0.008 to 0.012)

1.074 (0.980-1.189)

Annual household income ≥US $25,000

0.040 (–0.013 to 0.098)

0.021 (–0.100 to 0.187)

1.055 (0.600-1.881)

Diabetes duration (years)

–0.001 (–0.004 to 0.002)

0.001 (–0.003 to 0.004)

0.989 (0.951-1.028)

Prescribed insulin

–0.040 (–0.092 to 0.013)

–0.015 (–0.069 to 0.041)

0.808 (0.451-1.417)

Gender
Male
Race/ethnicityb
Non-Hispanic Black vs non-Hispanic
White

Health literacy (BHLSd)

–0.000 (–0.010 to 0.009)

–0.000 (–0.013 to 0.013)

0.994 (0.890-1.123)

e

Numeracy (SNS-3 )

–0.001 (–0.023 to 0.021)

0.002 (–0.021 to 0.026)

1.055 (0.841-1.322)

Stressors (TAPS-8f)

–0.006 (–0.019 to 0.007)

–0.008 (–0.022 to 0.004)

0.945 (0.821-1.080)

Diabetes self-efficacy (PDSMS-4g)

0.008 (–0.000 to 0.016)

0.004 (–0.003 to 0.011)

1.004 (0.924-1.096)

Medication adherence (ARMS-Dh)

0.014c (0.006 to 0.023)

0.005 (–0.003 to 0.013)

0.997 (0.925-1.084)

HbA1ci

–0.019c (–0.036 to –0.004)

0.001 (–0.015 to 0.018)

0.869 (0.728-1.006)

0.005 (–0.045 to 0.058)

–0.016 (–0.072 to 0.038)

0.680 (0.378-1.188)

0.024 (–0.031 to 0.081)

1.438 (0.847-2.583)

N/A

1.247 (0.262-7.288)

(%)

Clinic site (FQHCj)

Assigned condition (text messages plus phone 0.008 (–0.044 to 0.060)
coaching)
Prechoice response rate
a

N/Ak

OR: odds ratio.

b

Due to the small number of participants who identified as either Hispanic or multiracial, we did not report associations for these groups.

c

Significant association based on 95% CI.

d

BHLS: Brief Health Literacy Scale.

e

SNS: Subjective Numeracy Scale.

f

TAPS-8: Tool for Assessing Patient Stressors.

g

PDSMS: Perceived Diabetes Self-Management Scale.

h

ARMS-D: Adherence to Refills and Medications Scale for Diabetes.

i

HbA1c: hemoglobin A1c.

j

FQHC: federally qualified health center.

k

N/A: not applicable.

Intervention Features and Engagement
Participants’ assigned condition (ie, whether they received text
messages only or text messages plus phone coaching) was not
associated with their 6-month response rate (Table 2). In
addition, the odds of responding over time did not differ by
condition (Table 2).
Among participants given the option to receive fewer text
messages at 6 months (n=213), 55.9% (119/213) of participants
chose to receive fewer texts and 44% (94/213) chose to continue
receiving daily texts. The remaining 35 participants were not
asked this question because of not completing the 6-month
assessment, being unreachable by phone, or an RA error. Dose
choice was not associated with the odds of responding
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postchoice (Table 2). When we examined whether dose choice
was associated with a change in the odds of response, from
before to after making the choice, there was no association.
Odds of responding were lower over time in both groups but
did not differ by choice (Table 2).

Subjective Engagement
Reasons for Engaging With Text Messages
The most common theme about why participants responded to
the interactive text is because they used it as a reminder for
taking their medicine (n=19). For instance, participants described
how receiving and responding to the text served to routinize
their medication taking and helped increase their awareness:
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My little reminder I received on the cell phone, the
text, would, you know, help me remember to take my
medicine. Helped me get on a regular schedule.
[Hispanic white male, aged 45 years]
Participants explained how they came to anticipate the text
messages which helped them remember to take their medications
before they received the message. Sometimes, the text message
was a cue to action if they had not yet taken their medication:
I was forgetting to take my medications. Once I
started getting the messages...I would go get it and
take it. And it would remind me...I knew it was
coming, because I picked the evening hours to make
sure that, at eleven o'clock, I would get the
message...If I didn't, I know I had enough time to still
take it for that day. [Hispanic white female, aged 50
years]
The other, less common theme, explaining participants’
responses to the interactive text messages, was feeling
accountable—either to themselves or to the REACH team (n=9).
Some participants specifically described how they looked
forward to being able to respond yes to the text message when
they had taken their medication, whereas others talked about
negative feelings if they had not taken their medication and not
wanting to respond with a no:
Each day I got a message. If I didn't take my medicine,
I was taking it. And if I did take my medicine, I was
waiting on that message to feel like I did something
right. [Non-Hispanic black female, aged 26 years]
So, it was like when I didn't want to respond, it was
because I hadn't taken my medicine. Then, I felt guilty
and I felt that I was cheating myself. [Non-Hispanic
black female, aged 31 years]
In contrast, some described the importance of being honest in
their responses and not wanting to lie if they had not taken all
their diabetes medications that day. Finally, a few participants
described feeling like someone was keeping tabs on them, one
referring to us as “big brother”:
It kept you on track, gave you reminders, and it was
like you having like this little voice in the phone telling
you, “Make sure you take your medicine,” and, you
know, do what you're supposed to do. Stay on track.
[Black female, ethnicity not reported, aged 60 years]

Reasons for Dose Choice
Of the 36 participants who completed a follow-up interview,
64% (23/36) chose the low-dose option, 25% (9/36) chose to
keep the high-dose option, and 11% (4/36) were not asked
because of the reasons listed earlier. Common themes in
participants’ reasons for choosing the low-dose option included
that they had established a routine (n=6), the text messages were
interfering with their schedule (n=4), and they were becoming
frustrated with the text messages (n=6). Participants who
mentioned having a routine shared how the text messages had
helped them to create a habit, and therefore, they felt they no
longer needed the text messages as often:
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I think I had reached the point where the text
messages had the desired effect on me, and so I was
sort of trained at that point to anticipate them and to
be aware of their purpose...so fewer text messages
still had the same purpose. [Non-Hispanic white male,
aged 60 years]
Some participants who switched to low-dose felt that their
schedules were too busy to attend to and keep up with the
messages on a daily basis, whereas others shared how they were
frustrated with the text messages either because the content felt
redundant or because they did not like how many texts were
being sent:
I find you’re getting too much. It’s too much. It’s too
much. And a reminder here or there is fine. But to be
getting constant messages like that...I personally find
it annoying. [Non-Hispanic black female, aged 60
years]
Less commonly mentioned reasons included wanting more
autonomy to manage diabetes without the assistance of the text
messages (n=2) and issues pertaining to their cell phone or plan
(n=3; eg, limited plans made it difficult to receive daily text
messages and still be able to send text messages toward the end
of the month).
The most common reason participants provided for wanting to
continue receiving high-dose was the helpfulness of the daily
text messages (n=9). Specifically, participants stated that the
text messages benefited their health, and they wanted to continue
receiving them daily to keep experiencing that benefit. Many
mentioned how the interactive texts made them feel more
engaged in their diabetes self-care and reminded them to take
their medications each day:
I’m very forgetful...It’s going to sound silly, but [it’s]
sort of like a security blanket. You know, by receiving
that message, it’s like, okay, I felt like I was more
involved in taking care of my diabetes. I felt like I was
participating more in something. [Non-Hispanic white
male, aged 45 years]
If for some reason I hadn’t taken my medication that
day, because I got busy doing other things, when a
message comes in reminding me, [I think] “Oh, I
haven’t taken the medication.” So I will go ahead
and take it, then answer them. If that were to happen
every other two days or whatever, then maybe I would
have missed taking my medication...It brought you
back, even when you’re on a really busy day. You’re
able to get that message and say, “Oh yeah” and take
your medicine. [Hispanic female, aged 65 years]
Other participants specifically mentioned the self-care promotion
text messages and appreciated the tips and information included
in that content. Finally, some emphasized improvements in their
health, which they attributed to the daily text messages:
I guess, you know, texting is a part of life now...it’s
just kind of a daily thing, and it’s information I can
share with somebody else. “Oh, look what I got.” Or
if you’re somewhere all you have to do is show your
phone...I just liked the daily input, and it was good
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information. [Non-Hispanic black female, aged 47
years]
When I noticed my A1c had went down, I believe in
that period it was just like, “Oh, it worked.” So, I
think this is what made me [say] “Nah, I need it
because some progress is better than none.”
[Non-Hispanic black female, aged 31 years]

Discussion
Principal Findings
We examined user engagement in a 12-month text messaging
intervention designed to support diabetes self-care in a sample
overrepresenting adults with low SES and racial/ethnic
minorities. We wanted to understand how intervention
characteristics and patient characteristics affected engagement
with the text messages, with particular attention to the addition
of a human component and participants’ opportunity to choose
their text message frequency after 6 months of daily texts.
Engagement gradually decreased throughout the intervention
but remained relatively high over 12 months. We did not find
any differences in engagement by participants’ clinic site, age,
gender, education, income, diabetes duration, insulin status,
health literacy, or numeracy. Engagement was lower among
participants who were black and who had worse medication
adherence and HbA1c at baseline; however, the magnitude of
these differences was relatively small. When given the option
at 6 months to receive fewer text messages, nearly half of the
participants chose to continue receiving daily text messages for
the remaining 6 months. We did not find differences in
engagement based on participants’ receipt of phone coaching
or their selected text message frequency.
The literature reporting on engagement with mobile health
(mHealth) interventions is growing, although few studies report
on interventions lasting more than 6 months [17]. Our findings
support the use of text messages to engage participants long
term. Before starting the RCT, we conducted iterative usability
testing with participants from the target population; we
addressed participant concerns regarding content and
functionality, which may have helped sustain engagement in
the trial [26,28]. In addition, the personalization used in REACH
(eg, tailored content and message timing) may have promoted
engagement, which is consistent with other studies employing
individualized content [12]. Black participants and those with
worse baseline medication adherence and HbA1c had lower
engagement. Notably, although these differences were
statistically significant, average engagement was still relatively
high across all participants (eg, the average response rate among
black participants was 80%, whereas for white participants, it
was 87%). On the basis of the qualitative data, participants’
engagement appeared to be influenced by the perceived
helpfulness of the text messages with reminding them to take
their medication and feelings of accountability engendered by
the texts.
Studies exploring the role of human support in engagement with
automated technologies have shown inconsistent findings
[26,41]. Variation in results are likely due to variation in the
type of human involvement (eg, remote vs in person, familiar
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vs new health care professional, and providing structured support
vs following up as issues arise), the type of technology, the
engagement measure, and users’ needs and preferences [41]. In
this study, there was no difference in text message response
rates between users who received text messages only and those
who received both text messages and monthly phone coaching.
Mohr et al [42] proposed a model for how human support
increases adherence to electronic health interventions, such that
patients experience accountability to a person they view as
trustworthy, benevolent, and having expertise. Although the
text messages in this study were automated, the content
contained encouragement, information, and bidirectional
communication, which may have been perceived as human
support, thereby increasing engagement, regardless of
assignment to phone coaching. In a study that explored
perceptions of a similar automated text messaging program for
diabetes self-care, black patients with T2D shared how they felt
high levels of social support and cared for by a person or friend
despite knowing that the program was automated [43].
Furthermore, in this study, all participants experienced a human
component from interacting with the study staff for other
elements of the study (eg, completing surveys), which may have
dampened our ability to detect additive effects of the monthly
coaching.
The ideal dose or frequency of text messages to sustain
engagement in an intervention is unclear and likely varies by
individual user. We did not find any patient characteristics
associated with frequency choice, which suggests that preference
was idiosyncratic. We included the low-dose option to sustain
engagement among participants who may prefer receiving text
messages less often than daily. The variability in choice and
the specific reasons for making the choice suggest it was
valuable to participants. The choice may also have kept
engagement high for some participants who otherwise would
have stopped responding. Reconciling dose preference with the
dose needed to impact patient outcomes will be integral for the
design of future text messaging interventions [13].

Limitations
This study recruited patients with T2D from a specific region
in middle Tennessee. Therefore, we acknowledge that the
findings may not be generalizable to patients with T2D in other
locations or to other patient populations. In addition, because
patients who did not want to respond to text messages were
likely those who chose not to participate in this study, this may
have led to a self-selection bias among our sample. As
mentioned earlier, interactions with study staff may have
reduced our ability to detect the effects of human coaching on
engagement. We did not find evidence that patient characteristics
were associated with dose choice; however, it is possible that
characteristics not assessed in this study may have impacted
the decision. For example, in the case of employment status, a
person who is retired may be more receptive to receiving a
higher frequency of messages than someone who is working
full time. Finally, we were unable to compare how engagement
would have been impacted if we did not give a choice for
frequency preference.
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Conclusions
There is growing evidence for the efficacy of text
message–delivered interventions to improve adherence and
clinical outcomes [11], and this study addresses important gaps
by examining long-term engagement and associations between
engagement and participant and intervention characteristics. As
the literature on engagement is growing, there have been calls
for more standardized engagement reporting to compare results
across studies and draw more concrete conclusions about the
role of engagement [44,45]. Kelders and Kip [46] recently
developed a self-report scale to capture multiple components
of engagement with health technologies (ie, behavior, cognition,
and affect). Similarly, we encourage reporting on usage that
goes beyond the average engagement level, but rather examines
how engagement changes over the course of an intervention,
and factors that influence engagement. In any intervention, users
will become fatigued over time, so testing engagement
promotion strategies (including new content to sustain interest
over time and/or gamification) will also provide insights on
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how to improve and sustain engagement [47,48]. Finally, robust
measurement of engagement will also help us explore the effect
of engagement on outcomes to enhance our understanding of
how and for whom mHealth interventions improve health. As
a next step to this study, we plan to evaluate how engagement
with REACH impacts outcomes, including HbA1c and
medication adherence. Specifically, we will explore whether
there is a minimum engagement threshold (ie, response rate)
needed for patients to experience improvements in outcomes.
As patients with low SES, who are less likely to have
smartphones and internet access, also tend to have worse health
outcomes, the spread of apps and other internet-dependent
technologies may unintentionally widen health disparities [49].
Compared with other forms of mHealth technology, text
messages offer key advantages given their ubiquity and potential
for scalability [12,50]. This study contributes to evidence for
the case that these interventions may help create equity if
implemented in clinical care.
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Abstract
Background: Mobile technologies hold potential for improving the quality of care and engagement of patients. However, there
are considerable challenges in ensuring that technologies are relevant, useful, and engaging. While end users such as patients and
providers are increasingly involved in the design of health technologies, there are limited examples of their involvement in directly
creating technologies for their personal use.
Objective: We aim to evaluate the feasibility and acceptability of patients and providers creating mobile texting apps to support
treatment goals.
Methods: In an 11-month usability study, we enrolled 4 providers and 28 patients in an intensive outpatient program for
obsessive-compulsive disorder. Patients and providers created their own mobile texting apps using a visual app development
platform. A subsample of 10 patients and 4 providers completed a usability measure.
Results: Participants created a total of 360 unique mobile text messages (1787 total messages sent). There were 4 types of
messages identified, including personalized reminders, clinical exposures, interactive prompts, and encouraging/informational
messages. A total of 9 out of 10 (90%) patients agreed that the messages were relevant to their recovery, and 8 out of 10 (80%)
agreed that the messages were effective at helping complete treatment plans.
Conclusions: Enabling patients and providers to cocreate apps for their own use by using a visual application platform is feasible
and holds potential for increasing the relevance, sustainability, and effectiveness of digital health technologies.
(JMIR Mhealth Uhealth 2020;8(7):e12655) doi:10.2196/12655
KEYWORDS
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Introduction
Digital technologies such as mobile apps are increasingly used
to improve the quality of care and engagement of patients [1],
especially for chronic disease management, in which
engagement of individuals over time is challenging [2]. There
are considerable barriers in ensuring that technologies are
relevant, useful, and lead to sustained use at the patient,
provider, and institutional levels [3,4]. Involving broader
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stakeholders, including patients and providers, is increasingly
seen as critical in addressing these challenges. However, their
involvement in the development process is typically limited to
the design of apps, often providing feedback on the content,
functionality, and visual appearance. Translating these designs
into functioning apps is often undertaken separately by computer
programmers, resulting in the removal of the end users from
this aspect of development, as well as additional cost,
complexity, and time. There have not been previous reports of
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a systematic approach to engaging patients and providers as the
direct creators of mobile health apps that they use to support
their health needs [5].
The technology adoption model identifies several intrinsic and
extrinsic factors related to technology use, including perceived
ease of use and relevance [6]. Both of these factors may be
negatively impacted when apps are not created for specific
individuals or local groups but rather made to address broader
diseases (eg, diabetes management), conditions (eg, weight loss,
stress reduction), or approaches (eg, cognitive behavioral
therapy). At the same time, direct engagement by patients has
been recognized as a key determinant of health behavior change,
better health outcomes, and satisfaction [7].

Arevian et al
Participatory approaches, including participatory design and
community-partnered participatory research [8,9], were created
to involve stakeholders such as patients, providers, and
community leaders, and are increasingly used in a variety of
settings, including those involving digital health [5]. However,
the translation of designs to app creation is often undertaken
separately by technical individuals such as computer
programmers. In addition, existing participatory methods often
aim to create an app for a population whose users were not
involved in the process. This is different than a systematic
approach to involving individuals in the creation of an app for
their personal use, as seen in Figure 1.

Figure 1. Comparison of two approaches to the participatory technology development process for mobile apps. A) Stakeholders cocreate an app for a
group of end users. B) Patients and providers cocreate apps to support themselves.

A major assumption of the present study is that when individuals
are involved in creating the apps that they will personally use,
their engagement and the perceived usefulness of the apps will
be enhanced. We created the Chorus application platform
(Chorus Innovations Inc) [10] to facilitate this process of
participatory technology development, in which stakeholders
can be directly involved in both designing and creating mobile
apps. An application platform provides modules and functions
that can be reused to create specific applications to reduce
development time, lower cost, and improve scalability [11].
Furthermore, Chorus is a no-code application platform that uses
a visual interface to configure apps without the need for
computer programming, with the objective of supporting a broad
population of stakeholders as app creators [12]. Chorus has been
used to create mobile web, text messaging, and interactive voice
apps for more than 50 research and clinical projects, including
ongoing studies of automated text messaging interventions for
asthma [13] and healthy lifestyle [14].
Our group previously used the Chorus platform to facilitate a
participatory development process to cocreate a mobile texting
app to support resiliency (B-RESILIENT) [15]. We conducted
a series of partnered workgroups with stakeholders, including
patients, community leaders, and academic researchers. In these
workgroups, key needs of the community, selected and adapted
content to include in the app, and privacy and other concerns
related to trust of the technology were discussed. The
workgroups then created an app that addressed these needs.
It remains an open question to what extent it is feasible for
individual patients and providers to directly create personal
mobile apps for their own use in real-world clinical settings.
http://mhealth.jmir.org/2020/7/e12655/
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The goal of this pilot study was to evaluate the usability of the
Chorus platform and the feasibility of a participatory
development process in the creation of mobile texting apps by
patients and providers, as well as to describe the kinds of mobile
texting apps created by these participants. The study was
conducted with patients in an intensive outpatient treatment
program and their providers.

Methods
Setting and Participants
This study was conducted in the Obsessive-Compulsive Disorder
(OCD) Intensive Outpatient Program (IOP) of University of
California Los Angeles (UCLA) Health. Patients with OCD
attended the IOP program 3 to 5 weekdays per week. The IOP
uses cognitive behavioral therapy (CBT) techniques, including
exposure to situations and stimuli that trigger anxiety symptoms,
known as Exposure and Response Prevention (ERP) [16]. The
core of ERP is intentional and planned exposure to stimuli that
trigger anxiety responses, with progressively increasing levels
of stimulus threat as treatment progresses.
Key clinical challenges were identified in a workgroup meeting
with IOP staff and research personnel at the beginning of the
study. The IOP staff identified low patient satisfaction with
support after clinic hours and the difficulty of completing
exposure tasks outside of the clinic setting, a common barrier
in OCD treatment [17].
The Chorus platform was implemented by the IOP as part of
clinical care rather than as part of a research study. Patients who
enrolled in the IOP were consented by clinic staff for use of text
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messaging as part of their care. Those that agreed were then
consented by research staff to participate in this study. The
scope of the research study was to evaluate the clinic’s
implementation and use of the Chorus platform by analyzing
text messages, administering usability measures, and conducting
workgroups. All research methods were approved by the UCLA
Institutional Review Board.
Inclusion criteria for study participation included being an active
patient of the IOP clinic, having a mobile phone (smartphone
not required), and being willing to receive text messages.
Patients used their personal mobile phones and interacted with
their app through text messaging. There was no app to
download. There were no exclusion criteria. We chose these
broad criteria to reflect the typical population from this clinic.
Technical skills such as computer programming were not a
requirement for participation.
During the pilot period, there were 4 PhD psychology providers
who participated in the study. The number of patients active in
the clinic at any given time varied between 6 and 8 patients.
Patients participated in the study for as long as they were
enrolled in the IOP (average stay of 6-8 weeks). No participants
disenrolled early from the study.

Arevian et al
cocreate personal mobile text messaging apps using the Chorus
platform created by Arevian et al [15]. Providers were given
log-in access to the platform and used the visual web interface
with their patients to cocreate the texting apps, as seen in Figure
2. This included specifying the content of messages, logic to
handle responses from the patient if needed, and scheduled times
to send the messages to the patient from the platform. The
content and functionality of the apps were entirely driven by
the patient and provider. The messaging did not facilitate direct
communication between patients and providers. Instead, the
app was configured to automatically send the messages to the
patient at a later time. If the patient replied to the message, they
would receive an automated preconfigured (by the patient and
provider) response from the app.
Initial training for clinic psychotherapists to use Chorus was a
single 1-hour session. One therapist requested an additional
training session. Therapists were not provided specific guidance
on the types of apps to create other than to address the clinical
needs of their patients. Therapists reviewed the app’s
functionality with patients as needed as part of the cocreation
process. The Chorus platform was provided through the
Innovation Lab at the Jane and Terry Semel Institute for
Neuroscience and Human Behavior at UCLA.

Participatory Technology Development
The clinic implemented a process of participatory technology
development (Figure 1) to facilitate patients and providers to
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Figure 2. Visually creating apps with Chorus. A) Creation of text messaging content visually with a simulated phone. B) Visual interface to configure
the logic that guides subsequent messages to send based on user’s response. C) Screenshot of an example mobile texting interaction as seen by patients.

Measures and Analysis
Demographic details (age, sex, race) and clinical outcomes were
extracted from patients’ medical records. We report the
Yale-Brown Obsessive-Compulsive Scale (Y-BOCS) score to
describe the clinical severity of this population. Y-BOCS is a
measure of OCD symptom severity and was assessed by study
staff on admission as part of routine care [18].
http://mhealth.jmir.org/2020/7/e12655/
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Feasibility and acceptability were evaluated through a written
questionnaire that study staff administered to patients. The
measure included items of perceived ease of use, perceived
usefulness, self-efficacy, and patient-centeredness (see
Multimedia Appendix 1) [6,19]. Participants indicated their
agreement with statements in the survey using a Likert scale
ranging from 1 to 7, where 1 indicated they strongly disagreed,
4 indicated they were neutral, and 7 indicated they strongly
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e12655 | p.697
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agreed with the statement. The survey also included 2
open-ended prompts to list the most positive and negative
aspects of their apps, the platform, or the process of participatory
development. The survey was administered to 14 participants
(10 patients and 4 therapists) during a 2-month evaluation period
of the pilot.
We conducted a total of 7 workgroups with patients and 7 with
providers to discuss experiences related to the app development
and participatory process. Each workgroup typically had 2 to
7 participants and lasted 30 minutes to 1 hour. Workgroup
sessions were audiorecorded and reviewed by study staff.
Qualitative analyses were conducted by reviewing transcripts
(for workgroups) and message logs (for app content) to group
phrases or messages together and identify themes [20]. Themes
were cross-checked by 2 study staff and reviewed with clinic
staff for validity. Representative quotes and messages are
tabulated in the results below. App use metrics were extracted
from the Chorus activity logs for all participants.
Retention rates for the use of the mobile texting apps were
calculated using the date of the last message sent or received
by the patient from the Chorus logs and comparing this to the
date of termination from the clinical program.
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Results
We conducted a rolling enrollment over an 11-month period
between July 2015 and May 2016. A total of 28 patients and 4
providers were enrolled in the study during this period. The
providers were all PhD-level psychotherapists specializing in
the treatment of anxiety disorders. Of the 28 patients, 11 were
female (39%). Mean age was 33 years (SD 14.2; range 18-69).
Patients were mostly white (26/28, 93%) and had severe OCD
symptom burden on admission (Y-BOCS mean score of 38 out
of 40, indicating extreme level of symptoms).
A total of 1787 messages were sent to patients during the
evaluation period (360 unique messages) and 80 responses were
received from patients. Patients received an average of 51
messages (SD 55). All patients responded at least once to a text
message. The number of messages sent did not vary by day of
the week. Most text messages were sent after clinic hours
(between 2 PM and 10 PM).
We identified 4 basic types of messages created, including
personalized reminders (ie, prompting of a clinical goal to be
achieved at home), messages serving as clinical exposures (ie,
intended to evoke feared stimuli), interactive prompts (messages
that requested a response from the patient), and encouraging or
informational messages (Textbox 1). A common theme of the
messages was to use personalization and humor to create
messages related to treatment engagement.
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Textbox 1. Content of mobile texting apps.
Interactive
•

“Were you able to sit with the anxiety and contamination without washing today? Press 1 for yes and 2 for no”

•

“Hey there {patient name}, did you meet your goal today? TEXT 1 for yes or 2 for no”

•

“Don't forget to take the Namenda tonight. Press 1 if you took the medication”

•

“Hey, did you go to the store today?! TEXT: 1 for yes, 2 for no”

Personalized reminders
•

“Hi {patient name}, No more showering. Life is too short. Lean into the grubbiness. You can do this”

•

“It's 10pm, time to give up your devices. They turn into pumpkins!”

•

“Good morning {patient name}, here is your sleep diary reminder! {link to diary website}”

•

“Ready, set, go - shower in under 12. Otherwise get ready to shower at [University of California Los Angeles] in 6 minutes”

•

“Leave those faucets alone {patient name}. You don't need them”

•

“C'mon tin ribs, get to the gym and feel the burn!”

Message as the exposure (exposure type)
•

“Remember, Typhoid {patient name}, No handwashing. You are a walking petri dish!” (contamination)

•

“Showering once a day means you have some pretty gross stuff on you” (contamination)

•

“gr8t job this week - don't forget two exercise this weekend :)” (spelling)

•

“{expletive}” (unwanted thoughts)

Encouraging/informational
•

“Gold star Mr. Jelly Legs. Be proud of yourself”

•

“Remember to try to go as long as possible without washing, even if you feel contaminated. You are stronger than your [obsessive-compulsive
disorder]!”

•

“Very good padawan”

•

“Exercise combats health conditions and diseases. It can also improve mood”

•

“That's awesome!! Great Job!”

Results from the usability survey for patients and providers are
presented in Table 1. Individuals responded to how much they
agreed with the statements listed in Table 1 using a Likert scale,
where 1=strongly disagree, 4=neutral, and 7=strongly agree.
Representative open-ended responses for positive and negative
features of the system are included in Textbox 2. Regarding the
use of the Chorus platform, 11 out of 14 (79%) participants (10
patients and 4 providers) agreed that Chorus was simple to use,
12 out of 14 (86%) felt comfortable using Chorus, 13 out of 14
(93%) felt comfortable using the text messaging app, and 11
out of 14 (79%) felt they (or their patients) were more engaged
as a result. All providers (4/4, 100%) and most patients (8/10,
80%) agreed or responded neutrally to the statement “I can
effectively develop messages with my provider (patient) using
this messaging application.” Of the 10 patients surveyed, 9
(90%) agreed that the messages were relevant to them and their
recovery, and 8 (80%) agreed that the messages were effective
in helping them complete treatment exercises at home.
Overall, engagement with the cocreated apps was sustained over
the time the patient was engaged in the clinic (Figure 3). The
average duration of mobile app use was 25.1 days (SD 15.1),
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which was 6.7 days (SD 8.8) shorter than the average length of
stay in the clinical program (mean 31.8 days, SD 13.3).
Key themes that emerged from provider workgroups were
related to the effects of the app development process on
engagement and between-session homework completion (eg,
“Follow through on homework is better”; “One of the patients
I had, he really loved it. He said he felt more accountable. And
it involved his wife because he showed his wife so she was kind
of onboard with the whole treatment. And he said it felt like
[my provider] was in the room...”). Themes emerging from
patient workgroups included discussion of personalization of
treatment (eg, “I tell [my provider] what kind of topic I want.
And then we talk about what times are good. But then she makes
up the specifics”), motivation (eg, “Helps the motivation
continue”; “It helps remind you on what you need to be doing”),
and connection after hours (eg, “You’re [in the IOP clinic] for
an allotted amount of time and then you have to be out into the
real world… This supplements [the time in the IOP clinic]”).
Providers stated that during the final week that patients are in
the IOP, providers are focused on discharge planning and
therefore less focused on app use by the patients.
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Table 1. Usability and satisfaction with the Chorus platform and mobile texting apps.
Measure

Score, mean (SD)
Patients (n=10)

Providers (n=4)

6.0 (1.5)

5.8 (0.5)

This messaging application has all the functions and capabilities I expect it to have.

5.7 (1.6)

5.3 (1.0)

I feel (I am/my patients are) more engaged in my treatment as a result of using this messaging application.

5.8 (1.2)

6.0 (1.4)

I can effectively develop messages with my provider (patient) using this messaging application.

6.0 (1.3)

6.8 (0.5)

I (my patient) was directly involved in creating the text messages I would receive.

4.8 (2.2)

5.5 (3.0)

Perceived ease of use
It is simple to use this messaging application.
Perceived usefulness

Self-efficacy

Receiving these text messages is effective in helping me (my patient) complete the treatment plans at home. 5.7 (1.1)

7.0 (0)

Patient-centeredness
Information provided by the text messages is relevant to me (my patient) and my (patient’s) recovery.

6.2 (1.0)

7.0 (0)

Overall, I am satisfied with this messaging application.

5.8 (1.4)

5.5 (0.6)

Textbox 2. Illustrative quotes of positive and negative aspects of Chorus.
Positive aspects
•

“It's nice to have it remind me of all the things I need to accomplish”

•

“Helps the motivation continue”

•

“Get out of comfort zone”

•

“I feel more encouraged in treatment”

•

“It is simple”

•

“Very straightforward”

•

“Simple to create”

•

“Fun texts”

•

“Patients love it”

•

“Patients like interaction”

Negative aspects
•

“Harder to use if you're a bad texter”

•

“Some bugs”

•

“Disappointment it's not a text from a friend”

•

“Folders needed [to organize messages]”
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Figure 3. Patient engagement. Percentage of participants enrolled in the Intensive Outpatient Program clinic (black line) compared with the percentage
of participants actively using their mobile app (grey line) by number of days in the program.

Discussion
This is the first study of a systematic approach for patients and
their providers to directly cocreate mobile texting apps for their
own use as part of clinical care. We implemented a web-based
application development platform (Chorus) and participatory
development process in an outpatient clinical setting for patients
with severe OCD. Providers required minimal training and were
able to cocreate and use apps the same day that they were trained
on how to use the platform. Providers and patients determined
the content, frequency, and timing of notifications. Despite the
high symptom burden experienced by patients, both patients
and providers reported that the Chorus platform was easy to use
and that it helped patients engage in treatment goals. A total of
9 out of 10 patients agreed that the messages were relevant to
them. We observed sustained use of the cocreated apps
throughout patients’ time in the IOP. In addition, while the
patients and providers were not given specific direction as to
the types of messages to create, the 4 categories of messages
identified were consistent with key principles of CBT and ERP
implemented by the clinic.
There is increasing interest in including patients and providers
at various levels of technology development. The Nightscout
project is an example of an app first created by a patient’s parent
for diabetes management [21]. The parent, who was a computer
programmer, identified a need and created a technology to
address it, resulting in an open source app for monitoring
glucose levels. While this project involved an end user in its
development, our approach differs in that computer
programming is not required so that apps can be created by
individuals without technical backgrounds, including for their
own use. Torous and Roux [22] describe an individual patient
http://mhealth.jmir.org/2020/7/e12655/

XSL• FO
RenderX

with schizophrenia working with their provider to create a
custom symptom-tracking system. Though the patient and
provider were not creating a mobile app, they used spreadsheets
to graph symptom counts recorded with a manual tally counter
by the patient.
Part of the challenge of involving patients in creating apps for
their own use is the high technical and financial barriers to
creating apps. The use of application platforms may offer several
advantages. Visual development interfaces mean that individuals
without knowledge of computer programming can create apps.
In addition, compliance, auditing, and security requirements,
such as those in the Health Insurance Portability and
Accountability Act, can be handled centrally by the platform
without the need to repeat these functions and organizational
review processes for each individual app. There are several
examples of no-code platforms used in health care and research
outside of mobile app development. For example, REDCap
(Vanderbilt University) [23] and Qualtrics (SAP SE) [24] are
commonly used visual development platforms for creating online
surveys. Squarespace (Squarespace Inc) [25] and Wix (Wix.com
Inc) [26] are platforms to visually create and host websites. This
is in addition to platforms for use by developers and institutions
with technical expertise, including platforms to facilitate device
sensing [27], data collection [28], and data storage and analysis
[29].
The direct development of technologies by patients, providers,
and other stakeholders has several implications. First, this
participatory process aims to increase the level of patient
involvement and the relevance of health technologies, which is
consistent with recommendations from behavior change theories
and guidelines for patient-centered care [7,8,30]. Second, this
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e12655 | p.701
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process also has implications for equity and power sharing, a
key principle from participatory approaches such as
community-partnered participatory research. If patients are
primarily involved at the design stage only (as is the current
state of practice), the ability to create and maintain technologies
still rests with computer programmers and server infrastructure
staff. When patients and providers directly create and maintain
their own apps, they may be better able control what is created,
change the apps over time as their needs and priorities change,
and directly benefit from their own apps.
Our approach is consistent with recent recommendations
regarding how health information technologies may be evaluated
more effectively within health systems. Learning health systems
[31], agile science [32], and responsive research [33] each aim
to support iterative intervention development, learning through
implementation in real-world settings, and flexible evaluation
options such as N-of-1 and pragmatic trials. End users are an
untapped talent pool. According to the US census, only 0.1%
of the US population are computer programmers [34]. By
exploring approaches and technology platforms that do not
require programming skills, we are better able to tap into the
expertise and capacity of individuals who have lived
experiences. An important future consideration is how clinical
training programs may be modified to prepare clinicians and

Arevian et al
other staff for increased patient involvement in health
technology development [35].
This study has several limitations. It was conducted at a single
site with a limited number of patients, most of whom were white,
young (mean 33 years), and had severe OCD symptoms. The
clinical program was also suited to texting interventions, given
its focus on CBT and exposure-driven treatment. Implementation
in larger samples, at other sites, and in other clinical conditions
would allow further evaluation of the generalizability of this
approach, including how it may be adapted to other technology
platforms [11]. This study did not evaluate the impact of the
app development and cocreation process on clinical outcomes,
a topic to be explored in randomized controlled trials. While
patients engaged with the app for the majority of their length
of stay in the IOP, we did observe a discontinuation of the app
an average 6.7 days prior to discharge from the IOP. This may
be due to the reduced focus on exposures and interventions in
the final week of the IOP, with a transition to discharge planning
reported by providers.
Technology approaches that use flexible, user-driven platforms
to engage a broader set of individuals in development may hold
potential for increasing the relevance and sustainability of
technology interventions, which may in turn lead to improved
patient engagement and outcomes.
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Abstract
Background: Black women are an important but relatively overlooked at-risk group in HIV prevention efforts. Although there
is an aggregate decline of HIV diagnoses among women in the United States, there are persistent disparate rates of new HIV
infections among Black women compared to any other cisgender female subgroup. Strategies to end the HIV epidemic—as
outlined in the Ending the HIV Epidemic initiative—for all communities must consider HIV prevention messaging and message
delivery mediums that are created with community input. Although mobile health (mHealth) is a popular platform for delivering
HIV interventions, there are currently no mobile apps that consider cisgender Black women with the goal of promoting a
comprehensive women’s reproductive health and HIV prevention lifestyle. Previous research recommends inclusion of the target
population from project inception and iteratively throughout development, to promote use of the intervention.
Objective: The purpose of this study is to understand cisgender Black women’s preferences for functionality, format, and design
of a mobile HIV prevention app and to examine their willingness to use an app for HIV prevention.
Methods: We conducted a series of four focus groups with 23 Black cisgender women. Focus groups included discussion and
demonstration elements to address cisgender women’s general preference for apps, HIV prevention content that would be useful
in an app, and preferred app features that would promote use of an HIV-centric app. During focus group discussions, participants
were shown narrated, custom wireframes of HIV prevention app prototypes to demonstrate potential app function.
Results: Findings indicated the presence of eight subthemes within the coding structure of three overall themes: (1) health
content within the mobile app, (2) mobile app functionality, format, and design, and (3) other suggested features. Specifically,
participants detailed preferred educational content, content distribution, app aesthetics, privacy considerations, and marketing of
the app.
Conclusions: Findings suggest that Black cisgender women preferred an app that integrated HIV prevention and optimal sexual
health promotion. Participants provided a range of preferences for content integration and facilitators of app engagement with an
HIV prevention app. Preferences centered on gender and cultural congruency of information and content, evidenced by visuals,
language, and resources. Black cisgender women are viable consumers for a mobile app–based HIV prevention intervention.
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Introduction
Nearly 40,000 Americans were newly diagnosed with HIV in
2017 [1]. Although there has been an 8% decline in new HIV
diagnoses, individuals of color—particularly Black
women—continue to be disproportionally affected by the current
HIV epidemic, trailing only men who have sex with men (MSM)
[2,3]. Black individuals are the most affected racial or ethnic
group, with Black men having a lifetime HIV risk of 1 in 20
and Black women having a risk of 1 in 48, compared to 1 in
132 and 1 in 880 for White men and White women, respectively
[4]. In 2017, Black women accounted for almost 60% of newly
diagnosed HIV infections among women and comprised 26%
of HIV incidences among the Black population in the United
States [3,5].
Black heterosexual women have a higher rate of HIV and
sexually transmitted infections (STIs) compared to any other
female group in the United States [1]. There are several social
determinants of health that contribute to this increased HIV risk
among this population [6]. These include poverty, lack of access
to quality health care, unstable housing, sex-based power
differentials in couple relationships that limit women's ability
to negotiate HIV protective actions with their regular male sex
partners, limited HIV prevention education, the increased
prevalence of other STIs, and alcohol and drug use [6,7]. In
addition to these factors, it is also important to consider that
many Black women are at an increased risk for HIV acquisition
due the mere concentration of people living with HIV within
their geographical area or communities, coupled with their
sexual networks [8]. Black women themselves may have few
sexual partners; however, they are more likely to have sexual
contact with individuals who have multiple sexual partners
[8,9]. Thus, Black women may remain at high risk for
contracting HIV even when they do not exhibit risky behaviors
[8].These factors are important to recognize when addressing
HIV prevention interventions for Black women in high-risk
areas, such as the southern United States.
Evidence-based, face-to-face behavioral interventions (eg,
SiHLE [Sisters, Informing, Healing, Living, Empowering] and
Horizons) [10] that involve educational sessions led primarily
by Black women have been effective in reducing disparities in
HIV transmission [7,11]. Although effective, such interventions
have been greatly limited by factors related to cost, scalability,
sustainability, and reproducibility [7,12]. For example, barriers
commonly associated with traditional interventions are
limitations related to ease of access (eg, location of study
activities), cost (eg, childcare), transportation difficulties, and
time constraints, which can prevent study enrollment and
engagement and/or lead to high study attrition [13].
Technologically delivered behavioral interventions driven by
mobile health (mHealth) have the ability to overcome such
barriers while offering several advantages compared to
traditional face-to-face interventions [13]. Promising
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implications for the use of mobile technology to facilitate the
delivery of health care rely on general mobile phone usage by
the target population.
Among Black youth and residents of low-income households,
smartphone ownership exceeds 80% and plays a critical role in
providing internet access, compared to laptops or desktop
computers [9,14-16]. As a result, Black youth and adults are
more likely than White people to rely on their smartphones for
certain activities, including seeking health care information
[14]. The increasing popularity of smartphones along with
smartphone apps have made the possibility of employing mobile
phones and apps as a platform to provide HIV prevention
information for Black women highly feasible [17].
HIV prevention interventions delivered through mobile apps
have been largely aimed at MSM [18,19]; yet, they have failed
to attract the attention of, and positive responses from, other
ideal audiences, particularly Black women [18]. Studies that
have focused on mHealth for HIV prevention among Black
women have primarily utilized telephone calling and text-based
counseling interventions, which have demonstrated marked
efficacy in reducing risk behaviors and incident STIs among
women compared to face-to-face counseling sessions [10,12].
Although interventions that have assessed texting and calling
as HIV prevention interventions have been effective, there is a
need for the development of mHealth interventions that
specifically target Black women and use innovative and
resourceful approaches that promote user engagement and
sustainability. The few research studies that have taken on this
approach have shown promising results. Jones and Lacroix [9]
employed an mHealth intervention for Black women that used
smartphones to deliver culturally tailored, soap opera videos
that focused on HIV prevention for young Black women to
encourage a reduction of high-risk behaviors. The video
intervention was compared to weekly text-based HIV
risk–reduction messages, which tend to be more commonplace
in mHealth HIV prevention efforts. The intervention arm showed
a dramatic reduction in unprotected sexual encounters
postintervention when compared to baseline [9]. Gonzalez
Gladstein [20] conducted a pilot randomized controlled trial
that evaluated the feasibility and efficacy of a web-based app
to increase HIV and STI knowledge and use among Black and
Latina young adult women. Study participants in the intervention
arm found the app to be trustworthy and useful, and results
revealed that participants in the intervention arm had high levels
of engagement and retention [20]. Currently, Browne et al [21]
is conducting a randomized controlled trial that involves trialing
a mobile app to provide HIV prevention and risk-reduction
education to young African American women living in North
Carolina who are sexually active and use drugs. If efficacious,
this mHealth app can be useful in expanding the reach of HIV
risk–reduction interventions for Black women and increasing
accessibility for Black women who use mobile devices [21].
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The etiology of HIV transmission among Black women largely
differs from that of other high-risk populations, further
emphasizing the need for more tailored interventions to be
developed for Black women [7,11]. While HIV prevention
efforts targeting MSM are necessary, it is crucial that we engage
other vulnerable populations in prevention efforts in order to
successfully meet both national and global HIV elimination
goals. Black women are not likely to engage with mHealth apps
developed for MSM, due to lack of relatability and contextual
relevance as it relates to their intersecting HIV prevention and
women’s health needs. More specifically, health promotion
interventions for Black women focusing on HIV prevention
should promote self-empowerment, gender and ethnic pride,
self-efficacy, and skills building [7]. Mobile apps developed
for Black women have the potential to deliver HIV prevention
information and skills in interactive, useful, nonstigmatizing,
and discrete ways [7]. Furthermore, Black women are willing
to participate in mHealth research that promotes the prevention
and management of chronic illnesses, especially when such
research is culturally tailored and comprehensively considers
their reproductive and sexual health concerns. mHealth purports
care continuity and constant accessibility, thus offering users
flexibility and convenience with no limitation of time nor space
[17,22-26]. In addition, mHealth provides the ability to deliver
highly engaging HIV prevention information to populations
that have been typically hard to reach, while offering user
privacy and anonymity [17]. Considering Black women’s use
of mobile apps for the prevention of other chronic diseases, we
are optimistic that our proposed HIV prevention mobile app
will have similar outcomes [13,27].
This study was guided by the social cognitive theory of mass
communication, which postulates four constructs from the
original theory—self-efficacy, use of incentive motivation,
social environment, and reciprocal determinism—that impact
behavior, but adds that messaging to influence these behaviors
can be effectively delivered through media and technological
sources [28]. In order to understand vulnerable, cisgender, Black
women’s preferences for functionality, format, and design of a
mobile HIV prevention app, and to examine their willingness
to use an app for HIV prevention, we conducted formative
qualitative research with Black cisgender women who live in
communities that are geographically affirmed to have the highest
HIV rates in Atlanta, Georgia [11].

Methods
Study Population and Recruitment
This study was approved by the Emory University Institutional
Review Board. This qualitative study was implemented from
February to March 2019 with cisgender Black women residing
in metro Atlanta, specifically Fulton County, one of the targeted
counties from the Ending the HIV Epidemic initiative [29].
Participants were recruited for focus group discussions (FGDs)
via flyer distribution and community-based organization
outreach. Flyers were distributed in venues that Black women
frequent, such as beauty salons, churches, community-based
organizations, and community events like health fairs. The flyers
provided a link to a survey via the online survey tool
http://mhealth.jmir.org/2020/7/e18437/
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SurveyMonkey, which assessed participant eligibility. Inclusion
criteria for this research study required participants to be (1)
English speaking, (2) cisgender female (ie, assigned female sex
at birth and identified as female), (3) 18 years of age or older,
(4) self-identified as Black, African American, and/or Hispanic
or Latina, and (5) sexually active within the previous 3 months
during study enrollment. Additionally, it was required that
participants owned a smartphone and had never tested positive
for HIV per self-report. Eligible women were contacted by
phone to participate in a prescheduled FGD.

Study Procedures
In total, there were 23 participants who were divided among
the four in-person FGDs held. We concluded that our sample
size was adequate based on data saturation and empirical
evidence of sufficiency [30]. Each FGD lasted approximately
90 minutes and took place at a partnering community-based
organization or academic institution. FGDs were conducted by
two trained moderators who were knowledgeable about the
objectives of the HIV prevention mobile app. We employed an
FGD guide (see Multimedia Appendix 1) during each session,
and both moderators were present during all sessions to ensure
the specific aims of the study were met and to ensure that there
was consistency across the data collection procedures. The
FGDs covered four main topics: (1) HIV prevention app
usability, (2) features of an HIV prevention app, (3) app content
to include barriers and facilitators to HIV testing and
pre-exposure prophylaxis (PrEP) initiation, and (4) mobile app
commodity ordering (eg, condoms and at-home HIV testing
kits). During the FGD, we demonstrated four HIV
prevention–focused mobile app wireframes—digital depictions
of app content and functionality—that were developed by and
for Black women. Specific mobile app functions included the
following: (1) information about HIV and women’s reproductive
health (eg, via videos), (2) location-based HIV testing and PrEP
clinics, (3) use of an in-app calendar for reproductive health
(eg, ovulation and sexual acts diary) and HIV-specific
notifications (eg, testing reminders), (4) commodity ordering
for HIV prevention efforts (eg, condoms), (5) sexual behavior
tracking, (6) frequently asked questions repository, (7)
prevention navigator and/or provider communication, and (8)
community connectivity (eg, peer chat group). Participants were
also encouraged to provide suggestions for how to improve app
function and recommend additional app features that should be
integrated. All interviews were digitally recorded with the
consent of each participant. Field notes were drafted in real time
by the research assistant and later transcribed and appended to
the FGD transcripts. Participants were given US $30 in
compensation for their time.

Data Analysis
All FGD audio files were transcribed verbatim using a
professional transcription service. Thematic analysis, combining
inductive and deductive approaches, was completed using
MAXQDA software, version 18 (VERBI GmbH). A codebook
was compiled in close coordination between researchers (RC,
NH, SG, and DBE) using existing literature, the research
objective and aims, along with themes that emerged during the
FGDs. The researchers then evaluated the FGD transcripts to
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ensure congruency with the extracted themes using MAXQDA
software. Following this process, the researchers discussed and
compared their findings. Transcribed text and field-note data
were then reviewed for overall impressions; finally, a
line-by-line review for extraction of significant statements
occurred [31].

Results
Overview
A total of 23 cisgender Black women participated in the FGDs;
they ranged in age from 18 to 45 years, with a mean age of 30
years (SD 8). Demographic content was recorded for 17 of the
23 participants (74%), as 6 participants opted not to complete
the demographic form (see Table 1). Most of the participants
in the study were not married (12/16, 75%), did complete high
school (10/16, 63%), had health insurance (15/17, 88%), and
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had a regular health care provider (15/17, 88%). Over half of
the participants reported they had previously heard of PrEP
(12/17, 71%) and less than half reported that they would not
use PrEP (7/16, 44%). Broadly, participants reported their main
health concerns as chronic diseases, sexual and reproductive
health issues, along with inadequate acute and chronic mental
health services.
Results were categorized into three overarching themes and
eight related subthemes. The first overarching theme, health
content and communication, included two subthemes:
comprehensive information and health provider profiles. The
second theme, functionality, format, and design of the mobile
app, included three subthemes: customizability, layout, colors,
easy navigation, and simplistic design; safety and privacy
concerns; and visual content. The third theme, other suggested
features, included two subthemes: peer chat room(ie, community
building) and “tell me where, get me there” transportation.

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18437 | p.708
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Chandler et al

Table 1. Participant demographics.
Category and description

Value, n (%)a,b

Race (n=17)
Black or African American

16 (94)

West Indian

1 (6)

Marital status (n=16)
Married

2 (13)

Never married or single

12 (75)

Not married but living with a sexual partner

2 (13)

Currently in school (n=17)
Yes: full time

6 (35)

Yes: part time

0 (0)

No

11 (65)

Highest level of schooling (n=16)
Elementary or middle school

1 (6)

High school

10 (63)

Trade or technical college

1 (6)

College or university

3 (19)

Not reported

1 (6)

Employment status (n=16)
Full time

3 (19)

Part time

7 (44)

Unemployed

6 (38)

Yearly household income (US $; n=16)
0-9999

7 (44)

10,000-19,999

2 (13)

20,000-29,999

2 (13)

30,000-39,999

3 (19)

40,000-49,999

2 (13)

Current health insurance (n=17)
Yes

15 (88)

No

1 (6)

Unsure

1 (6)

Access to a regular health care provider (n=17)
Yes

15 (88)

No

2 (12)

Have you heard of pre-exposure prophylaxis (PrEP; n=17)
Yes

12 (71)

No

5 (29)

If you have heard of PrEP, would you use it (n=16)
Yes

7 (44)

No

7 (44)

Maybe

2 (13)

Where do you obtain health information (n=17)
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Value, n (%)a,b

Category and description

a

Family and/or friends

6 (35)

Google

10 (59)

Health apps

7 (41)

Health care provider

15 (88)

Social media

2 (12)

Out of 23 participants, 6 opted out of completing the demographic document.

b

Not all category percentages add up to 100 due to rounding.

Health Content and Communication
Overview
The participants expressed the need for a comprehensive health
app that included various topics in connection to a woman’s
overall health. Along with HIV, participants communicated that
the mobile app would be most beneficial and would foster
continued use if it included resources on additional health topics
that were of concern to them, such as mental health. A directory
of providers was a distinct feature desired by participants. More
specifically, Black women requested having the app generate
health care provider profiles based on geographic location (ie,
geofencing) that would locate Black female providers. In regard
to communication facilitated by the app, there was a consensus

among the participants on having a virtual communication
option to access their health care providers using either a
face-to-face feature or a private chat room forum. Some
participants were interested in having a peer-support option and
wanted a monitored peer chat room available. The risk
assessment questionnaire that was incorporated in three of four
of the mobile app prototypes garnered reactions from
participants that should govern how to solicit sensitive
information via electronic devices from Black women. Existing
app functions were desired; however, participants explicitly
expressed wanting all features to be included in one mobile app,
thereby minimizing the need to download multiple apps or the
need to exit the app (eg, period or mood trackers). Table 2 lists
and describes the codes for the themes and subthemes.

Table 2. Code definitions.
Code

Definition

Health concerns

Primary health concerns mentioned by participants, including those related to sexual and reproductive health;
nutrition, exercise, or weight management; mental health; chronic disease; cancer; and accessibility to care

HIV

Discussions of HIV or HIV-related topics by participants, including HIV prevention methods and strategies
they are aware of; experience, utilization, discussion, or knowledge regarding pre-exposure prophylaxis (PrEP);
perceptions and preconceived notions regarding HIV; discussions related to HIV, HIV treatment and care, HIVrelated illness, and risk factors related to HIV

Information delivery preference

Discussions regarding participants’ preferred methods of receiving health-related information, including those
related to the utilization of mobile apps or social media apps to receive health information, seeking health information on the web, and seeking health information from television commercials

Health app features: reliable digital Discussions regarding participant preferences in app features and usability, including the following preferences:
dialogue
receiving health information through the app, interacting with health care providers through the app, interacting
with other women in an app chat room, and personalized health information received by participants through
the risk assessment
Comprehensive app content

Discussions of the app that include comprehensive information pertaining to all aspects of women’s health,
discussions about participant ability to search the app for information by typing in specific symptoms, and
ability to access provider profiles that include information regarding their services

Convenient consumerism

Discussions regarding participant ability to order health kits, tests, etc, directly from the app

Customizability

Discussions regarding customizing the app and the display of features, including, but not limited to, color, font,
layout, background, and music

Visual content

Discussions regarding nontraditional delivery methods of health care information through videos, short clips,
and representative imagery

“Tell me where, get me there”
transportation

Discussions of transportation and accessibility of services presented in the app, including health care providers
within the participant’s geographic area, links and accessibility to Lyft and Uber, and information about community carpools to health care services

Other suggested features

Discussions regarding additional suggestions voiced by participants to ensure efficiency and overall satisfaction
with the app (ie, iOS and Android compatibility, journal component, and panic button for emergencies)

Privacy and confidentiality

Discussions regarding security measures to ensure participant confidentiality while using the app
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Comprehensive Information
Topics that participants voiced wanting to see included in the
mobile app consisted of the following: location of health
screening services for women (eg, mammograms), mental health
coping strategies and local resources, information on chronic
health conditions that are most prevalent within the Black
community (eg, diabetes and hypertension), holistic wellness,
and information on sexual and reproductive health that appends
to HIV prevention, such as other STIs.
My three concerns are STDs [sexually transmitted
diseases], mental health, and chronic illnesses like
high blood pressure, diabetes, and heart issues.
[Focus group #3 participant]
My three [health concerns] are, well I’d say asthma,
I haven’t got a sexually transmitted disease, but I’m
just saying it for other women. So, I would say
sexually transmitted diseases and I’d say anxiety too.
[Focus group #2 participant]
Participants also expressed an interest in a search engine
function. With this feature, women could receive quick, reliable,
and relevant information pertaining to common reproductive
health trepidations, such as STIs and birth control methods.

Chandler et al
Additionally, participants recommended the inclusion of a period
tracker feature within the app. Several participants already had
period tracker apps on their phones and stated that it would be
most convenient for them if the app afforded period initiation,
duration, and symptom monitoring so that they could refer to
just one app for all of their reproductive health needs (see Figure
1). Participants also liked the option of having a journal feature
within the app to log journal entries and notes that are relevant
to their health.
I like the multipurpose features because if I'm not
necessarily looking for HIV information, if it's a
well-rounded site and I'm able to get the period
tracker, count my steps, and the other features like
the news section it's well-rounded for me. [Focus
group #2 participant]
I think if there's a way to search quick things like
yeast infections. A quick way to search things you
know about common female health issues. So, you
can just go ahead and see what you need to do.
Instead of jumping through hoops for something basic
you can get out of the way quickly. [Focus group #3
participant]

Figure 1. Comprehensive health features included in the sample mobile app prototype.
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Health Providers’ Profiles
The participants reported an interest in having the mobile app
accommodate a comprehensive directory of female health care
providers of color within their communities. For the participants
in this study, having access to health care providers they could
relate to—considering intersections like race and ethnicity as
well as gender—was influential when seeking reproductive and
general health services. Participants also preferred having the
option of directly communicating with a certified health care
provider or a trained health care surrogate (eg, patient navigator)
via either in-app video conference or chat room in case they
have any immediate health concerns or questions (see Figure
2).
...Or even something where you could literally get a
directory of female doctors in your area. Female
Black doctors in your area. I think that would be very,
very helpful because I have no idea of any Black
women doctors in Atlanta. That would be very
helpful. [Focus group #2 participant]
A risk assessment that would collect health information about
participants was a proposed component of most mobile app
prototypes that were presented to the focus group participants.
Components of the risk assessment were as follows: sexual
encounters, use of contraception, and demographic information,
such as age, race, and gender. The participants noted that the
placement of the risk assessment was crucial for the overall
acceptability of the app. There were differences in opinions
among FGD participants as to where the risk assessment should
be placed, along with the content of the risk assessment. Some

Chandler et al
participants stated that having the risk assessment appear
immediately after signing in was a deterrent to using the app
because the questions being asked were perceived as intimate
or invasive. One participant stated that the risk assessment
included too many questions, which caused her to become
disengaged with the app. Multiple participants expressed that
if the risk assessment were to be included in the app, then it
should be placed in a different section entirely and serve a
purpose (eg, usefulness to the health care provider for giving
feedback to the patient regarding a particular health concern)
for collecting the type of information being queried. However,
there were also some participants, specifically younger
participants, who did not have a problem with the placement of
the risk assessment nor the content of the questions asked in
the risk assessment.
It was for me [risk assessment], right off the bat, I
was like, ya know...I was over it. But now what I will
say, I think that those questions can be asked, but you
would probably do it when they get to certain levels
[within the app]. [Focus group #1 participant]
I feel like even the health tracker thing on your iPhone
tells you to put in your weight and your height. I know
my BMI is 39, but I also know I'm active as heck. So,
yes, you can tell me this but my lifestyle says
something different. I feel like I would expect a health
app to ask me that. I feel like that would be part of
the sign-in process. But I guess I'd maybe give the
option to skip [the risk assessment]. [Focus group #3
participant]

Figure 2. Sample mobile app prototype features and pages. PrEP: pre-exposure prophylaxis.
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Functionality, Format, and Design of the Mobile App
Overview
Participants were adamant about helping to create a mobile app
that would not only be functional but also highly competitive
with, and more culturally centric than, all other pre-existing
mobile apps concerning reproductive health. These suggestions
ranged from design features, layout, navigation within the
mobile app, and concerns regarding safety and privacy to visual
content and representation.

Customizability, Layout, Colors, Easy Navigation, and
Simplistic Design
Across all focus groups, the participants discussed the various
customization elements they wanted to see incorporated into
the mobile app; for example, compatibility with both iOS and
Android systems, limited ads within the app, volume options,
and notification alerts. They also stressed that the app should
be user friendly. This included a color layout with simplistic
designs. One participant did note that she would like to see a
reproductive app for women that was not “pink and flowery.”
Participants also expressed how they liked that the pictures,
which were of Black women, within the app felt relatable to
them. There was not a clear consensus regarding the use of
emojis in the app; as some mentioned, it would be appealing to
younger women, while others noted that it would come off as
less mature.
I feel like just stay away from the color pink. I feel
like I'm very tired of seeing that color associated with
women. [Focus group #3 participant]
I think a lot of the ads come from funding. I want to
talk about my health! If the ads pop up, make it
relevant to what you’re looking for. Just no random
ads... [Focus group #4 participant]

Safety and Privacy Concerns
When using technology, privacy is oftentimes one of the major
concerns for an individual, and the same could be said of our
participants. Many were concerned that their private medical
records and HIV status could be inadvertently disclosed. With
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web-based and smartphone apps allowing multiple ways to sign
up and sign in, participants were concerned with their personal
information being shared. The majority of participants
emphasized not wanting to sign in to the app using social media
platforms, such as Facebook or Instagram, due to the fear of
their information potentially becoming compromised. If personal
health information was required in order to sign up for the app,
many participants expressed that they would be less inclined to
complete the form due to privacy concerns. Participants also
suggested that they would prefer a name for the app that was
discrete and did not imply that the app pertained to HIV.
With so much stuff that’s going on with these different
social [media] sites, that’s why a lot of people don’t
[share information online using these platforms]
because they fear that this stuff can get linked back.
[Focus group #2 participant]
I would rather not do it with anything social media.
Especially anything owned by the company Facebook,
which includes Instagram. Just because they track
and keep everything. [Focus group #3 participant]

Visual Content
Participants were especially interested in receiving their health
care information in new, innovative ways. Some participants
described including health education resources in the form of
short video clips of real-life scenarios (see Figure 3). Others
discussed the incorporation of animations throughout the app
as a way of providing relevant information. These alternatives
to traditional methods of health information delivery were
presented as a means of reaching all potential users. Participants
suggested that given that literacy levels may vary among users,
along with young adults primarily obtaining news and
information through videos and clips, health education in the
form of videos may be easier for some to understand.
I think in this day and age, people are visual people
because of social media. A visual, I was thinking
something more like real-life scenarios, whether that
be a 60-second video, but something that’s real,
something that’s honest, a real story. [Focus group
#1 participant]
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Figure 3. Interactive videos on the mobile app featuring Black women.

Other Suggested Features
Overview
In addition to the themes and subthemes related to the app health
content, functionality, format, and design, participants also
provided additional suggested features they would like to see
present in the app. This included a peer chat room and
information regarding transportation and location of services.
Regular news updates on important health topics were also
suggested, along with the incorporation of a panic button for
emergency situations.

Peer Chat Room
There was no clear consensus among the participants regarding
a peer chat room. On one hand, some participants were intrigued
by this feature, as it would allow an opportunity for community
building and an opportunity to learn from others who may be
experiencing similar circumstances. Much of the opposition
regarding the chat room was related to the potential for sharing
of misinformation relating to HIV and STI risks. In addition,
participants were concerned with potential misuse of the chat
room. They suggested security and privacy measures should be
considered, as individuals may be sharing personal information
relating to their reproductive health. Some participants preferred
having chat rooms solely with health care providers as opposed
to the peer chat rooms.
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It [the peer chat room] just depends on how
compelling it would be. Also, if it's regarding health,
I would like a doctor in the chat room. [Focus group
#3 participant]
...The fact that they’re having these chat rooms and
avatars is too...childish. That would push me away
because if we’re talking about something serious, I
don’t want to make an avatar of myself and I don’t
want to be in a chat room talking to a whole bunch
of people that may potentially have something that
I’m concerned about. Because to me it tends to turn
into something more fun than something more serious.
[Focus group #2 participant]

“Tell Me Where, Get Me There” Transportation
Participants stated that a GPS locator for HIV testing and PrEP
clinics was a feature they would be interested in seeing
incorporated within the app. For some of the participants,
although they had heard of PrEP, they did not know where to
obtain it. Thus, they stated that having this information
accessible would make the process of utilizing such services
much easier. Some participants even mentioned partnering with
transportation services, such as Uber and Lyft, in order to
provide transportation to promote accessibility of health care
facilities.
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...if [you] could put something on PrEP, where to get
it free or at a low cost, because that’s the question I
get most of the time, because PrEP is very expensive.
[Focus group #2 participant]

Discussion
Overview
Aims of app development and definitions of success may differ
between researchers and programmers, and each may be
responding to different perceived needs of end users. Teams
can address some of these differences through continuous
formative research with the target population during intervention
development and creating very explicit deliverables, timelines,
and division of labor within the development team [32]. These
first and second points emphasize the importance of designing
technology-based interventions with the end user constantly in
mind to create something that is intuitive, useful, engaging, and
fun [32].

Black Women and the Use of Mobile Technology for
Sexual and Reproductive Health
In this study, researchers solicited feedback from focus groups
consisting of Black women residing in a high-risk area for HIV
acquisition, in order to obtain qualitative data for the
development of an HIV prevention mobile app that specifically
targets Black women. Black women remain disparate in HIV
acquisition and in other adverse sexual and reproductive health
outcomes. Features of an HIV prevention and sexual and
reproductive mobile health app informed by Black women could
help combat health outcome inequalities. The findings obtained
from this study indicate that, overall, participants strongly desire
a mobile app that incorporates comprehensive health information
that discusses HIV prevention information. Participants also
strongly desire a mobile app that incorporates information
pertaining to other aspects of women’s sexual and reproductive
health and information on other health conditions that have a
high prevalence within the Black community. One particular
aspect of the app that was highly regarded by study participants
was the ability for participants to be linked with health care
providers within their geographical area who were Black
women. Representation oftentimes can play a major role in an
individual's health decision making. Research has demonstrated
that when Black patients have a health care provider of the same
racial background, there tends to be a more patient-positive
effect involving patient-centered communication, along with
increased satisfaction [33,34]. Thus, by having access to Black
providers, Black women may become more engaged in their
overall health care, which can facilitate access to more health
promotion initiatives, including HIV prevention efforts. Other
desired app features may currently exist in some form
implicating feasibility, either in related apps (eg, HIV prevention
apps for MSM) or unrelated apps (eg, period tracker), but
distinction will be demonstrated by culturally and contextually
relevant content that Black women will deem useful regarding
their sexual and reproductive health. Black women who are
skeptical about health resources or who cannot always decipher
health content will have a reliable source that will share
evidence-based content in a manner that considers their literacy
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level and preference for information delivery. We also confer
that the app will have to be malleable and inclusive as it relates
to health issues that disproportionately impact Black women in
order to remain relevant and be sustainable. Our participants
were enthusiastic about being partners in mobile app
development efforts and ensuring that the app was an authentic
reflection of their needs.
HIV prevention delivered through mHealth that is specifically
developed for Black women can offer a promising strategy to
curtail HIV incidence rates within this group.
The data obtained from focus groups will be used to adjust and
modify the mobile app we developed to ensure that the app
includes the needs and concerns of Black women and to ensure
that the app is culturally tailored to the population of interest.
Cultural tailoring is a crucial component of HIV prevention
interventions, and research has demonstrated that Black youth
are more likely to reduce high-risk behaviors and increase
condom use when they are able to identify with, and find
meaning behind, the education that is provided [7,35,36]. Solely
possessing HIV or STI prevention information has shown to
not effectively reduce high-risk sexual behaviors [22]; however,
greater message frequency and individually tailored messages
have been effective in sustaining new health promotion
behaviors and reducing high attrition rates [10,37].

Aptitude When Considering Prior Work
Black women continue to be disproportionately affected by
HIV, and there is a great need for strategic interventions that
are targeted, scalable, and sustainable in order to help reduce
HIV rates among this group [7]. Through mHealth, HIV
prevention efforts can be specifically targeted toward the needs
of Black women, and they can also be scalable so that more
participants are reached compared to more traditional HIV
prevention interventions. Compared to traditional interventions,
such as group counseling, mHealth reduces the amount of
resources needing to be expended, making the sustainability of
mHealth more feasible [7]. Although research has demonstrated
that Black women are willing to utilize culturally tailored
mHealth interventions, there has been a dearth of research
assessing mHealth interventions—specifically the use of mobile
apps—as a means of providing HIV prevention and
risk-reduction education for Black women [25]. Studies that
have assessed mHealth as a means of HIV prevention among
Black women have focused primarily on web-based and
telephone-based (eg, calling or texting) interventions [10,22].
In our review of the literature, we did not identify any articles
that speak to the use of mobile apps as a means of HIV
prevention for Black women. Although calling and texting
interventions have proven to be effective, with the increase in
smartphone ownership and mobile app use among Black women,
a mobile app will offer a more expansive strategy that relies
minimally on human resources for the delivery of health
promotion content for this target population. Traditional HIV
risk-reduction interventions targeting Black women have
demonstrated marked challenges, including maintaining
sustained intervention effects over time, along with the
feasibility of expanding such interventions to reach more
participants [7]. Thus, there is ample potential for the utilization
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of mobile apps in order to overcome challenges in the delivery
of HIV prevention content for Black women.

Mobile App Considerations
We are not oblivious to the fact that mobile apps have to be
maintained and will require some resources for sustainability.
We propose integrating this app into an existing health care
system, whose administrators can assume ownership of
protecting and storing the data, mobile app updates, and tracking
patient usage. Our efforts would be to provide a general app
that can be assumed by health care agencies (eg, Healthy Start)
that deal primarily with female patients of color who oftentimes
are not afforded digital services [38]. A recent systematic review
revealed the limited representation of Black people and African
Americans in health intervention research, even though they
experience the greatest burden of health inequities [39].
Additionally, the review highlighted the increased willingness
by Black women to participate in mHealth studies [39-41]. It
is crucial for HIV prevention interventions delivered through
mHealth to expand beyond recurrent themes and groups, such
as MSM and medication adherence [40]. Other key populations
such as Black women, along with themes such as HIV
prevention and care initiation, need to be of focus in mHealth
interventions [40]. In developing an mHealth app for Black
women, it is important for the app to be revered as essential in
order to incentivize Black women to keep it on their phones
and permit the app to occupy valuable data space. We deduced
that the health concerns of Black women will motivate their use
of the mobile app if they can receive some of the same health
benefits that are ordinarily afforded to them through traditional
engagement with a health care provider or the health care
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system. There are commercial apps, such as Maven [42], that
are available but are not within the purview of our
population—the most susceptible to poor reproductive health
outcomes—because they cannot afford the services. We,
however, plan to integrate the mobile app into an existing health
care system that will afford our target population an opportunity
to engage with this mobile technology and with their health care
providers.

Limitations
We identified some limitations to this study. One of these
included the fact that our sample represented Black women
residing in a large metropolitan community. Therefore, the
results of this study can only be generalized to women of a
similar demographic. Additionally, of the four focus groups,
only one targeted the ideal age group for the proposed mobile
app, due to recruitment methods and interest in the research
project.

Conclusions
This research project sought to understand the interest in an
HIV prevention app by Black women of reproductive age. In
eliciting the opinions of Black women through focus groups,
the information obtained can be used to ensure that the app that
is developed will be relevant to the concerns and needs of Black
women. In doing so, we can ensure that the app we develop is
both culturally and contextually relevant so that users can be
heavily engaged with the goal of promoting positive behavior
change and risk reduction. Moving forward, the researchers
would like to work alongside an advisory committee of Black
women, a research team, and a technology company in order
to develop the app prototype.
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Abstract
Background: Privacy has always been a concern, especially in the health domain. The proliferation of mobile health (mHealth)
apps has led to a large amount of sensitive data being generated. Some authors have performed privacy assessments of mHealth
apps. They have evaluated diverse privacy components; however, different authors have used different criteria for their assessments.
Objective: This scoping review aims to understand how privacy is assessed for mHealth apps, focusing on the components,
scales, criteria, and scoring methods used. A simple taxonomy to categorize the privacy assessments of mHealth apps based on
component evaluation is also proposed.
Methods: We followed the methodology defined by Arksey and O’Malley to conduct a scoping review. Included studies were
categorized based on the privacy component, which was assessed using the proposed taxonomy.
Results: The database searches retrieved a total of 710 citations—24 of them met the defined selection criteria, and data were
extracted from them. Even though the inclusion criteria considered articles published since 2009, all the studies that were ultimately
included were published from 2014 onward. Although 12 papers out of 24 (50%) analyzed only privacy, 8 (33%) analyzed both
privacy and security. Moreover, 4 papers (17%) analyzed full apps, with privacy being just part of the assessment. The evaluation
criteria used by authors were heterogeneous and were based on their experience, the literature, and/or existing legal frameworks.
Regarding the set of items used for the assessments, each article defined a different one. Items included app permissions, analysis
of the destination, analysis of the content of communications, study of the privacy policy, use of remote storage, and existence
of a password to access the app, among many others. Most of the included studies provided a scoring method that enables the
comparison of privacy among apps.
Conclusions: The privacy assessment of mHealth apps is a complex task, as the criteria used by different authors for their
evaluations are very heterogeneous. Although some studies about privacy assessment have been conducted, a very large set of
items to evaluate privacy has been used up until now. In-app information and privacy policies are primarily utilized by the scientific
community to extract privacy information from mHealth apps. The creation of a scale based on more objective criteria is a
desirable step forward for privacy assessment in the future.
(JMIR Mhealth Uhealth 2020;8(7):e18868) doi:10.2196/18868
KEYWORDS
privacy; mHealth; apps; privacy assessment; data privacy; review; security; mobile phone

Introduction
Although data privacy has always been a concern of the utmost
interest, there has been some neglect for years, as changes have
taken shape faster than regulations. Only recently have
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developers and customers really begun to worry about data
privacy. The enormous amount of data handled by companies
and the exposure of users’ sensitive information have led
governments to design frameworks to care for the privacy of
citizens [1,2]. Likewise, the large amount of data handled by
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the Internet of Things through big data techniques has raised
concerns about privacy [3,4].
The health domain, however, was probably the first to have
privacy regulation. In 1996, the Health Insurance Portability
and Accountability Act (HIPAA) required the United States
Department of Health and Human Services to safeguard
protected health information according to national standards.
Some of the requirements deal with data privacy [5].
In Europe, concerns have not been limited to the health domain,
and regulations are strict. In 2018, the General Data Protection
Regulation (GDPR) replaced the existing 1995 Data Protection
Directive, and it became directly applicable to all European
Union member states [6]. The GDPR introduced an important
and modern change of approach toward a reinforced principle
of accountability [7].
These concerns also apply to mobile health (mHealth) apps.
mHealth technology has been widely adopted in many countries
worldwide, as the number of smartphones and mHealth apps
has increased dramatically. In 2018 in the United States, 77%
of the population owned a smartphone [8], and in 2017, there
were more than 300,000 mHealth apps [9]. The proliferation of
this kind of app has allowed individuals to generate significant
quantities of data about their lifestyles [10]. This situation has
not escaped the attention of scientific researchers, and data
privacy is a recurrent topic reported on in qualitative studies
focused the needs and preferences of people with chronic
conditions regarding mHealth solutions [11].
Although mHealth apps hold promise as self-management,
monitoring, and behavior-change tools, among others, many
smartphone users do not download mHealth apps because of
lack of interest, cost, and concern about apps collecting their
data [12]. Some studies have proven that there is cause for users’
concerns about both the privacy and security of these apps [13]
and some assess only the lack of privacy of several of these
apps [14,15]. It is, therefore, important to have the right tools
to evaluate privacy and security levels by identifying different
methods of assessing mHealth apps.
Despite privacy assessment currently being a relevant topic,
there is a lack of objective protocols, methods, and procedures
in place to define the necessary metrics and steps for a privacy
assessment of an mHealth app. Different methods may be used
to analyze privacy, such as assessment of privacy policies,
evaluation of app communications, and studying app behavior.
Extracting the information used to evaluate the privacy of
mHealth apps, and even creating a taxonomy of the privacy
components used for the assessment, should be important goals
for researchers.
Further, different metrics and items have also been proposed to
assess privacy. The types of measurements and items used
should be based on laws, recommendations, and best practices.
Discovering the different criteria that can be used for privacy
assessment and the methods of defining them is imperative.
Therefore, our literature review fills this research gap, focusing
on describing and comparing how privacy is assessed by
researchers in the mHealth domain.
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Finally, we consider whether there is any measure of how good
the privacy is in an mHealth app and how it would be possible
to develop a scale for a privacy score. As such, we must search
for any available way of assessing privacy in mHealth apps as
well as the information that could potentially be used, and how
it has been used, in these evaluations. To the best of our
knowledge, no other review regarding the privacy of mHealth
apps has been published.

Methods
Overview
This review aims to summarize how privacy is assessed in the
literature including any type of study design. For this purpose,
we conducted a scoping review using Arksey and O’Malley’s
proposed framework [16]. We used Tricco et al’s PRISMA ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) checklist [17]
as a guide for reporting the procedure (see Multimedia Appendix
1). The authors of the framework include “summarize and
disseminate research findings” and “identify research gaps in
the existing literature” in the rationale for conducting a scoping
review. Also, Arksey and O’Malley list “addressing a broad
topic where many different study designs might be applicable”
as a characteristic of scoping studies.

Search Strategy
A systematic search strategy was used to identify relevant papers
about the assessment of mHealth app privacy. The search was
conducted in July 2019 in English, using terms regarding
privacy, mHealth, and assessment; the following electronic
databases were used: Scopus, PubMed, IEEE (Institute of
Electrical and Electronics Engineers) Xplore, and ACM
(Association for Computing Machinery) Digital Library. The
search string used was as follows: privacy AND (“health app”
OR “health apps” OR “mobile health” OR mhealth) AND (test
OR testing OR tested OR framework OR review OR reviewing
OR reviewed OR evaluate OR evaluation OR evaluating OR
evaluated OR assess OR assessing OR assessment OR assessed
OR “comparative analysis” OR “regulation compliance” OR
taxonomy). The search terms and strategies for each database
are detailed in Multimedia Appendix 2.
The database results were imported into the Mendeley
application to further scrutinize the papers.

Selection Criteria
The inclusion criteria for studies were as follows:
1.

2.

Papers that assessed the privacy of mHealth apps, regardless
of the subject of the assessment, as well as papers that
assessed several aspects of mHealth apps, including privacy.
Papers published with a title and abstract in English from
2009 onward in research journals, conference proceedings,
or book chapters.

Papers that did not propose a method to evaluate privacy were
excluded—even if they analyzed privacy—if they focused only
on general aspects, such as users’ concerns, threat analysis, or
challenges identified. Papers that did not evaluate any app were
also excluded.
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Study Selection
After completing the search process and removing duplicates,
the remaining 480 papers were screened. Initially, two authors
(JB and JR) independently reviewed 10.0% (48/480) of the titles
and abstracts to assess the level of agreement; the Cohen κ
statistic, a measure of interrater reliability, was 0.73, which
denotes an acceptable level of agreement [18]. Then, each author
analyzed half of the remaining titles and abstracts to determine
if they were potentially suitable for our objective. As a result,
77 articles were selected. Each author subsequently conducted
a full-text review of those papers and 24 articles were ultimately
included for data extraction. During this process, any doubt or
discrepancy was resolved by consensus.

5.

6.
7.

Charting
The authors followed a collaborative and iterative process to
define a charting table for collecting the data from the included
studies. Information was gathered into four main groups: general
information, evaluation procedure, evaluation criteria, and
scoring method. Multimedia Appendix 3 shows the charting
table that was used.
The general information group includes the year of publication,
source title and type, app area, as well as the number of analyzed
mHealth apps.
The evaluation procedure group comprises all the information
related to the way the apps were assessed, according to the
assessment design and the object of assessment. The assessment
design deals with the type of evaluation that was done. Some
papers analyze only privacy, while others assess security and
privacy, and some even evaluate privacy as part of the whole
functioning of the app. Information regarding whether the study
assessed only app privacy, or whether app privacy was a
component of a multidimensional evaluation, is included in this
category. Additionally, information regarding what privacy
components were assessed is also part of this group. After
reviewing the full text of the included studies, a taxonomy of
privacy components was defined by consensus. The categories,
based on our review, that were used for the assessment of
privacy were as follows:
1.

2.

3.

4.

App properties and behavior: this category refers to the app
functionality. An article falls into this category if the app
was actively used and some user information was provided
to the app. Examples of this category are the type of log in
used by the app, such as email or connecting via an external
provider like Facebook, or if user registration and/or a
password are needed to use the app.
In-app information: as with the previous category, the app
was analyzed from within to look for information related
to privacy, such as security measures or data sharing.
Privacy policies were assessed in a separate item because
some articles assess this in that fashion.
Personal information types: to fall into this category, the
article must explicitly analyze the type of personal data
collected by the app.
App communications: some articles analyze whether the
app communications are private by intercepting traffic.
Therefore, it is possible not only to know if traffic is

https://mhealth.jmir.org/2020/7/e18868

XSL• FO
RenderX

8.

encrypted but also, in some cases, to check the content of
the traffic. Some authors were also able to find out the
traffic destination of app communications, such as third
parties and ad sites.
Static and dynamic analyses: the use of static and/or
dynamic analysis is very common when evaluating the
security of an app; however, these analyses can also be used
to analyze certain aspects of privacy, such as whether
privacy measures are properly implemented in app
communications and the types of permissions used by an
app.
Existence of a privacy policy: articles that check for the
existence of a privacy policy are included in this category.
Analysis of the content of the privacy policy and/or the
Type of Service: the authors of the article have read the
privacy policy and searched for the presence or absence of
certain information, such as how the data are stored, the
use of encryption, and whether the data are shared with
third parties, among others. Legibility (see the next
category) is excluded from this category because the metrics
used to evaluate legibility do not depend on the type of
document being assessed.
Privacy policy legibility: transparency is one of the pillars
of GDPR, and some articles analyze certain metrics
regarding the readability of an app’s privacy policy,
including the length of the document, number of phrases,
and use of readability algorithms available in the literature.

The evaluation criteria group includes the items used for the
assessment and what the assessment criteria are based on. Very
heterogeneous information was extracted from each article, and
the assessment criteria were decided on in varied ways.
Evaluators chose a set of criteria based on the literature, the
authors’ experience, an existing legal framework, and/or certain
privacy recommendations and principles. It is difficult to
categorize the criteria that were used to assess privacy, as they
were not selected in a purely objective way. Different privacy
items are defined according to the categories previously
described. After extracting all the data regarding privacy
assessment criteria from the studies that met the inclusion
criteria, we defined, by consensus, a classification system
consisting of 21 elements, listed hereafter.
A privacy policy is important when assessing privacy. The
following items can be defined according to the content of a
privacy policy: the existence of a data controller, details about
the provision of a data protection officer, stating the purpose of
data processing, establishing the legal basis, identifying the
recipients of personal data, disclosing the occurrence of
international data transfers, establishing the subject’s data rights
(including the right to withdraw consent), whether it is an
obligation to provide data, disclosing the occurrence of data
profiling, detailing the nature of the collected information,
stating the risks of data collection, disclosing the location of
the collected information, and using anonymization.
Some of these items may also be defined by in-app information.
Details regarding the purpose of data processing, the legal basis,
the recipients of personal data, the existence of the subject’s
data rights, the risks of data collection, and the protection of
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18868 | p.722
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minors were extracted from the in-app information for this
review.
Personal information types were used to define the nature and
location of the collected information. App properties and
behavior define whether user registration is necessary and the
minimum amount of data collection that must be collected for
an app to function correctly. App communications as well as
static and dynamic analyses were used to check traffic and
whether security measures were implemented; for these last
cases, the distinction between security and privacy was not
obvious.
Last, the scoring method group deals with the existence or
nonexistence of a final score in each article. If there was a score,
the weighting of assessed items was also considered.

Benjumea et al
The charting table containing all the data to be extracted was
implemented using Microsoft Excel. Two authors (JB and JR)
independently extracted data from the 24 selected articles.
Discrepancies were resolved by consensus.

Results
Search Results
The database search retrieved a total of 710 citations; 230
duplicates were removed. After an initial screening of the
abstracts and titles, 403 articles that did not meet the eligibility
criteria were excluded and 77 were selected for full-text
screening. After the full-text review, 24 studies [6,14,15,19-39]
remained that fulfilled the inclusion criteria for this scoping
review (see Figure 1). A full list of the included studies can be
found in Multimedia Appendix 4.

Figure 1. Flow diagram of the search strategy.

General Information
The general information contained in each study is summarized
in Table 1. The year of publication, source title and type, app
areas, and number of analyzed apps comprise the general
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information from each article. The source type is categorized
as either a journal article, conference paper, or book chapter.
The app areas were determined according to what the original
article stated about the subject matter.
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Table 1. General information from each article.
Reference

Sourcea

Papageorgiou et al, 2018 [6]

IEEE (Institute of Electrical and Electronics Engi- Pregnancy and baby growth
neers) Access (J)
Family members and assistants

App areas

Number of analyzed apps
20

Blood pressure and diabetes
Minen et al, 2018 [14]

Headache (J)

Headache

14

Huckvale et al, 2019 [15]

JAMA (Journal of the American Medical Associ- Depression
ation) Network Open (J)
Smoking cessation

Scott et al, 2015 [19]

Australasian Journal of Information Systems (J)

General (top 20 mobile health [mHealth] 20
apps)

Brüggemann et al, 2016 [20]

Annual Privacy Forum (J)

Medical

36

298

Health and fitness
Mense et al, 2016 [21]

Studies in Health Technology and Informatics
(BC)

Health and fitness

20

Hutton et al, 2018 [22]

JMIR mHealth and uHealth (J)

Self-tracking

64

Zapata et al, 2014 [23]

Annual International Conference of the IEEE
Personal health record
Engineering in Medicine and Biology Society (C)

24

Sunyaev et al, 2015 [24]

Journal of the American Informatics Association Medical
(J)
Health and fitness

600

Leigh et al, 2017 [25]

Evidence-Based Mental Health (J)

Chronic insomnia

19

Baumel et al, 2017 [26]

Journal of Medical Internet Research (J)

Health-related behaviors

84

Mental health
Bachiri et al, 2018 [27]

Journal of Medical Systems (J)

Pregnancy

19

de las Aguas Robustillo Cortés et al,
2014 [28]

Telemedicine and e-Health (J)

HIV/AIDS

41

Diabetes

42

Quevedo-Rodríguez and Wagner, 2019 Endocrinología, Diabetes y Nutrición (J)
[29]
Knorr et al, 2015 [30]

IFIP (International Federation for Information
Diabetes
Processing) Advances in Information and Commu- Blood pressure
nication Technology (J)

154

Zapata et al, 2014 [31]

RISTI (Revista Ibérica de Sistemas e Tecnologias Personal health record
de Informação) (J)

24

Bondaronek et al, 2018 [32]

JMIR mHealth and uHealth (J)

Physical activity

65

O’Laughlin et al, 2019 [33]

Internet Interventions (J)

Depression

116

Adhikari et al, 2014 [34]

Australasian Conference on Information Systems General (top 20 mHealth apps)
(C)

20

Aliasgari et al, 2018 [35]

IEEE Conference on Application, Information
and Network Security (C)

25

Mense et al, 2016 [36]

Modeling and Simulation in Medicine Symposium Health and fitness
(C)

10

Powell el al, 2018 [37]

JMIR mHealth and uHealth (J)

70

General (top 25 mHealth apps)

Diabetes
Mental health

a

Huckvale et al, 2015 [38]

BMC (BioMed Central) Medicine (J)

General

79

Robillard et al, 2019 [39]

Internet Interventions (J)

Mental health

369

Sources include journal articles (J), conference papers (C), or book chapters (BC).

According to the type of source, 19 out of the 24 articles (79%)
were published in journals [6,14,15,19,20,22,24-33,37-39],
whereas 4 (17%) were published in conference proceedings
[23,34-36] and 1 (4%) was a book chapter [21]. The publication
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fields were quite heterogeneous, with 12 out of 24 articles (50%)
pertaining to the area of medical informatics
[21-24,26-28,32,33,36,37,39], 5 (21%) to medicine
[14,15,25,29,38], 4 (17%) to information technology
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[19,30,31,34], 2 (8%) to security and privacy [20,35], and 1
(4%) to a multidisciplinary source [6].
Based on our defined inclusion criteria, we analyzed articles
published between January 2009 and July 2019. None of the
selected articles was published between 2009 and 2013. Out of
the 24 papers, 4 (17%) were published in 2014 [23,28,31,34],
4 (17%) in 2015 [19,24,30,38], 3 (13%) in 2016 [20,21,36], 2
(8%) in 2017 [25,26], 7 (29%) in 2018 [6,14,22,27,32,35,37],
and 4 (17%) in the first half of 2019 [15,29,33,39].
A wide range of app types was analyzed in the included studies,
and some articles analyzed apps in different areas. For instance,
in Knorr et al [30], both diabetes and blood pressure apps were
analyzed. Fitness apps, including self-tracking and physical
activity apps, were the most analyzed, appearing in 6 articles
(25%) [20-22,24,32,36]. Mental health apps, including apps for
depression monitoring, were assessed in 5 articles (21%)
[15,26,33,37,39], and diabetes-related apps appeared in 4 articles
(17%) [6,29,30,37]. Other app areas were HIV/AIDS (1/24,
4%) [28], headache (1/24, 4%) [14], pregnancy and baby growth
(2/24, 8%) [6,27], personal health record management (2/24,
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8%) [23,31], chronic insomnia (1/24, 4%) [25], and smoking
cessation (1/24, 4%) [15]. Top mHealth apps were assessed in
4 articles (17%) [19,34,35,38].
Only 2 articles out of 24 (8%) analyzed certified apps. Huckvale
et al [38] analyzed 79 apps certified by the United Kingdom’s
National Health Service (NHS) and concluded that there were
gaps in compliance with data protection principles in these
accredited apps. By contrast, Leigh et al analyzed 18 apps for
Android and 1 NHS-certified app for iOS [25], and the authors
found that the NHS-approved app outscored the others when
using their evaluation criteria.
Finally, the number of apps analyzed in each article is disparate,
ranging from 10 to 600 apps, with 20 apps being the mode (3/24,
13%) [19,34,35]. The average number of apps assessed was
92.6 (SD 136.9). Most of the articles (13/24, 54%), however,
assessed less than 51 apps [6,14,15,19,21,25,27-29,31,34-36].

Evaluation Procedure
A summary of the collected information is shown in Table 2.
The objects of the assessments and the basis of the assessment
criteria are described in the Methods section.
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Table 2. Procedure for evaluation of the apps.
Reference

Area of assessment

Object of the assessment

Papageorgiou et al, 2018 [6]

Privacy and security In-app information
Static and dynamic analyses

Basis of the assessment criteria (includes legal
framework)
Authors
Legal

App communications
Existence of a privacy policy
Content of the privacy policy
Minen et al, 2018 [14]

Privacy

Static and dynamic analyses

Authors

App communications
Existence of a privacy policy
Content of the privacy policy
Huckvale et al, 2019 [15]

Privacy

In-app information

Literature

App communications
Existence of a privacy policy
Content of the privacy policy
Scott et al, 2015 [19]

Privacy and security App properties and behavior

Literature

Existence of a privacy policy
Brüggemann et al, 2016 [20]

Privacy

App properties and behavior

Authors

Personal information types

Literature

App communications
Mense et al, 2016 [21]

Privacy

App communications

Author

Hutton et al, 2018 [22]

Privacy

App properties and behavior

Literature

In-app information

Legal

Existence of a privacy policy

Recommendations or principles

Content of the privacy policy
Zapata et al, 2014 [23]

Sunyaev et al, 2015 [24]

Privacy

Privacy

App properties and behavior

Literature

Existence of a privacy policy

Legal

Existence of a privacy policy

Authors

Content of the privacy policy
Legibility of the privacy policy
Leigh et al, 2017 [25]

Multidimensional

In-app information

Legal

Existence of a privacy policy

Recommendations or principles

Content of the privacy policy
Baumel et al, 2017 [26]

Multidimensional

Existence of a privacy policy

Literature

Content of the privacy policy
Bachiri et al, 2018 [27]

Privacy

App properties and behavior

Literature

Existence of a privacy policy

Legal
Recommendations or principles

de las Aguas Robustillo Cortés et al,
2014 [28]

Multidimensional

Quevedo-Rodríguez and Wagner,
2019 [29]

Multidimensional

App properties and behavior

Recommendations or principles

In-app information
App properties and behavior

Recommendations or principles

In-app information
Existence of a privacy policy
Content of the privacy policy

Knorr et al, 2015 [30]

Privacy and security Legibility of the privacy policy

Recommendations or principles

Zapata et al, 2014 [31]

Privacy

App properties and behavior

Authors

Existence of a privacy policy

Recommendations or principles

Content of the privacy policy
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Reference

Area of assessment

Object of the assessment

Bondaronek et al, 2018 [32]

Privacy and security Existence of a privacy policy

Basis of the assessment criteria (includes legal
framework)
Recommendations or principles

Content of the privacy policy
O’Laughlin et al, 2019 [33]

Privacy

Existence of a privacy policy

Authors

Content of the privacy policy
Adhikari et al, 2014 [34]

Privacy and security App properties and behavior

Literature

In-app information
Existence of a privacy policy
Aliasgari et al, 2018 [35]

Privacy and security App communications

Legal

Mense et al, 2016 [36]

Privacy and security App communications

Authors
Recommendations or principles

Powell el al, 2018 [37]

Privacy

Existence of a privacy policy

Authors

Legibility of the privacy policy
Huckvale et al, 2015 [38]

Privacy and security App properties and behavior

Legal

In-app information
Static and dynamic analyses
App communications
Existence of a privacy policy
Content of the privacy policy
Robillard et al, 2019 [39]

Privacy

Existence of a privacy policy

Authors

Content of the privacy policy

Literature

Legibility of the privacy policy

Of
the
24
articles
assessed,
12
(50%)
[14,15,20-24,27,31,33,37,39] evaluated only privacy; 8 (33%)
evaluated security features, together with privacy
[6,19,30,32,34-36,38]; and 4 (17%) conducted a
multidimensional assessment [25,26,28,29], with privacy being
only part of the evaluation.
When considering the object of the assessment, 19 out of the
24 articles (79%) [6,14,15,19,22-27,29-34,37-39] used the
privacy policy as part of the assessment or solely evaluated the
privacy policy. App properties and behavior were used for
assessment by 10 articles (42%) [14,19,20,22,23,27-29,34,38],
and 8 papers (33%) used in-app information
[6,15,22,25,28,29,34,38]
or
app
communications
[6,15,20,21,30,35,36,38] for privacy evaluation. Finally, only
2 articles (8%) each used personal information types [20,38]
and static and dynamic analyses [6,30].
The selected articles used different bases to define criteria to
assess privacy of mobile apps. Most of the papers combined
some sources to determine the items for assessment. Out of 24
papers, 10 (42%) [15,19,20,22,23,26,27,34,37,39] used the
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literature to determine the items, while 9 (38%)
[6,14,20,21,24,33,36,37,39] were based on the authors’ criteria.
Not many of the papers used legal frameworks or
regulations—only 3 out of 24 papers (13%) [23,27,35] used the
HIPAA and just 2 (8%) [6,22] explicitly mentioned the GDPR
as a basis for determining the assessment criteria, although none
of them checked the GDPR compliance. However, out of 24
articles, 2 (8%) [25,38] did use the previous European privacy
regulation (ie, the 1995 Data Protection Directive). A total of
12 other privacy frameworks, recommendations from
certification organizations and standard associations, and privacy
principles were used. Multimedia Appendix 5 shows a further
analysis regarding the object of the privacy assessment in
mHealth apps.

Evaluation Criteria
The evaluation criteria are heterogeneous, as were the methods
for defining them. Though a very brief summary of the criteria
is shown in Table 3, they are described in more detail in
Multimedia Appendix 6. The classification items proposed by
the different articles to be used for evaluating app privacy are
shown in Table 4.
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Table 3. Criteria for evaluation of the apps.
Reference

Criteria

Assessment of criteria

Papageorgiou et
al, 2018 [6]

Privacy policy: consent, user rights (ie, withdraw and portability), data protection Number of apps that meet the different criteria
officer, data collection, purpose, and transfer
Permission and static analysis
Data transmission: https, SSL (Secure Sockets Layer), and secure transmission

Minen et al, 2018 Account functionality
[14]
Data storage

Number of apps that meet the different criteria

Privacy policy: type of information collected, data sharing, protection of minors,
data access, and user rights
Huckvale et al,
2019 [15]

Privacy policy availability
Uses of data, data transfer, and data collection

Percentage of apps that meet the different criteria

Mechanisms for security, how long data will be retained, cookies, user rights (ie,
opt-out, consequences of not providing data, deletion, editing, and complaints),
and protection of minors
Identity of data controller
Adherence to privacy policy
Scott et al, 2015
[19]

User registration and authentication

Items 1-3: risk score (1 point if there is a risk);

Data storing and sharing

Items 4-9: safety score (1 point if it is safe)

Enable users to update, correct, and delete their data
Data privacy and security measures and existence of privacy policy
Brüggemann et
al, 2016 [20]

Information-sharing targets (S), information transfer (T), and information collection PrivacyRiskScoreApp = TApp × w(T) + PApp
(U)
× w(P) + LApp × w(L)+ SApp × w(S) + UApp
× w(U) + RApp × w(R)
Personal information types (P) and log-in (L)
Connection security (R)

w = weight

Mense et al, 2016 Use of SSL and certificate pinning
[21]
Information sent and identification of third parties

Number of apps that meet the different criteria

Hutton et al,
2018 [22]

Most heuristics are valued as 0-2 (0, 1, or 2),
though some have slightly different values (ie,
0/1, 0-3, or 0-4)

Notice and awareness: data sharing, nature of data, and explanation of security
measures
Choice or consent: user-consent control
Access or participation: user access to data
Social disclosure: privacy control

Zapata et al, 2014 Privacy policy access and updates
[23]
Authentication, encryption, and security standards

All six items are valued as 0, 0.5, or 1

Access can be granted and revoked
Sunyaev et al,
2015 [24]

Privacy policy availability

Leigh et al, 2017
[25]

Data sharing

Number of apps that meet the different criteria

Privacy policy features: length, readability, scope, and transparency (ie, sharing,
collection, and user controls)

Confidentiality mechanisms

App privacy features (1-2) and privacy policy
(3-8), with 1 point per question

Privacy policy availability and content (ie, data collection, use of data, and data
encryption)
Baumel et al,
2017 [26]

Data communications, storage, and sharing
Notification of how personal information is kept confidential

Eight items: 1 point if the app does not include
the item

Protection of minors
Anonymization
Bachiri et al,
2018 [27]

Privacy policy location and updates

Number of criteria that are met (35 items)

Access management: permissions, audit, criteria, and authentication
Security measures
Consideration of the Health Insurance Portability and Accountability Act (HIPAA)
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Reference

Criteria

de las Aguas Ro- Data transmission and confidentiality
bustillo Cortés et Registration, purpose of use, information disclosure, and social disclosure
al, 2014 [28]
Protection of minors and mechanisms to avoid unauthorized access

Benjumea et al
Assessment of criteria
–1 (does not meet the criterion), 0 (not applicable), or 1 (meets the criterion)

Information storage
Quevedo-RoNature and purpose of the information and data storing
dríguez and Wag- Information about privacy, consent, and security measures
ner, 2019 [29]
User access

Compliance with items: 2 (complies), 1 (partially complies), or 0 (does not comply)

Protection of minors
Knorr et al, 2015 Static and dynamic analyses and web connection
[30]
Inspection of privacy policies

General compliance with the items

Zapata et al, 2014 Notification: privacy policy access and updates, cookies, and use of safety stan[31]
dards

Compliance with items: 2 (complies), 1 (partially complies), or 0 (does not comply)

Security: authentication, encryption, server protection, and backup copies
Election and access: access can be granted and revoked and access in case of
emergency
Bondaronek et al, Privacy information: availability, accessibility, data collecting, data sharing, and
2018 [32]
data security

Number of apps that meet the different criteria

O’Laughlin et al, Privacy policy availability, existence of a log-in process, and identification
2019 [33]
Data storage and sharing
User access: editing and deletion

Some of the items received a white, light-grey,
or dark-grey score; other items received a white
or light-grey score; 1 item received a white,
light-grey, or black score

User registration and authentication

Items 1-3: risk score (1 point if there is a risk);

Data storing and sharing

Items 4-8: safety score (1 point if it is safe)

Adhikari et al,
2014 [34]

Enable users to update, correct, and delete their data
Data privacy and security measures and existence of privacy policy
Aliasgari et al,
2018 [35]

SSL configuration
Data transfer and collection
Compliance with the HIPAA

Mense et al, 2016 Encryption
[36]
Data transmission

HIPAA compliance or not: the authors checked
if the terms and conditions indicated HIPAA
compliance, or they asked the app’s support
team
Number of apps that meet the different criteria

Powell el al,
2018 [37]

Privacy policy readability: word count, sentences per paragraph, words per sen- Average score, median, or range for every item
tence, characters per word, average number of sentences per 100 words, average comparing diabetes apps vs mental health apps
words with 6 or more characters, Flesch Reading Ease, Flesch-Kincaid Grade
Level, Gunning Fog Score, SMOG (Simple Measure of Gobbledygook) Index,
Coleman Liau Index, Automated Readability Index, Fry Grade Level, and Raygor
Estimate Graph Grade Level

Huckvale et al,
2015 [38]

Privacy policy: availability and features
Concordance of privacy policies and data-handling practices

Percentage of apps that meet the different criteria

Coverage of privacy policy: data collection, data transfer, anonymization, how
long data are retained, use of cookies, user rights (ie, opt-out, consequences of
not providing data, data access, and complaints), identification of data controller,
and updates
Robillard et al,
2019 [39]

Collected information (ie, nature and types), use of information, and data sharing Percentage of apps that meet the different criteria
Reasons for disclosing information
User rights: consent, opt-out, and deletion
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Table 4. Items present in the assessment of criteria for each article.
Item

Reference
[6] [14] [15] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39]

Existence
of a data
controller

X

DPOa details are
given

X

Purposes
of the processing are
stated

X

Legal basis X
exists
Recipients
of personal
data are
identified

X

X

X

X

X

X

X

X

X

X

Internation- X
al data
transfers
are disclosed

X

X

X

X

X
X

X

X

X

X

X

X
X

X

X

X

X

X
X

X

X

X

X

X

X

X

X

X

X

X

Data storage period
is stated
Existence
of users’
data rights

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

Existence
X
of the right
to withdraw consent

X

X

X

Existence
of the right
to complain to a
supervisory
authority

X

X

Obligation
to provide
data

X

X

Existence
of data processing and
profiling
Nature of
the collected information is disclosed

X

X
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Reference
[6] [14] [15] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39]

Risks of
data collection and
management of
confidentiality
breaches
are stated

X

Location of
the collected information is disclosed

X

User registration is
required
Existence
of a privacy policy

X

Privacy
policy
good practices

X

X

X

X

X

X

X

Minimum
data needed for app
functioning
are collected

a

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

Protection
of minors
and age of
verification
exists

X

X

X

Anonymization takes
place

X

X

X

X

X

X

X

DPO: data protection officer.

As seen in Table 4, many different items were considered as
criteria to assess privacy. We have defined 21 items, but only
four of them were taken into account by more than half the
selected articles. The identification of the recipients of personal
data was used as an evaluation criterion in 16 out of the 24
papers (67%) [14,15,19,21,22,24,25,28-30,32-34,36,38,39].
The existence of a privacy policy was determined by 13 out of
24 articles (54%) [6,14,15,19,24-27,30,32-34,38]. The stating
of the purposes of the data processing was also examined by
13 papers (54%) [14,15,22,25,26,28-30,32,33,36,38,39].
A d d i t i o n a l l y,
13
articles
(54%)
[14,15,19,22-24,27-29,31,33,35,39] determined the existence
of subjects’ data rights, though only partially—most of them
only considered access and/or data control by the user.
Table 4 also shows two different ways of assessing privacy.
Out of 24 papers, 10 (42%) [6,14,15,21,24,30,32,36,38,39]
checked whether the analyzed apps met the criteria described
https://mhealth.jmir.org/2020/7/e18868
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in the Evaluation Procedure section. Meanwhile, 14 articles out
of 24 (58%) [19,20,22,23,25-29,31,33-35,37] evaluated the
different apps according to several criteria.

Scoring Method
Of the 14 articles that assessed apps according to several items,
13 (93%) of them provided a scoring method that enables a
comparison of privacy among apps. Only 1 paper (7%) [22] did
not give a final score, although every item had an associated
score; thus, a scoring method could easily be developed. The
items were assessed in a binary manner in 6 out of the 14 papers
(43%) [19,25-27,34,35], which produced a score. Out of 14
articles, 7 (50%) [14,20,22,23,28,29,33] used a binary
assessment with intermediate values: 0, 0.5, or 1; 0, 1, or 2; or
–1, 0, or 1 were used. Hutton et al utilized different discrete
values depending on the assessed items [22]. Bondaronek et al
used discrete values—white, light grey, dark grey, and black—to
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obtain a final score of acceptable, unacceptable, or questionable
[32].
Focusing on the articles that developed a scoring method, we
have also analyzed whether the scoring was weighted. In that
case, all the items would have different weights according to

Benjumea et al
their importance when calculating the final score. Only 2 articles
out of 24 (8%) [20,28] proposed a weighted score and 1 article
(4%) [6] distinguished between “major issues” and “minor
issues” but did not produce a final score. A summary is shown
in Table 5.

Table 5. Scoring methods used to assess apps.
Reference

Score

Weighted score

Papageorgiou et al,
2018 [6]

No

No, though there are “major issues”
and “minor issues”

Minen et al, 2018 [14]

No

N/Aa

Huckvale et al, 2019
[15]

No

N/A

Scott et al, 2015 [19]

Yes. Risk score: 0-3; safety score: 0-6

No

Brüggemann et al, 2016 Yes. Connection security (S), information-sharing targets (T), unspecific information Yes, it can be configured by the user
[20]
transfer (U), information collection (R), and log-in (L) are binary. Personal information type (P) is more elaborated: 13 types are considered and a correction factor is
applied.

a

Mense et al, 2016 [21]

No

N/A

Hutton et al, 2018 [22]

The paper does not give a score but, rather, explains how different heuristics are
implemented. However, it is easy to assign a score to every app with the available
information.

N/A, although it can be calculated
(see Scoring Method section above)

Zapata et al, 2014 [23]

Yes: 0-6

No

Sunyaev et al, 2015
[24]

No

N/A

Leigh et al, 2017 [25]

Yes: 0-8

No

Baumel et al, 2017 [26] Yes: 0-8, with 0 points being maximum privacy

No

Bachiri et al, 2018 [27] Yes: 0-35

No

de las Aguas Robustillo Yes, but it is a general app score, not only for privacy
Cortés et al, 2014 [28]

Yes, weighted by experts

Quevedo-Rodríguez
and Wagner, 2019 [29]

Yes, but as part of the global app quality

No

Knorr et al, 2015 [30]

No

N/A

Zapata et al, 2014 [31]

Yes

No

Bondaronek et al, 2018 No, at least for the privacy items
[32]

N/A

O’Laughlin et al, 2019
[33]

Yes: acceptable, unacceptable, or questionable

No

Adhikari et al, 2014
[34]

Yes. Risk score: 0-3; safety score: 0-5

No

Aliasgari et al, 2018
[35]

Yes. Although there is no global score, there are certain scores pertaining to Transport No
Layer Security (TLS) and Health Insurance Portability and Accountability Act
(HIPAA) compliance.

Mense et al, 2016 [36]

No

N/A

Powell el al, 2018 [37]

Average score, median, and range for every item

No

Huckvale et al, 2015
[38]

No

N/A

Robillard et al, 2019
[39]

No

N/A

N/A: not applicable.
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Discussion
General Information
This review deals with the privacy assessment for mHealth apps.
Finding information about the assessment of privacy of mHealth
apps is not a trivial task, as the sources are very heterogeneous,
including many areas of application. What is obvious is that the
interest in privacy has been growing in the scientific community,
with special significance in recent years. Despite studying the
period from 2009 to 2019, the 24 selected articles were
published in 2014 or later.
Privacy is essential in the health domain, and the app areas are
very diverse. Fitness, mental health, and diabetes apps were
common in the assessments, but such varied fields as HIV/AIDS,
pregnancy, and headaches were considered. Some papers, such
as Powell et al, evaluated seemingly unrelated areas, such as
mental health and diabetes, at the same time [37]. The number
of analyzed apps per paper also varied widely, from 10 apps
[36] to 600 apps [24].

Evaluation Procedure
The articles presented in this scoping review evaluated privacy
in different ways. Some of them analyzed only privacy, whereas
others evaluated it together with security or other app functions.
Several of the articles used the privacy policy to determine
information about the app privacy, but researchers should report
more detailed information regarding how they assess the privacy
of apps to ensure the reliability of their studies. As an example,
it is not clear how so much information was obtained by
analyzing only the app privacy policies in 3 papers (13%)
[27,31,33]—perhaps an in-app information assessment was also
performed. None of the articles explained how they evaluated
privacy policies when considering certain items, such as
informing the user about the secondary uses of their data. Some
authors even noted that there were difficulties in evaluating
privacy policies due to the complexity of the language used in
them (eg, “Disagreements between the raters arose primarily
from confusion over the apps’ privacy policies, which were
often unclear in terms of language and intent” [22]), but none
of them specified the exact criteria used to evaluate the content
of the privacy policies. This could lead to inconsistent results
if their assessment framework were to be used by others.
Specifying the particular criteria used in the assessment could
make the evaluations reproducible.
The legal framework is another important issue with privacy
assessment. The number of mHealth apps has increased
considerably [8], and important privacy regulations have
emerged—not only in the mHealth domain—such as the GDPR
[6,7]. However, only 7 out of the 24 articles (29%) used law as
a direct source for establishing the assessment criteria—4 of
them [6,22,25,38] used the European legislation (ie, the GDPR
or the 1995 Data Protection Directive) as a source and 3
[23,27,35] were based on the HIPAA. Although some authors
were skeptical about the applicability of the HIPAA to mHealth
apps [6,40], others suggested that the HIPAA might be
applicable [35]. If articles that used recommendations directly
from private and/or public bodies, such as the US Federal Trade
https://mhealth.jmir.org/2020/7/e18868
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Commission or the UK Information Commissioner’s Office,
are considered in this category, then the number of articles that
contemplated laws goes up to 11 (46%). Additionally, data
minimization is one of the main principles regarding processing
personal data in the GDPR, meaning that data collection should
be limited to processing purposes only. However, only 2 papers
(8%) [20,38] analyzed the types of data collected by an app.
Several articles in our review also analyzed whether
communications were secured, and 8 articles (33%)
[6,15,20,21,30,35,36,38] actually checked if they were.
Moreover, 1 article (4%) [15] brought to our attention that
discrepancies between what the privacy policy states about app
data transmission and the real data transmissions are not
uncommon. By contrast, Huckvale et al did not observe any
discrepancy [38]. Nevertheless, future analyses of privacy
policies could verify whether developers properly disclose the
nature of app communications.
Although the privacy policy is a common source of data to
assess the privacy of apps, there are many challenges to address.
The evaluation procedure needs to be straightforward by
removing subjective and unclear assessments of privacy. It
should also be supported by a legal framework, although that
is not the current trend.

Evaluation Criteria
The criteria that have been used to assess the privacy of mHealth
apps are very diverse. We have identified 21 items but, within
each item, there are particularities that depend on the authors’
criteria. Moreover, as previously mentioned, in many cases, the
criteria used to assess the items are not explained clearly enough,
or they are not easily reproducible. Therefore, the list of different
items and how they are evaluated never ends, and it is extremely
subjective. Although the evaluations in this review are useful,
we suggest a more objective privacy assessment.
As an example, some articles searched for specific information
in the privacy policy, such as whether the user is informed about
other uses of their data, whereas other papers looked for this
information in the app. We consider that it is possible to miss
important information by searching in the wrong place. For
instance, 2 articles (8%) [22,38] checked both elements—the
privacy policy and the app—while 6 papers (25%)
[14,24,28,30,32,33] only checked the app, with no reference to
the privacy policy. In 4 papers (17%) [25,26,29,34] it was not
clear whether it was the app or the privacy policy that was
examined. Finally, 3 papers (13%) [6,15,39] used only the app
privacy policy and the terms and conditions.
One of the main issues created by the subjectivity of the
evaluation criteria involves the nature of the items used.
Sometimes the criteria are not clear enough. This issue may
lead to different results when other users and/or developers
assess privacy. New evaluation approaches should put special
emphasis on defining clear and objective items to evaluate.

Scoring Method
A scoring method or scale to assess app privacy could be a key
tool for systematically comparing apps. Many scoring methods
were used in the included studies. Most of them are quite simple,
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with a methodology that consists of assigning a binary value to
some defined items, but they have, nonetheless, proven to be
effective in assessing privacy by providing a simple approach
to comparing apps. A weighted score, which highlights the
importance of some items over others, was also explored in 2
papers (8%).
Despite the promising results derived from the use of a weighted
score, further research must be conducted to identify the
subjective relevance and importance of the different items
perceived by consumers, patients, and experts, in order to assess
the privacy of the apps. Further research must also be conducted
aimed at defining common legal-based criteria to better assess
the privacy of mHealth apps.

Review Limitations
This study has several limitations. Relevant studies may have
been missed if they were published with a title or abstract in a
language other than English, outside of the specified time frame,
or in different databases than those that were used. Some studies
may not be included due to the keywords chosen for the search
string.
Specifically, for this review, the absence of an existing
taxonomy of the privacy components used for the assessment
is also a limitation. Although we attempt to compensate for this
limitation with our level of expertise and detailed knowledge,
charting is still subjective.
Finally, the different requirements implied by different types
of apps shows that not all apps are equally sensitive to privacy
risks, which suggests the possibility of analyzing how crucial
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privacy is according to the type of app. As we did not find any
such existing classification system, we set this as a point for
future research.

Conclusions
Privacy in mHealth apps has been determined based on an
analysis of the app user interface, communications privacy, and
privacy policy. Checking privacy in communications is usually
very straightforward, with objective criteria for its assessment.
When analyzing user interfaces and privacy policies, however,
the criteria are very heterogeneous and less objective; this is
especially true when analyzing privacy policies, which can lead
to irreproducible results. In our opinion, it is very important to
develop a more detailed assessment of privacy policies, so that
the assessment frameworks may be utilized by subsequent users
and lead to coherent results.
Another important conclusion from this study is that there is a
lack of analyses pertaining to the types of personal information
collected by the apps. Minimization is one of the principles of
the GDPR, so a greater effort should be made to analyze whether
apps gather more personal information than is necessary.
In short, despite great progress made through the scientific
community’s awareness about the importance of privacy
assessment of mHealth apps, there is still a long way to go. A
positive step forward would be the creation of a scale or scoring
system based on objective criteria, which would, therefore, be
less open to interpretation. Another good development would
be the use of a certain legal basis for such a scale and explaining
in detail how to apply the evaluation criteria.
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Abstract
Background: Cancer patients are increasingly using mobile health (mHealth) apps to take control of their health. Many studies
have explored their efficiency, content, usability, and adherence; however, these apps have created a new set of privacy challenges,
as they store personal and sensitive data.
Objective: The purpose of this study was to refine and evaluate a scale based on the General Data Protection Regulation and
assess the fairness of privacy policies of mHealth apps.
Methods: Based on the experience gained from our previous work, we redefined some of the items and scores of our privacy
scale. Using the new version of our scale, we conducted a case study in which we analyzed the privacy policies of cancer Android
apps. A systematic search of cancer mobile apps was performed in the Spanish version of the Google Play website.
Results: The redefinition of certain items reduced discrepancies between reviewers. Thus, use of the scale was made easier,
not only for the reviewers but also for any other potential users of our scale. Assessment of the privacy policies revealed that
29% (9/31) of the apps included in the study did not have a privacy policy, 32% (10/31) had a score over 50 out of a maximum
of 100 points, and 39% (12/31) scored fewer than 50 points.
Conclusions: In this paper, we present a scale for the assessment of mHealth apps that is an improved version of our previous
scale with adjusted scores. The results showed a lack of fairness in the mHealth app privacy policies that we examined, and the
scale provides developers with a tool to evaluate their privacy policies.
(JMIR Mhealth Uhealth 2020;8(7):e17134) doi:10.2196/17134
KEYWORDS
privacy; mhealth apps; fairness assessment scale; cancer apps; GDPR

Introduction
Privacy in Mobile Health Apps
Health care systems are putting a great emphasis on the role of
the patient and encouraging people to take control of their health
[1]. Mobile health (mHealth) apps are one of the technological
breakthroughs that make this possible. There are more than 3
billion smartphone users worldwide, and this number is
predicted to grow by several 100 million in the next few years
[2]. This proliferation of smartphones has led to an increase in
http://mhealth.jmir.org/2020/7/e17134/
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the availability and abundance of mHealth apps. In 2017, there
were more than 300,000 mHealth apps, and this number tends
to grow by 25% every year. In 2018, 52% of smartphone users
collected health-related information on their smartphones, and
60% of smartphone users downloaded health-related apps [3].
Among other uses, mHealth apps can provide disease and
treatment information; practical tools for avoiding some diseases
(prevention and healthy behavior promotion); tools to assist in
the identification of symptoms (early detection); practical tools
to deal with the medical, behavioral, or emotional aspects of a
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17134 | p.738
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specific disease (disease management); and access to peer or
professional assistance (support) [4,5].
Despite the potential impact of mHealth apps on patient health,
there is a lack of specific regulations and standards regarding
the development of mHealth apps [6], which may result in
potential risks and poor mHealth app quality. For example,
some studies have reported problems with existing mHealth
apps such as failure to meet the needs of persons with chronic
conditions [7], a lack of cited source material or references [5],
and insufficient testing of mHealth apps with respect to usability
and validity [8]. Such setbacks reduce health care professional
and patient confidence in these apps [9,10].
Criteria have been proposed to assess mHealth apps. Stoyanov
et al [11] developed the Mobile Application Rating Scale
(MARS) scale to classify and rate the quality of mHealth apps
based on a literature review of app evaluations containing
explicit quality rating criteria. Llorens-Vernet and Miró [6]
recently proposed criteria to be integrated into a general standard
for mHealth app development based on a systematic review,
searches on professional organization websites, and standards
governing the development of software for medical devices.
Privacy is a major concern for mHealth app users [12], as some
mHealth apps require the collection, storage, and sharing of
personal and sensitive patient data. Guidelines and
recommendations for health-related apps—such as those
developed by the Andalusian Agency for Healthcare Quality
(Spain), Tecnologies de la Informació i la Comunicació Salut
Social Foundation (Spain), National Health Service (United
Kingdom), and European Commission—include several privacy
items that highlight its importance in the context of mHealth.
Also, privacy is one of the components included in the criteria
proposed by Stoyanov et al [11] and by Llorens-Vernet and
Miró [6].
Privacy assessment is a multifaceted issue that, among other
things, bears upon privacy policies. In the context of mHealth
apps, privacy policies contain privacy-related information that
users can review prior to installation in order to get a clear idea
of what personal data the app will access and the purposes for
their processing. These concerns should be taken seriously, but
70% of the 600 most-used health-related apps do not include a
privacy policy [13]. Although the previously mentioned
guidelines and recommendations, MARS scale, and criteria
include items regarding privacy, developers and evaluators need
more specialized tools when it comes to the development and
assessment of mHealth app privacy policies.
In this paper, we introduce a novel scale based on the General
Data Protection Regulation (GDPR) to assess the fairness of
mHealth app privacy policies. This scale provides detailed
information regarding items to be included in privacy policies
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in order to comply with the GDPR. Consequently, we offer an
objective and reproducible method for assessing the fairness of
mHealth app privacy policies or developing the privacy policy
of an mHealth app. This paper presents the final version of the
scale (the culmination of an iterative development process) and
the results obtained after applying it in a case study.

Legal Background
The GDPR is a regulation (2016/79) passed by the European
Parliament and the Council of the European Union (EU). It was
published in the Official Journal of the European Union [14] in
2016 and has been applicable since May 25, 2018. The GDPR
applies to all EU member countries plus Iceland, Luxemburg,
and Norway. Being a regulation (and not a directive), the GDPR
applies directly to all these countries.
The GDPR introduces some important changes that replace
previous legislation (Directive 95/46/EC). The first one can be
found in Article 3 (territorial scope), as the GDPR applies to
any controller or processor in the EU, even if processing does
not take place in the EU. Also, the GDPR applies to any
controller or processor (regardless the country of origin) if it is
related to “the offering of goods or services, irrespective of
whether a payment of the data subject is required, to such data
subjects in the Union or the monitoring of their behavior as far
as their behavior takes place within the Union” (Article 3.2).
The controller must be able to demonstrate compliance with
the GDPR (Article 5.2) and is subject to higher fines than before
(Articles 66 and 83). Article 4 of the GDPR includes definitions
that clarify relevant concepts. These concepts are summarized
in Table 1.
Like many legal texts, the GDPR is difficult to understand and
comply with, especially when it comes to app developers or
users who are not legal experts; reading, interpreting, and
understanding 99 articles in 88 pages of legal language is not
easy. Our paper helps ordinary people become more familiar
with the regulations so they can comply with the laws. We have
developed a tool that makes compliance as easy as following
simple guidelines such that even small app developers (eg,
freelancers) can easily use it.
For example, there are two items in our scale (items 4 and 5)
regarding the information to be provided to the data subject,
described in Article 13 with a simple sentence: “the purposes
of the processing for which the personal data are intended as
well as the legal basis for the processing.” This sentence is
translated in the definition of our scale into approximately 250
words because this article is connected with several parts of the
GDPR: recitals 39, 58, 60, 61, and 63, and articles 4, 5, and 6.
These recitals and articles must be read and understood to be
clear on the intentions of the GDPR.
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Table 1. Definition of General Data Protection Regulation concepts.

a

Concept

Definition

Data subject

A natural person whose personal data are being processed; the GDPRa defines personal data not only as the data related
to an identified person, but also as the data that can be used to identify, directly or indirectly, a natural person.

Data controller

“The natural or legal person, public authority, agency, or other body which, alone or jointly with others, determines the
purposes and means of the processing of personal data” [14].

Data processor

“The natural or legal person, public authority, agency, or other body which processes personal data on behalf of the controller” [14].

Recipient

“The natural or legal person, public authority, agency, or another body, to which the personal data are disclosed” [14].

Representative

A natural or legal person established in the EUb; a representative must be designated by data controllers or processors not
in the EU (Article 27).

DPOc

A person who must be designated by the controller or processor in certain circumstances (see Article 37 for more details);
the duties of the DPOc are defined in Article 39; they include, among others, advising the controller or processor about
their duties related to the GDPR and monitoring compliance with GDPR

GDPR: General Data Protection Regulation.

b

EU: European Union.

c

DPO: data protection officer.

There are several studies in the literature that have addressed
the availability of privacy policies in mobile apps and the
assessment of some aspects of their quality [9,15-37].

recommendations from the Organization for Economic
Cooperation and Development on privacy. They discovered
that 67% of the apps that stored data on the web had a privacy
policy. However, they neither developed a score to evaluate
privacy policies nor did they compare them.

Heuristics were proposed by Hutton et al [15] to assess privacy
in mHealth apps for self-tracking. In their study, Hutton et al
[15] used recommendations from the US Federal Trade
Commission and GDPR to define the items used in the
heuristics. The evaluation of an app consists of checking its
behavior and the contents of its privacy policy. They also
proposed a scoring method. However, their system is not
exclusively based on the GDPR and evaluates other issues that
are not related to the content of the privacy policy. For example,
some items in the heuristics are closely related to usability.

A scoring method to evaluate the quality of 116 apps for
depression was defined by O’Loughlin et al [19] using 7
questions about the privacy policy and app behavior, such as
whether the app requires a personal identification number for
access or the privacy policy states if data are encrypted or stored
locally. Based on the results of this questionnaire, they classified
privacy policies as acceptable, questionable, or unacceptable,
but they did not assign a numerical score to the app, and it is
not GDPR-based. They also found that only 57 out of the 116
apps they evaluated had a privacy policy.

In 2013, Sunyaev et al [16] assessed the availability and quality
of the privacy policies of the 600 most commonly used mHealth
apps. They found that only 183 apps out of 600 had a privacy
policy. They also determined the lengths of privacy policies,
their readability, and whether privacy policies were focused on
the app. Moreover, they checked if the contents of privacy
policies addressed aspects users considered to be the most
important. They did not develop a method or use any legal
framework or regulation to design their assessment scheme.

Huckvale et al [9] assessed 79 mHealth apps, certified as
clinically safe and trustworthy by the United Kingdom National
Health Service Health Apps Library. They evaluated the app
behavior, considering aspects like data transmission, storage,
and privacy policies. When assessing privacy policies, they
used a coding method based on the UK Information
Commissioner Office recommendations and the UK Data
Protection Act. Their proposed scheme used four domains (uses
of data, technical concerns, user rights, and administrative
details) to classify the topics analyzed in the privacy policy.
Each of the 24 topics was classified as addressed or absent in
the privacy policy. Although they discussed the percentage of
apps complying with each topic, they did not develop a scoring
method.

Research Background

A framework for assessing apps related to chronic insomnia
disorder was defined by Leigh et al [17]. The framework was
based on 24 criteria, and 6 of them dealt with privacy policies.
The framework defines 6 questions about the content of the
privacy policy that must be answered yes or no based on the
UK Data Protection Act 1998 (and thus, Directive 95/46/EC),
the UK Information Commissioner Office, and the Charter of
Fundamental Rights of the EU. The authors used the answers
to these 6 questions to obtain a privacy score. Blood pressure
and diabetes apps were assessed by Knorr et al [18] in a study
that rated 154 apps using static and dynamic analysis and
evaluating web server connections and privacy policies. They
assessed 12 aspects of the privacy policies including
http://mhealth.jmir.org/2020/7/e17134/
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Papageorgiou et al [20] conducted a privacy and security
analysis of 20 mHealth apps. They had a broad scope of analysis
including static and dynamic analysis of the apps, permission
analysis, and security in communications. They also investigated
whether privacy policies complied with the GDPR, focusing
on the right to withdraw consent, the right to portability, data
protection officer (DPO) contact information, profiling, and
transfers of personal data to countries not within the EU. They
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discussed how many apps complied with these items, but they
also did not develop a scoring method.
A total of 29 apps were analyzed by Minen et al [21], focusing
on data storage and privacy policies in headache apps. When
analyzing privacy policies, they searched for the presence or
absence of information regarding data collection, data sharing,
use by children, and certain user rights.
The scientific community has been searching for a way to assess
privacy in mHealth apps for the last few years. Many studies
have assessed privacy in apps, usually focusing on their user
interfaces, privacy in communications, and privacy policies.
However, the established criteria used to analyze privacy
policies are heterogeneous and subjective. These solutions are
based on the researchers’ own experience, the literature, and/or
an existing legal framework. The items that are considered for
the assessments are very diverse, and the evaluation of these
items are, on many occasions, very subjective to the evaluators’
criteria.
It is necessary, therefore, to create tools to evaluate privacy
policies and establish privacy scales according to objective
criteria that are less open to interpretation. Although some
papers considered the GDPR, none of them proposed a set of
items that enable GDPR compliance. Our aim is to fill that
research gap by proposing of a GDPR-based scale to assess
privacy policies in mHealth apps.

Methods
Privacy Scale Design
Article 13 of the GDPR summarizes the information that must
be given to the user (known as data subject in the GDPR) when
the information is collected from them (Table 1). This
information is usually delivered to the user via a document
called a privacy policy, and in order to be compliant with the
GDPR, the privacy policy must meet certain requirements.
In our previous work [38], we developed a scale to assess the
fairness of the privacy policies of mHealth apps. The objective
of our scale was to analyze privacy policies in a systematic way
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and design a GDPR-based system to assess and improve such
policies. Based on Article 13 of the GDPR and the
recommendations of the National Data Protection Authority in
Spain [39,40], we identified and summarized the information
that should be provided in privacy policies (see Table 2 for a
list of the items). We also defined a scoring method to assess
each item.
Our scale is not intended to check strict compliance with the
GDPR but to assess the fairness of privacy policies. This means
that a privacy policy with fewer than 100 points (the maximum
score) may be compliant, in a strict way, with the GDPR. This
is because some items mentioned in Article 13 (for example,
the identity of the data controller) must be analyzed carefully.
It is not always easy to classify an item as yes or no in terms of
compliance with the GDPR. Also, the GDPR allows some items
to be omitted in certain cases, such as transfer to non-EU
countries if the personal data are stored in the EU. However,
our proposed score penalizes the absence of such information
even if the data remain in the EU. In fact, we are just applying
one of the principles of the GDPR (Article 5)—“lawfulness,
fairness, and transparency”—to privacy policies, as they should
go slightly further in their contents.
Indeed, the items defined in our scale may be used by developers
as a checklist to design privacy policies that comply with the
GDPR. They also could be used by data controllers to check if
their apps are GDPR-compliant. Furthermore, a privacy policy
scoring 100 points would be fully compliant with the GDPR.
Using the proposed scoring method, we consider privacy policies
with scores from 75.0 to 100 points as very fair (category 1
[Cat1]). A score from 50.0 to 74.9 is somewhat fair (category
2 [Cat2]). A score from 25.0 to 49.9 is somewhat unfair
(category 3 [Cat3]). Finally, we consider a score from 0 to 24.9
as very unfair (category 4 [Cat4]).
Some discrepancies in the interpretation of how to assign a score
to some items were found in the first iteration of the scale design
process. In the first iteration, the privacy policies of 9 apps were
analyzed, and we obtained Kappa-Cohen indexes for each item.
Possible scores for each item and Kappa-Cohen indexes are
shown in Table 3.
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Table 2. Items in the privacy policy (Article 13).
Item

Item number

Identity of data controller

1

Identity of the representative

2

Data protection officer details

3

Purposes for the processing

4

Legal basis for the processing

5

Legitimate interests from controller

6

Recipients (or categories) of the personal data

7

Transfers to non–European Union countries

8

Period for which data will be stored

9

Existence of data subject’s rights

10

Existence of right to withdraw consent

11

Right to lodge a complaint with a supervisory authority

12

Obligation to provide personal data

13

Existence of automated decision making or profiling

14

Table 3. Kappa-Cohen indexes for privacy policy items for the 9 apps evaluated in the first iteration.
Item

Item
number

Score

Kappa-Cohen index (n=9)

Identity of data controller

1

0: no info; 0.5: partial; 1: full

0.77

Identity of the representative

2

0: no info; 1: info provided; N/A: not applicable

1

Data protection officer details

3

0: no info; 1: info provided

0.61

Purposes for the processing

4

0: no info; 0.5: generic; 1: specific

0.77

Legal basis for the processing

5

0: no info; 1: info provided

0.77

Legitimate interests from controller

6

0: no info; 1: info provided; N/A: not applicable

0.8

Recipients (or categories) of the personal data

7

0: no info; 1: info provided

–0.13

International transfers of data

8

0: no info; 0.5: generic; 1: full details or no international
transfers

0.53

Period for which data will be stored

9

0: no info; 0.5: generic; 1: specific

0.66

Existence of data subject’s rights

10

0: no info; 0.5: generic; 1: full

0.49

Existence of right to withdraw consent

11

0: no info; 1: info provided; N/A: not applicable

0.08

Right to lodge a complaint with a supervisory authority

12

0: no info; 0.5: generic; 1: specific

0.77

Obligation to provide personal data

13

0: no info; 1: info provided

–0.17

Existence of automated decision making or profiling

14

0: no info; 0.5: generic; 1: specific or no profiling or automated decision making done

0.17

A refinement of the criteria used to assign those scores was
performed to resolve the discrepancies. Also, an error in the
definition and description of one of the items was corrected.
Items and their possible scores are (re)defined as follows:
•

Identity of data controller: 1 point if full information is
given. Full information means name, postal address, and
electronic address (both email and a contact form are
considered valid) of the data controller; 0.5 points if some
information is missing; 0 points if the information is
omitted. If only an electronic address is provided, the score
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•

•

is 0 points. Also, if the street address is not mentioned, the
score is 0 points.
Identity of the representative: The representative is a natural
or legal person, established in the EU, who must be
designated by the data controller if they are not in the EU.
In this case, 1 point is given if full information is given (in
the same way as with the data controller) and 0 points
otherwise.
DPO details: The GDPR states that a DPO must be
designated if the controller processes a large quantity of
data in some special categories, such as health data. We
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•

•

•

•

•

assume that a DPO must exist in any given mHealth app.
At least an email address must be given to get 1 point. In
order to be consistent with the definition of DPO in the
GDPR, the DPO must be a different person from the data
controller, so the email address should also be different.
Otherwise, 0 points are given.
Purposes for the processing: The purposes for the processing
must be stated explicitly in the privacy policy. Sometimes
the information given is too general. For example, “We
collect this information for the purpose of providing our
service” does not give any detail about why the data
controller needs the personal data. In this case, the score
for this item is 0.5 points. If purposes are provided
explicitly, 1 point is given. If purposes are not mentioned,
0 points.
Legal basis for the processing: There are six legal bases for
the processing (Article 6 of GDPR): consent, need to
perform a contract, legal obligation, protect vital interest
of somebody, public interest or exercise official authority,
and legitimate interest. This information must be given in
the privacy policy in order to get 1 point. However, we
found that, in some cases, the legal basis in which the
processing was founded was not explicitly stated in a
separate paragraph. This is because, sometimes, this
information is embedded in the declaration of the purposes
for the processing. As the information is, after all, given to
the data subject, we decided to give 1 point in these cases.
Furthermore, if 0 points are given to this indicator,
indicators based on the legal basis (ie, items 6 and 11) are
considered N/A (not applicable).
Legitimate interests from controller: 1 point if this
information is given and 0 points otherwise. N/A if
legitimate interest is not stated as a legal basis for the
processing or if item 5 is 0 points.
Recipients (or categories of recipients) of the personal data:
1 point if this information is given and 0 points otherwise.
We must note that if there are no recipients, this must be
explicitly stated. Also, we must keep in mind that in
accordance with Article 4 of the GDPR a data processor is
considered a recipient.
Transfers to non-EU countries: This item refers to the fact
that personal data may be transferred to a country not in
the EU. In this case, the data controller must give enough
information about the measures that are in place to achieve
a similar level of protection. We give 1 point if privacy
policy indicates that this transfer is in place, and there is a
reference to the measures taken. We consider enough
information to contain a mention to the compliance with
Privacy Shield [14] or similar frameworks. We also give 1
point if the transfer is based on an adequacy decision from
the Commission. If there is a mention to a transfer to
non-EU countries without further information, this item is
0.5 points. The GDPR states that this information must be
given if there are transfers to non-EU countries and says
nothing if the data are stored within the EU. We consider
that this information must be given even where there are
no transfers to non-EU countries. Thus, if there is no
information about transfers outside the EU, this item is 0
points. When the data controller is in the EU, the fact of
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•

•

•

•

•

•

not transferring data outside the EU must be explicitly
stated. If not, the item is 0 points. Otherwise, the item is
N/A.
Period for which data will be stored: To obtain 1 point, the
privacy policy must point out a specific time in the future
when the data will be erased. We consider the following
time references as valid: a period of inactivity in the data
subject’s account or a specific reference to a user request
to erase the data. The latter is independent of the
specification of data subject’s rights in the privacy policy.
Existence of data subject’s rights: 1 point is given if the
specific user’s rights mentioned in Article 13 (right to
access, rectification, erasure, restriction of processing,
object of processing, and data portability) are enumerated
in the privacy policy with a way to exercise these rights.
This information may also be provided using a link. We
award 1 point if 5 or more rights are mentioned and 0.5
points if partial information is given (for example, some
rights are omitted or there is no indication on how to
exercise the rights); 0 points if there is no reference to data
subject’s rights.
Existence of the right to withdraw consent: This is an
additional right that only exists if the legal basis for the
processing is consent. As such, the score is 1 point if this
right is mentioned (along with the way to exercise it) and
0 points if the right is omitted. This item is N/A if consent
is not one of the legal bases for the processing or if item 5
is 0 points.
Right to lodge a complaint with a supervisory authority:
According to the GDPR, there is an obligation to inform
users that they have the right to lodge a complaint with a
supervisory authority if they believe that their rights have
been violated. To score 1 point, the privacy policy must not
only identify the appropriate supervisory authority but also
provide at least a link to it. Moreover, 1 point is given if
the policy links to the list of all supervisory authorities
within the EU. Simply naming the supervisory authority is
considered insufficient and earns a score of 0.5 points and
0 points otherwise.
Obligation to provide personal data: The privacy policy
must explicitly state what happens if the user does not
provide certain personal data. Examples of good practices
are the following: “if you choose not to provide data, we
may not be able to provide you those services” and “In
order to join [...] you must provide [...].” If this information
is given, 1 point. Otherwise, 0 points.
Existence of automated decision making or profiling: We
consider that there must be a reference to the existence or
absence of automated decision making or profiling based
on personal data. This item may be tricky to interpret
because sometimes apps make automated decisions such
as defining user interface language based on personal data.
This example probably does not fit within the reasoning of
the GDPR. Thus, we consider as automated decision making
or profiling a behavior that goes beyond simple decisions
made by the app. This item scores 1 point if this information
is shown in the privacy policy and enough information
about the logic around this decision or profiling is given.
We consider a link to the information to be valid. Therefore,
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0.5 points are scored if there is a reference to this item with
no additional information, and the score is 0 points if no
information is given. Simply using Google Analytics is not
sufficient to consider that the app to be profiling. However,
the use of cookies, if they modify the app behavior, is
considered profiling. We are also aware that, in accordance
with the National Data Protection Authority in Spain on
mobile apps [41], some information must be given if the
app includes targeted advertisements.
As stated in the introduction, an important objective of our
research is to provide a reproducible scale for the assessment
of privacy policies in mHealth apps, so schematics and further
descriptions of the items with explanatory examples for the
scoring system are defined in Multimedia Appendix 1.
The proposed scale consists of 14 items to check when assessing
a privacy policy, as shown in Table 1. Each item is assigned a
score of 0 points or 1 point, though some of them may score
0.5 points. Thus, every item has the same weight within the
total score. Also, as some items may be N/A, the final score is
expressed as a percentual score. Thus, if an app achieves 7 points
when privacy items are assessed but only 12 items are
applicable, its final score is 58.3 points. Like the scales
previously defined in the literature, our scale must be simple
and easy to apply. Our scoring method is in concordance with
other mHealth app privacy scales [15,27,32], which are also
composed of yes/no questions. Most of the privacy scales that
defined a score were based on items that could have 2 or 3
values.
Items 1, 4, 8, 9, 10, 12, and 14 can score 0.5 points, as some
items are more complex than others. For example, the item
purposes for the processing requires that the data controller be
very explicit when defining the app’s purposes for the
processing. We found that some data controllers state the
purposes for the processing but are not as explicit as they should
be. In these cases, the item scores 0.5 points. Other items, such
as item 3 (DPO details) are so simple that they can only score
1 point (yes) or 0 points (no). Additional details and examples
can be found in Multimedia Appendix 1.
We have also added new indicators that did not appear in our
previous work. They do not directly influence scores, but they
add some information that is relevant to the study of privacy
policies:
•

•

•

Date of last update of the privacy policy: We look for this
information in the text of the privacy policy itself. We do
not consider alternative ways of obtaining the last update
date such as analyzing http last-modified headers [42].
Data controller’s country: We collect this from the identity
of the data controller. We do not consider additional
information such as any obtained by the WHOIS tool [43].
This tool provides information about the domain name, but
it might be misleading.
GDPR awareness: This indicator only gets a yes/no value
indicating whether GDPR is explicitly mentioned in the
privacy policy.
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Case Study: Cancer Apps
Study Design
A systematic search strategy was followed to identify all relevant
mHealth apps for the most common types of cancer (breast,
prostate, colorectal, and lung cancer) and for cancer in general.
We focused on Android apps due to its market dominance, being
the most installed operating system among the new smartphones
shipped worldwide from 2017 to 2019 [44]. Two researchers
(ORR and EDZ) searched the Spanish version of the Google
Play website, taking steps to ensure that no previous searches
or cookies influenced the results. Five searches were completed
on July 25, 2019, using “cancer mama,” “cancer prostata,”
“cancer,” “cancer colon recto,” and “cancer pulmon” as search
strings.

Selection Criteria
Apps were included in the screening stage if their title or
description contained one of the search strings defined. After
duplicates were removed, two researchers (ORR and EDZ)
reviewed and assessed the title and description of the resulting
mHealth apps for eligibility against the selection criteria. Apps
whose titles and/or descriptions met the selection criteria were
downloaded and installed. A researcher (ORR) checked that
they worked properly and met the selection criteria.
Disagreements were resolved by consensus.
The following inclusion criteria were used: the title or
description referred to at least one of the search strings, it was
intended exclusively for cancer patients or survivors, and the
app collected user data or allowed users to share their opinions
or data.
Apps were excluded if they met at least one of the following
conditions: the title or description was written neither in English
nor Spanish, the user interface was available neither in English
nor Spanish, the privacy policy was written neither in English
nor Spanish, it was not focused on cancer, it was intended for
people other than cancer patients or survivors, or it was not free.

Data Extraction
The following descriptive characteristics of apps meeting the
selection criteria were collected from the Google Play website
when available: developer, category, number of ratings, user
rating, last update, and number of downloads. Additionally,
using the information included in the description, two
researchers (ORR and EDZ) independently classified the apps
according to main purpose and type of cancer. Discrepancies
were resolved by consensus.
URLs linking to the privacy policy of the included apps were
also collected when available. If no link was provided, we tried
to find the privacy policy on the developer’s website. A
researcher (JR) reviewed all installed apps and checked if they
contained any additional privacy policy information. If the
privacy policy contained in the app was different from the one
linked in the Google Play website, the former was considered
for the assessment. When user registration was required, the
privacy policy had to be available before registering for the
service. Otherwise, we considered the app to not have a privacy
policy, as it was not accessible before using the app. Two
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17134 | p.744
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researchers (JB and JR) reviewed and independently assessed
all privacy policies of the included apps using the proposed
scale. Finally, a score for each privacy policy was assigned
according to the scoring scale defined earlier. Discrepancies
were resolved by consensus.

Classification
Included apps were classified according to main purpose and
type of cancer. We used the classification scheme for an app’s
main purpose proposed in Giunti et al [7]. We removed the
awareness-raising option because the apps designed for this
purpose did not meet the selection criteria and were excluded
from our study. Therefore, we coded an app’s main purpose as
disease and treatment information (DTI), disease management
(DM), or support (S).
Finally, type of cancer was coded as general, colorectal, breast,
prostate, lung, or other. General was used to code included apps
that pertained to cancer in general without identifying any
specific type. Other was assigned to apps that pertained to a
specific type of cancer other than colorectal, breast, prostate,
or lung cancer.

Results
App Selection and Extracted Features

Benjumea et al
eligibility; 41 of those apps met the selection criteria and were
downloaded and installed on an Android smartphone (Moto G7,
Motorola Mobility, LLC) to check if they worked properly.
Finally, 31 mHealth apps met the selection criteria and were
included in the analysis. Figure 1 shows the flow diagram of
the described procedure, while Table 4 shows the selected apps
considering the selection criteria. For convenience when
analyzing the results, apps were tagged from App1 to App31.
For the statistical analysis below, five more features were added
to Table 4: Google Play app ratings, number of reviews, number
of downloads, app type, and cancer type. Multimedia Appendix
2 contains a list of the apps that were found in Google Play
search and those included in the case study.
We applied the second iteration of our privacy policy assessment
scale (described in the Methods section) to the 31 selected apps.
In the case of App15, a privacy policy link led to a generic
privacy policy for the company, so we considered the one in
the app. Table 5 shows the privacy scores obtained after
assessing all the privacy policies. We also added more
information about the apps to the table in order to achieve a
more complete analysis of the results. In particular, we added
the data controller’s location, the last app update, and whether
the privacy policy was GDPR-aware (ie, it mentioned the
GDPR). If the app did not have a privacy policy, it was assigned
a score of 0 points.

Google Play searches resulted in 1249 mHealth apps. After
duplicates were removed, 831 mHealth apps were assessed for
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Figure 1. Flow diagram.
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Table 4. Selected apps.
App name

Developer

Rating
(stars)

# Ratings # Downloads

App type

Cancer type

Label

BECCA: Breast Cancer Support

Breast Cancer Care

4.5

63

10,000+

Sa

Breast

App1

EmotionSpace cáncer de mama

Pfizer Inc

2.5

2

100+

S

Breast

App2

ChemoWave: For Cancer Patients

Treatment Technologies &
Insights

4.4

20

1000+

DMb

General

App3

OWise Breast Cancer

Px HealthCare BV

4.4

10

1000+

DM

Breast

App4

My Cancer Coach

Genomic Health Inc

4.5

86

10,000+

DM

General

App5

Breast Advocate

Toliman Health

5

1

100+

DTIc

Breast

App6

Breast Cancer Support

MyHealthTeams

4.1

47

1000+

S

Breast

App7

KMBCN

Kepharge

5

1

10+

DTI

Breast

App8

Triple Negative Breast Cancer

Kognito

5

2

100+

DTI

Breast

App9

Breast Cancer: Others Like Me

Eli Malki

0

0

5+

S

Breast

App10

Outcomes4Me

Outcomes4Me Inc

5

5

100+

DTI

Breast

App11

3.7

3

100+

S

Breast

App12

0

100+

DM

Breast

App13

Boobytrapp: The Breast Cancer App Boobytrapp
The BAPS App Wales

a

The Orchard Media & Events 0
Group Ltd

BELONG Beating Cancer Together BelongTail

4.7

1,151

100,000+

DM

General

App14

Diana

F Hoffmann–La Roche

5

7

1000+

DM

Breast

App15

Got Boobs?

Got Boobs

0

0

100+

S

Breast

App16

inKind Space

PixelEdge

0

0

10+

S

Breast

App17

Cancer Surveillance

GoMLV

3.7

21

1000+

DM

General

App18

Focalyx

Lyx Health

4.8

6

50+

DM

Prostate

App19

Adrenal Cancer: Others Like Me

Eli Malki

5

6

1000+

S

Other

App20

How Are You Today? PC

Intelesant

0

0

100+

DM

Prostate

App21

Cancer.Net Mobile

American Society of Clinical 4.2
Oncology

227

10,000+

DM

General

App22

TNM Cancer Staging

International Atomic Energy
Agency

4.6

323

10,000+

DTI

General

App23

Untire: Beating cancer fatigue

Tired of Cancer BV

4.5

60

5000+

DM

General

App24

Self-Care During Cancer

NearSpace Inc

4.7

6

1000+

S

General

App25

CanDi: Cancer Diet App

Faculty of Health Sciences
UniSZA

4.7

60

500+

DM

General

App26

CancerAid

CancerAid PTY LTD

3.7

25

1000+

DM

General

App27

GRYT Health Cancer Community

GRYT Health

3.9

7

100+

S

General

App28

Target Ovarian Cancer Symptoms
Diary

Brandwave Marketing

3.6

8

1000+

DM

Other

App29

Pancreatic Cancer Action: Symptom Healthbit Ltd
Tracker

5

3

100+

DM

Other

App30

My Care Plan (cancer survivor)

4

4

1000+

DM

General

App31

NearSpace Inc

S: support.

b

DM: disease management.

c

DTI: disease and treatment information.
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Table 5. Privacy scores.

a

App name

Label

Data controller’s location

Last update

GDPRa aware Score

BECCA: Breast Cancer Support

App1

UKb

03/2019

No

76.9

EmotionSpace cáncer de mama

App2

Germany

05/2018

No

75

ChemoWave: For Cancer Patients

App3

USc

10/2018

No

53.6

OWise Breast Cancer

App4

UK

N/Ad

Yes

31.8

My Cancer Coach

App5

US

02/2015

No

23.1

Breast Advocate

App6

Unknown

No privacy policy

N/A

0

Breast Cancer Support

App7

US

09/2019

Yes

78.6

KMBCN

App8

Unknown

No privacy policy

N/A

0

Triple Negative Breast Cancer

App9

US

02/2019

No

34.6

Breast Cancer: Others Like Me

App10

Unknown

No privacy policy

N/A

0

Outcomes4Me

App11

Unknown

11/2018

No

34.6

Boobytrapp: The Breast Cancer App

App12

Singapore

06/2018

No

29.2

The BAPS App Wales

App13

UK

N/A

Yes

69.2

BELONG Beating Cancer Together

App14

Israel

09/2018

Yes

75

Diana

App15

Spain

10/2018

No

40.9

Got Boobs?

App16

US

10/2018

No

26.9

inKind Space

App17

US

N/A

No

25

Cancer Surveillance

App18

Unknown

N/A

No

15

Focalyx

App19

Unknown

No privacy policy

N/A

0

Adrenal Cancer: Others Like Me

App20

Unknown

No privacy policy

N/A

0

How Are You Today? PC

App21

Unknown

No privacy policy

N/A

0

Cancer.Net Mobile

App22

US

07/2019

Yes

50

TNM Cancer Staging

App23

Unknown

No privacy policy

N/A

0

Untire: Beating Cancer Fatigue

App24

Netherlands

N/A

Yes

66.7

Self-Care During Cancer

App25

US

03/2014

No

29.2

CanDi: Cancer Diet App

App26

Unknown

No privacy policy

N/A

0

CancerAid

App27

Australia

N/A

No

42.9

GRYT Health Cancer Community

App28

US

12/2018

No

46.2

Target Ovarian Cancer Symptoms Diary

App29

UK

04/2018

Yes

80.8

Pancreatic Cancer Action: Symptom Tracker

App30

UK

06/2018

Yes

75

My Care Plan (cancer survivor)

App31

Unknown

No privacy policy

N/A

0

GDPR: General Data Protection Regulation.

b

UK: United Kingdom.

c

US: United States.

d

N/A: not applicable.

Assessment of Privacy Policies
We assessed the fairness of the privacy policies of 31 cancer
apps. Surprisingly, as seen in Figure 2A, 29% (9/31) of the
included apps did not have a privacy policy. Thus, we first
determined the presence/absence of a privacy policy according
to different features in the apps. We considered the app type,
the type of cancer, and the number of downloads. A summary
of the analysis is shown in Figure 2. Second, we analyzed
http://mhealth.jmir.org/2020/7/e17134/
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privacy policies according to the obtained score. As specified
in the Methods section, Cat1 (75.0 to 100 points), Cat2 (50.0
to 74.9 points), Cat3 (25.0 to 49.9 points), and Cat4 (0 to 24.9
points). Only 19% (6/31) of apps had a Cat1 privacy policy,
while 4 apps belonged to Cat2. Thus, only 32% (10/31) of apps
scored above 50.0 points in our GDPR-based privacy policy
assessment. The results are shown in Figure 3A, where NPP
means no privacy policy. We also analyzed the fairness of
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17134 | p.748
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privacy policies according to different features in the apps,
considering the app type, type of cancer, and number of
downloads. When assessing fairness, we also considered the
data controller’s country, last privacy policy update, and if the
privacy policy was GDPR-aware. A graphic summary of privacy
scores can be seen in Figure 3 and Figure 4.
Privacy policy fairness of 4 included apps had been previously
analyzed in Benjumea et al [38]: App1, App4, App7, and App12.

Benjumea et al
Despite the minor modifications in the scale for the second
iteration, App4, App7, and App12 did not change their scores
(even though App7 had recently updated its privacy policy).
App7’s score was one of the highest, with 78.6 points. More
remarkable is the case of App1: with a recent update, its score
went from 57.7 to 76.9 points. This indicates a significant effort
to follow GDPR guidelines.

Figure 2. Analysis of privacy policy presence.
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Figure 3. Privacy score summary (part1).
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Figure 4. Privacy score summary (part2).

Assessment of Privacy Policies by App Type
We analyzed the presence of privacy policies according to app
type and found that 75% (12/16) of disease management apps
and 80% (8/10) of support apps had a privacy policy. As seen
in Figure 2B, only 40% (2/5) of disease treatment and
information apps had a privacy policy. Regarding the score,
44% (7/16) of disease management apps were above 50 points.
Only 30% (3/10) of support apps were above 50 points, but all
of them were in Cat1. No data treatment and information app
reached a score of 50. These results are presented in Figure 3B.

Assessment of Privacy Policies by Type of Cancer
Regarding the presence of a privacy policy according to cancer
type, both general cancer apps (9/12, 75%) and breast cancer
apps (11/14, 79%) had better results than prostate cancer (0/2).
However, we consider that only 2 prostate cancer apps are not
representative enough for a further analysis. As for other cancer
apps, 67% (2/3) had privacy policies. Results are displayed in
Figure 2C. In all, 3 of the breast cancer apps and 1 general
cancer app were in Cat1, while the two other type apps that had
a privacy policy were also above 75 points. These results do
not seem to permit the drawing of any definite conclusions about
the relationship between privacy policies and the type of cancer.
Results can be seen in Figure 3C.
http://mhealth.jmir.org/2020/7/e17134/
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Assessment of Privacy Policies by Number of Downloads
Next, we evaluated the relationship between number of
downloads and the presence of a privacy policy. We gathered
apps into 4 groups: 5 to 99 downloads, 100 to 999 downloads,
1000 to 9999 downloads, and more than 10,000 downloads.
The last 3 groups yielded similar results: 80% (4/5), 82% (9/11),
and 73% (8/11), respectively, had a privacy policy. The only
significant difference was observed in apps with 5 to 99
downloads: only 25% (1/4) had a privacy policy. These results
can be seen in Figure 2D. There was, however, a difference in
scores. None of the apps with 5 to 99 downloads reached 50
points. As for apps with 100 to 999 and 1000 to 9999
downloads, only 27% (3/11) and 36% (4/11) of apps,
respectively, were in the first two categories. A total of 60%
(3/5) of apps with more than 10,000 downloads were above 50
points. Thus, we found a clear relationship between the number
of downloads and the average fairness of privacy policies, which
can be observed in Figure 4A.

Assessment of Privacy Policies by Data Controller’s
Country
Three more features were analyzed but only in cases where a
privacy policy was present. The first was the data controller’s
country. We identified 4 groups: EU apps (8), US apps (9), apps
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17134 | p.751
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from other countries (3), and apps from unknown countries (2).
According to our analysis, the fairness of EU privacy policies
was much better than those from the United States, with 75%
(6/8) of EU apps above 50 points, and 4 of them in the first
category. Meanwhile, only 33% (3/9) of US apps were in the
first two categories. Only 33% (1/3) from other countries were
above 50 points. As for the two apps for which the data
controller’s country was unknown, neither reached 50 points.
These results can be seen in Figure 4B.

Assessment of Privacy Policies by General Data
Protection Regulation Awareness
The second feature that was analyzed when a privacy policy
was present was GDPR awareness. When the GDPR was
explicitly mentioned in the app’s privacy policy, 75% (6/8) of
those apps reached the first two categories. Moreover, half of
them reached the first category. When the GDPR was not
mentioned, only 21% (3/14) reached 50 points. Figure 4C
demonstrates this.

Assessment of Privacy Policies by Last Update
Finally, last privacy policy update was evaluated. We identified
4 groups: apps updated after GDPR implementation (May 25,

2018), apps updated after GDPR adoption (April 14, 2016),
apps updated before GDPR adoption, and unknown update date.
In fact, half of the 22 apps with a privacy policy were updated
after GDPR implementation. Two more were updated after
GDPR adoption. We found that 62% (8/13) of the apps updated
after GDPR adoption were in the first two categories.
Meanwhile, only 22% (2/9) of the apps not updated after GDPR
adoption reached 50 points. Thus, update recency seems to be
related to app privacy policy fairness. Figure 4D shows the
results.

Assessment of Privacy Policies by Popularity
Last, we analyzed how popularity affects fairness in privacy
policies. Popularity in an app is often measured by the number
of downloads and the number of stars [45]. Consistent with
previous literature, apps with fewer than 10 ratings were
excluded to avoid unfair ratings [46]. Table 6 shows the scores
for the apps that have been rated more than 10 times, ordered
by their number of stars. Evidently, it is difficult to find any
relationship between popularity and privacy score. The apps
ranked second and third did not even have a privacy policy,
even though App23 had more than 300 ratings. Moreover, App5
was ranked fourth and had a Cat4 privacy score.

Table 6. Assessment of privacy policies by app popularity.
App label

Stars

Ratings

Downloads

Privacy score

App14

4.7

1151

100,000+

75

App26

4.7

60

500+

0

App23

4.6

323

10,000+

0

App5

4.5

86

10,000+

23.1

App1

4.5

63

10,000+

76.9

App24

4.5

60

5000+

66.7

App3

4.4

20

1000+

53.6

App4

4.4

10

1000+

31.8

App22

4.2

227

10,000+

50

App7

4.1

47

1000+

78.6

App27

3.7

25

1000+

42.9

App18

3.7

21

1000+

15

Analysis of Item Compliance
Finally, we analyzed item compliance for the 22 apps with a
privacy policy. Table 7 summarizes the results. We see a
heterogeneous compliance of the different items that we
checked. Only a few of the items mostly complied. Item 7,
showing the recipients of personal data, was satisfied by 95%
(21/22) of apps, while item 4, regarding the purposes of
processing, was satisfied by 91% (20/22) of apps, with the other
two giving partial information. Another item with positive
results was item 1: 77% (17/22) of apps provided the identity
of the data controller, with 3 more apps giving partial
information. The last positive item was item 5. A total of 68%
(15/22) of apps determined a legal basis for the processing.
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Three items showed varied behavior. For item 10, 45% (10/22)
of apps showed the existence of data subject’s rights, with 2
more apps giving partial information. For both items 8 and 9,
36% (8/22) of apps disclosed transfers to other countries and
about the period of personal data storage. Some apps gave partial
information about them.
A negative behavior was observed for the rest of the items. Only
27% (6/22) of apps satisfied items 3 and 13. Item 3 regarded
the DPO’s contact details, while item 13 dealt with the
obligation of providing personal data and the possible
consequences of not providing such data. A total of 6 apps did
not comply with item 11, which regarded the right of
withdrawing consent at any time. However, item 11 was not
applicable in 8 apps, as consent was not a legal basis for data
processing. We determined that 23% (5/22) of apps satisfied
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item 12, the right to lodge a complaint with a supervisory
authority, with 3 more apps giving partial information. Item 6
is quite particular, as it is only applicable when the legitimate
interests of the data controller constitute the legal basis for the
processing. Only 33% (3/9) of apps complied with it, while it
was not applicable in 13 apps. Item 14 was satisfied by only

9% (2/22) of apps. Information about profiling was not available
in most of the cases. Last, none of the 13 apps outside the EU
complied with item 2. The apps outside the EU should provide
the identity of a representative inside the EU. This item was not
applicable to the 9 apps in the EU.

Table 7. Summary of compliance with General Data Protection Regulation items.
Item number

Full information

Partial information

No information

Not applicable

1

17

3

2

0

2

0

0

13

9

3

6

0

16

0

4

20

2

0

0

5

15

0

7

0

6

3

0

6

13

7

21

0

1

0

8

8

7

6

13

9

8

5

9

0

10

10

2

10

0

11

6

0

8

8

12

5

3

14

0

13

6

0

16

0

14

2

2

18

0

Discussion
Principal Findings
This paper proposes a GDPR-based scale for assessing the
fairness of privacy policies. We defined 14 items that provide
developers with a tool to comply with the GDPR, while data
controllers and users can use the scale to obtain a score that
defines the fairness of privacy policies. Countries are really
starting to be concerned about privacy and its implications. This
has led the EU to develop laws that help protect user privacy.
As a result, the GDPR was adopted in April 2016 and
implemented in May 2018. In this study, we developed the
second iteration of our GDPR-based method to assess the
fairness of privacy policies. In this iteration, we refined the
scores and criteria to obtain such scores with the aim of
assessing not only compliance with the GDPR but fairness of
the privacy policies in an objective way. Discrepancies between
researchers have been critically reduced. A percentual score
was defined, with a maximum of 100 points. A low score
indicated not necessarily that an app did not comply with the
GDPR but could indicate a low fairness of its privacy policy.
As privacy is crucial in mHealth and particularly for cancer
patients, we assessed 31 Android cancer apps from Google Play.
In order to foster straightforward interpretation of the results,
we classified scores into four categories according to their
fairness (from most to least fair): Cat1, Cat2, Cat3, and Cat4.
We analyzed the fairness of privacy policies by app type, cancer
type, number of downloads, data controller country, GDPR
awareness, and last privacy policy update.
http://mhealth.jmir.org/2020/7/e17134/
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The first disappointing result was the absence of a privacy policy
in 9 of 31 apps. This means that only 71% of the apps had a
privacy policy. According to the literature, when top mHealth
apps were analyzed, the percentage of apps with a privacy policy
was about 90% [22,23]. However, when the type of app was
selected, results were similar to ours: according to Bondaronek
et al [32], 75% of physical activity apps had a privacy policy,
while in Adhikari et al [33], they found that 69% of depression
and smoking cessation apps had a privacy policy. When the
selection is smaller, results are even worse. O’Loughlin et al
[19] found privacy policies in only 49% of depression apps,
while Sunyaev et al [16] showed that, surprisingly, 31% of
medical or health and fitness apps had privacy policies.
Moreover, when we analyzed the scores according to the type
of app, it was noticeable that disease management apps and
support apps obtained better scores than disease treatment and
information apps. We believe that this is a positive fact, as
disease management apps and support apps handle more
sensitive information about patients.
In the literature, there are two ways to assess privacy. Some
articles evaluated the different apps according to several items,
eventually obtaining a score [27,28,36], while others checked
if the analyzed apps met the criteria they had defined [20,32,37].
Regarding scores, only 45% of apps with a privacy policy that
we assessed had a score greater than or equal to 50%, with an
average score of 50.5 points. Only Hutton et al [15] had a
comparable scoring system. They built a 26-item heuristic to
assess privacy in mHealth apps, although only the first 7 items
dealt with privacy policies. They applied their heuristic to 64
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17134 | p.753
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self-tracking mHealth apps and found an average score of
46.2%, with a high dispersion. Thus, their results are quite in
line with ours.
The most complied-with items were the following: item 1
(identity of data controller), item 4 (purposes for the processing)
and item 7 (recipients or categories of the personal data). Still,
only 45% (5/22) of apps fully informed users about their rights
(item 10) and only 5 fully informed users about their right to
lodge a complaint with a supervisory authority. Finally, it is
interesting that none of the 13 apps whose data controller was
not within the EU informed users of the identity of their
representative in the EU.
It is difficult to find such a complete analysis in the literature,
but some of the items were assessed by different articles. Item
1 was evaluated in Hutton et al [15] and Papageorgiou et al [20],
which were complied with by 75% and 63% of apps,
respectively. Results were similar to our study, where 77% of
apps satisfied this item. Item 1 was also analyzed in Huckvale
et al [22], but results were very different. Only 25% of apps
identified the data controller. Item 3 was also evaluated in
Papageorgiou et al [20], with none of the apps having a DPO.
Our study showed that 27% of apps had a DPO. Item 4 was
assessed in Hutton et al [15] and Minen et al [21]: 61% and
64% of apps complied with this item, respectively, whereas a
better result (91%) was obtained in this paper. Item 7 was
assessed in Hutton et al [15], with 61% of apps stating the
recipients of personal data; 96% of apps makes item 7 the most
complied-with item in our study. Item 9 was evaluated in
Huckvale et al [22]: 32% of apps stated the period for which
personal data will be stored, compared with 36%. In Minen et
al [21], item 10 was analyzed: 36% of apps informed users about
their rights, whereas we obtained a result of 46%. Item 11 was
assessed in Hutton et al [15] and Papageorgiou et al [20]: 55%
and 37% of apps complied with this item, respectively. In our
study, 43% of apps informed users about the right to withdraw
consent. Items 12 and 13 were assessed in Huckvale et al [22]:
32% of apps complied with item 12, and 36% of apps satisfied

Benjumea et al
item 13; 23% and 27% complied with these items in our study.
Finally, Papageorgiou et al [20] evaluated item 14: 58% of apps
informed users about profiling. This result was quite different
from ours: 9% satisfied item 14.
Like other privacy scales [18,19,27], our scale considers each
item to be equally important. In further research, we will work
on the next iteration of the scale, wherein this approach will be
reconsidered. We will evaluate whether using weighted scores
provides a better assessment of the privacy policies of mHealth
apps or only makes the scale more complex without any
additional benefit.

Limitations
This study has some limitations. Some relevant apps may have
been missed during our searches due to limitations of the Google
Play search algorithm. Also, it is possible that developers may
not have included some relevant information in the app
description. As the eligibility assessment was based on app
descriptions in the first search, this lack of information might
have resulted in app exclusion. Only the Spanish version of the
Google Play website was used during the search, and potentially
relevant apps published on other versions of Google Play might
have been excluded. Our study focused on Android apps, and
this restriction also could have introduced a selection bias.

Conclusions
In this paper, we presented an improved version of our
GDPR-based scale for the assessment of the fairness of privacy
policies of mHealth apps. This new version has been
successfully applied in a case study where the privacy policies
of 31 cancer apps were analyzed, yielding results in line with
similar studies. This analysis uncovered a surprising lack of
fairness in these policies. The nature of the data and the concerns
that patients have regarding privacy suggest that it should be a
major concern for developers, users, and data controllers. Thus,
the proposed scale seems to be suitable for evaluating the
fairness of mHealth app privacy policies and for use by
developers to ensure compliance with the GDPR.
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Abstract
Background: In Peru, there is an increase in the creation of mobile health (mHealth) apps; however, this situation could present
problems related to the quality of information these apps share, data security and privacy, usability, and effectiveness, as there
is no specific local regulation about their creation and use.
Objective: The objective of this study was to review mHealth apps created, uploaded, or used in Peru, and perform an analysis
of the national regulatory framework that could be applied to evaluate whether there is a need to develop and implement a specific
regulation to these apps.
Methods: A total of 3 reviews were performed. First, we reviewed information about Peruvian mHealth apps created up to May
2019 from scientific publications, news, government communications, and virtual stores, and evaluated their purpose, creator,
and the available evidence of their usability and effectiveness. The second review was carried out by taking a sample of the 10
most commonly used mHealth apps in Peru (regardless of the country of creation), to evaluate the information they collect and
classify them according to the possible risks that they could present in terms of security and privacy. In addition, we evaluated
whether they refer to or endorse the information they provided. Finally, in the third review, we searched for Peruvian standards
related to electronic health (eHealth) that involve information technology that can be applied to regulate these apps.
Results: A total of 66 apps meeting our inclusion criteria were identified; of these, 47% (n=31) belonged to government agencies
and 47% (n=31) were designed for administrative purposes (private and government agencies). There was no evidence about the
usability or effectiveness of any of these apps. Concerning the 10 most commonly used mHealth apps in Peru, about the half of
them gathered user information that could be leaked, changed, or lost, thus posing a great harm to their users or to their related
patients. In addition, 6/10 (60%) of these apps did not mention the source of the information they provided. Among the Peruvian
norms, the Law on the Protection of Personal Data, Law on Medical Devices, and administrative directives on standards and
criteria for health information systems have some regulations that could be applied to these apps; however, these do not fully
cover all aspects concerning the evaluation of security and privacy of data, quality of provided information, and evidence of an
app’s usability and effectiveness.
Conclusions: Because many Peruvian mHealth apps have issues related to security and privacy of data, quality of information
provided, and lack of available evidence of their usability and effectiveness, there is an urgent need to develop a regulatory
https://mhealth.jmir.org/2020/7/e16753
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framework based on existing medical device and health information system norms in order to promote the evaluation and regulation
of all the aforesaid aspects, including the creation of a national repository for these apps that describes all these characteristics.
(JMIR Mhealth Uhealth 2020;8(7):e16753) doi:10.2196/16753
KEYWORDS
mhealth apps; mHealth; regulatory framework; Peru, eHealth

Introduction
Mobile apps are any software programs that can be downloaded
and executed on a mobile device such as cell phones or tablets
[1]. Since their large-scale introduction approximately 10 years
ago, apps have been greatly developed and diversified, taking
on a leading role in practically all the daily activities that we
carry out [2]. When apps are related to aspects of health, these
are called mobile medical apps [3], mobile apps in health, or
simply apps in health. Such apps are within the technological
branch known as mobile health (mHealth), which is defined as
the practice of public health using mobile devices to improve
health and medical care through new forms of interactive
services that promote wellness, care, prevention, and disease
management [4,5].
mHealth apps are classified into 2 large groups: apps for health
personnel and apps for general public. Those directed at health
personnel can be used for training, consultations, communication
between professionals, referrals, monitoring, or patient
management [6], whereas those aimed at the general public are
related to medication management; symptoms of chronic
diseases; or monitoring of aspects such as weight, obesity,
nutrition, fertility, lactation, and pregnancy [6]. Therefore, the
use of mHealth apps could aid in achieving better disease
control, changing habits, improving the quality of care, allowing
greater access to information [2], reducing costs, avoiding
unnecessary medical consultations, and bringing health services
closer to people.
Nevertheless, the possible risks of the indiscriminate creation
and use of mHealth apps are worrisome [7]. Many studies have
reported limited or inconclusive results regarding their
effectiveness, which is mainly because it is impossible to
formulate a successful and adequate design strategy for medical
apps [8]; or in some cases, the effect achieved cannot be
attributed solely to the use of these apps [9]. In addition, doubts
have been raised about the quality of the information they
provide that would be used for promotion of health, prevention
of diseases, or in some cases, even management and treatment
of diseases. Finally, there has been an increasing interest in
evaluating the data privacy and security policies of those apps,
which when left unmonitored pose a huge risk to their users
[10]. To manage these situations, some international institutions
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such as the US Food and Drug Administration (FDA) and the
European Union (EU) have developed standards and norms to
regulate the development and use of mHealth apps [3].
In Peru, given the steady increase in the rate of access to mobile
phones in the last few years, a need arose to promote the
development of mHealth apps, as in other developing countries
[11], through different strategies such as hackathons (ie,
meetings for collaborative development) [12] and funding calls
to support information and communications technology projects
by public and private institutions [13]. However, it remains
unknown whether the current Peruvian norms adequately
regulate aspects related to the creation and use of mHealth apps
or whether there is a need to implement a specific regulatory
framework for this purpose. Therefore, in this study, we review
all mHealth apps created and published in Peru and perform an
analysis of the current Peruvian norms that could be applied for
their regulation, in order to evaluate whether there is a need to
implement a specific mHealth regulatory framework.

Methods
Overview
A total of 3 reviews were performed up to May 2019. The first
was a review of mHealth apps created in Peru, the second was
a review on mHealth apps most used, and the third was a study
on the Peruvian regulatory aspects that could be applied to
mHealth.

Review of Mobile Apps Created in Peru
Data Sources
A search for information about Peruvian mHealth apps was
performed on scientific publications, gray literature, and app
stores. For the scientific literature review, the following
databases were searched: PubMed, SciELO, Scopus, IEEE
Xplore, and Web of Knowledge (Web of Science); for the gray
literature search, we reviewed newspapers, reports of research
institutes and nongovernmental organizations, thesis, conference
proceedings, and websites (identified through Google Search);
and concerning medical apps published in virtual app stores,
we searched only Google Play and Apple Store, as most
smartphones used in Peru run on either Android or iOS (Table
1).
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Table 1. Search strategy.
Search strategy/Review employed

Data sources

Scientific literature review

•

Bibliographic database and search engines: PubMed, SciELO, Scopus, IEEE Xplore, Web of
Knowledge (Web of Science), Google Scholar, and Google Search.

Gray literature

•

•
•
•
•

Peruvian National Digital Repository of Science, Technology and Innovation, Library of Theses
and Dissertations (ALICIA)
Newspapers: Correo, El Comercio, El Peruano, Expreso, Primera, Razón, La Republica, Gestión,
Ojo, and Perú21
Websites: gob.pe/minsa, dge.gob.pe, web.ins.gob.pe, nongovernmental organizations
Proceedings from related conferences
Not-for-profit organizations websites
Blogs and other networks

•
•

Google Play: medical apps
Apple App Store: medical apps

•

Virtual mobile app stores

Search Methods
To search mHealth apps on app stores, the following search
terms in Spanish were included: health, Perú, Peruvian, disease,
patient care, drugs, pharmacy, insurance, self-care, Clinics,
Hospitals, MINSA, DIGESA, INS, SuSalud, EsSalud, DIRESA,
and SIS.
For the search in scientific and gray literature, we used 30
keywords in Spanish and English to identify apps published up
to May 9, 2019. These keywords included the following:
•

•

Peru-related keywords: related to Peru or Peruvian
institutions. For example, Peru, Ministry of Health (or its
acronym in Spanish MINSA), National Institute of Health
(or its acronym in Spanish INS).
Health-related keywords: Related to apps associated with
providing health services for education, prevention,
diagnosis, or treatment purposes. For example, patient care,
self-care, health services, diagnosis.

•

Mobile technology–related keywords: Related to the use
of mHealth technology. For example, mobile, mHealth,
app, mobile software.

Additional details about the search algorithms used are presented
in Multimedia Appendix 1.

Eligibility Criteria
The eligibility criteria were as follows: only apps published in
Spanish and with evidence that they were created in Peru were
studied. For this purpose, we reviewed information about each
app available on the information section of app stores and
verified if these were related to Peruvian Institutions (eg, INS,
MINSA) or to Peruvian companies or clinics (eg, MAPFRE
Perú, Inkafarma, Clinica San Pablo) or if their developers were
Peruvian. Apps that were not published openly or that were
only used for internal studies and those that could not be
accessed to assess their characteristics were discarded (Figure
1).

Figure 1. Flowchart of Peruvian mobile medical app research.

https://mhealth.jmir.org/2020/7/e16753

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16753 | p.760
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Screening Process
The screening process for identifying apps meeting our inclusion
criteria on mobile app stores (Google Play and Apple Store),
scientific databases (for scientific literature) and Google Search
(for gray literature) was performed by 2 independent authors
(LRM and DHEH). To describe the main characteristics of these
apps, the authors documented each app’s name, entity that
created it, year of last update, description of its functionalities,
type of use, target audience, and if there was any evidence of
efficacy. A third author compiled a database based on the
information provided by the 2 authors, eliminating duplicated
information and evaluating if the identified apps and related
literature meet our eligibility criteria.

Review of the Most Used mHealth Apps in Peru
Considering that the Android operating system is used by
approximately 89.5% of the population in Peru, we searched
for the 10 most downloaded mHealth apps in Peru on the Google
Play Store. Apps were chosen based on app market statistics
from analytical platforms such as App Annie [14] and
SimilarWeb [15], which were reviewed in May 2019. For each
app, security and privacy aspects were evaluated through the
tool proposed by Dehling et al [16], which has shown good
reliability. This tool allows one to evaluate the kind of
information collected by mHealth apps, defining whether they
are medical or nonmedical apps, and whether they leak, modify,
or provide user information to third parties. Thus, we evaluated
whether these apps represent a high, low, or no risk to the users,
irrespective of whether they were intended to be used by the
general public or the health care personnel who might collect
patient data. In this study, this tool was applied by 2 independent
researchers (JS-V and SE-A) and if there was a doubt it was
solved by either consensus or the participation of a third
researcher. Additional details about the structure and results
obtained using this tool are described in Multimedia Appendix
2.
We also evaluated if these apps had a disclaimer, and whether
they declared the terms of use and privacy policies. The quality
of the information for each app was assessed by evaluating if
it had references, mentioned where the source of information
came from, or presented any evidence that the information was
accurate. To evaluate all these aspects, we first installed the
app, verified all kinds of information required by the app, and
then reviewed their terms and conditions of use if these were
available.

Review of the Legal and Regulatory Aspects Related
to mHealth in Peru
Peruvian laws and regulations in the area of digital health were
reviewed to understand which current legal standards apply or
could apply to medical apps. The search terms used in this
review were the same as those used in the previous one. The
search was performed on Portal de Estrategia Digital, which
is a web platform designed by the Peruvian Ministry of Health
that displays all the contents related to the health information
and communications technology norms of Peru [17].
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Specifically, we looked for all norms that regulate aspects
related to the quality of information provided by health systems,
information security, and protection of personal data, as we
considered these to be the main aspects that could represent an
adequate scenario for the use of mHealth technologies in a useful
and safe manner in our country.

Data Analysis
All the statistical analyses were performed through the Statistical
Package Stata version 14.0 for Windows (StataCorp). We
performed a descriptive analysis of the characteristics of
mHealth apps created in Peru, and evaluated the security and
privacy aspects of the 10 most commonly used mHealth apps
in Peru. All the quantitative results were presented as categorical
data through frequencies and proportions.

Results
Mobile Medical Apps Created in Peru
We analyzed mHealth apps created in Peru and updated within
the last 5 years. A total of 66 apps were found, of which almost
half (31/66, 47%) were created by government agencies. The
general characteristics are presented in Figure 2. Only 35%
(23/66) of these apps could be installed and run on both Android
and iOS. In particular, none of the apps created by government
agencies (such as Ministry of Health, National Institute of
Health; National Health Superintendence) could be run on Apple
iOS. Most apps were aimed at the general public for
administrative purposes or to provide information on
health-related issues.
Concerning the purpose, we identified 4 categories of apps: (1)
those created for administrative purposes related, for example,
to schedule and manage appointments, pay for health services,
field work management, digital health cards; (2) those created
to provide information, for example, about the location of health
facilities, insurance status, pharmaceutical products, prices, or
food composition; (3) those created with the aim of educating,
for example, to promote psychological education, or share
virtualized books, care guides, and health advices; and finally,
(4) those related to telehealth functions to facilitate the offering
of virtual and distant communication services among health
personnel. The full list of apps is summarized in Multimedia
Appendix 3.
We did not find any publications, reports, or articles that provide
information on how well the apps work, based on their purpose
(effectiveness), how they are perceived by the users (usability),
the source of the information they provided, updating frequency,
or other mechanisms to ensure the quality of information these
apps provide.
Besides the 66 apps we found, it is important to mention that
in the scientific literature, there were also other mobile medical
apps that were created in Peru, but these were used only for
research purposes. Ruiz et al [18] discussed 4 mHealth
interventions in Peru, but their apps were not published openly.
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Figure 2. Characteristics of the mobile medical apps created in Peru in the last 5 years (n=66).

Table 2 presents data on the 10 most downloaded medical apps
in the Peruvian territory. All of them were from private
institutions or independent creators. The most downloaded apps
were for telehealth services for either symptoms assessment or
communication with health professionals. As much as 6 of the
10 apps were aimed at the general public to answer health
questions, inform about illnesses, and to monitor conditions
such as menstruation and pregnancy. Among the apps aimed at
health professionals were those used to consult information
about pharmaceutical products, disease codes, and medical
concepts.

doctor, allergies, menstrual cycle, or pregnancy; and 4 of 10
(40%) collected information about sexual history, pregnancy
status, or the presence of current illnesses; however, these 4
apps leaked user data and thus could cause embarrassment or
affect the employment prospects of their users. In addition, 40%
(4/10) of these apps collect information whose loss could cause
potential harm to their users (mainly apps that provide telehealth
services or estimate conditions/diseases). Finally, 4 of the apps
ask for information about the date of birth and contact
information (eg, ID in social network, email, or phone number)
that are invaluable to third parties, for example, to sell products.
Half of these apps did not mention whether security protocols
are followed to protect the information they collect (Table 3).

Concerning the privacy and security aspects of the 10 most
downloaded mHealth apps in Peru, which were evaluated using
the tool proposed by Dehling et al [16], we found that 5 of 10
(50%) collected medical information such as symptoms, history,

Regarding the quality of information provided by these apps,
only 4 mentioned the source of the information provided. The
others neither had any bibliographical references nor mentioned
if a health professional participates within the operating team.

Most Used mHealth Apps in Peru
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Table 2. Top 10 most downloaded medical apps in the Peruvian territory as of May 2019.
Rank

App

App rating (stars)

Description

1

Ada – Tu guía de
salud

4.7

Ada, your health guide. Ada can help you get General Public
accurate health reports. Ada will evaluate your
symptoms and, in an instant, will give you
relevant information and the next steps to take.

Telehealth service

2

Chat Médico
mediQuo

4.5

Make your consultations to specialized doctors General public
in an easy and simple way and through your
smartphone. Chat with our doctors and specialists who will answer questions instantly.

Telehealth service

3

Vademecum Perú

3.8

The app allows access to information on
medicines, laboratories, pathologies, interactions, pharmacological index, and therapeutic
index. It gathers all the relevant information
related to pharmaceutical products.

Health personnel

Provide information

4

CIE10 Español

4.3

This app contains the entire International
Classification of Diseases (ICD-10) in one
place.

Health personnel

Provide information

5

Calendario Menstrual

4.7

An app that helps and assists women in moni- General public
toring their periods, cycles, ovulation, and the
possibility of pregnancy (fertile days).

Management purposes

6

Mi Calendario de
Embarazo

4.8

Get detailed information about your baby’s
General public
development in each week of pregnancy. It includes daily information about pregnancy,
feeding advice, control of weight gain per
month and belly growth, weight gain calculator, and much more.

Information/management
purposes

7

Anatomy Learning 4.6
- 3D Atlas

Real-time 3D Atlas. Dissect and learn anatomy. General public

Education

8

Disorder & Diseases Dictionary

Medical dictionary that provides more than
1000 definitions of diseases.

Provide information

9

Medical Terminol- 4.4
ogy Dictionary

This dictionary of medical terms includes more Health personnel
than 10,000 entries with anatomical, pathological, diagnostic definitions, etc.

Provide information

10

Diagnósticos de
Enfermería

Nanda Nursing Diagnostics 2018-2020

Provide information
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4.7

4.4 stars

Target audience

General public

Health personnel

Purpose
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Table 3. Aspects of security, privacy, and quality of the information in the 10 most downloaded medical apps in Peru (data as of May 2019).
Aspects

Apps, n (%)

Security and privacya
Specificity: Health specificity of information available to apps
Standard

4 (40)

Nonstandard

1 (10)

Medical

5 (50)

Leaks: Potential damage through information leaks
None

6 (60)

Low

0 (0)

High

4 (40)

Change: Potential damage through manipulation (change) of information
None

1 (10)

Low

1 (10)

High

8 (80)

Loss: Potential damage through loss of information
None

4 (40)

Low

2 (20)

High

4 (40)

Value: Value of information to third parties
None

4 (40)

Low

2 (20)

High

4 (40)

Quality of information

a

Include a disclaimer to report limitations

5 (50)

Mention the source of the provided information

4 (40)

Mention how often the information is updated

0 (0)

Analyzed using the security and privacy assessment tool for mHealth apps proposed by Dehling et al [16].

Legal and Regulatory Aspects Related to mHealth in
Peru
Among the Peruvian norms related to electronic health (eHealth)
and health information technology services that could be applied
to Peruvian mHealth apps, we found the following laws.

application, material or another similar article provided to be
used either alone or in combination with human beings for
functions of [20]:
•
•

Law No. 29733: Law on the Protection of Personal Data
It establishes that “one of the rights that all people have is the
right to have their personal data protected, so that such
information would not be used in a way that harms them,
threatening the dignity and integrity of the people” [19].
Therefore, the necessary guarantees must be given to control
the use of personal data, regardless of how they are used.
mHealth apps developed in Peru have the obligation to comply
with such provisions.

Law No. 29459: Law of Pharmaceutical Products,
Medical Devices, and Health Products
The law defines a medical device as any instrument, device,
implement, machine, reagent, in vitro calibrator, computer
https://mhealth.jmir.org/2020/7/e16753
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•
•
•
•

Diagnosis, prevention, monitoring, treatment, or relief of
a disease.
Diagnosis, monitoring, treatment, relief, or compensation
of an injury.
Research, replacement, or modification of the anatomy or
a physiological process.
Support or maintenance of life.
Control of conception.
Disinfection of medical devices.

Although this law does not specifically mention mobile app, it
does mention that any computer application that declares any
of these functions as intended use will be considered a medical
device. It is requested that in order to approve a medical device,
it must have an approval from a foreign entity (such as the FDA)
or follow a national approval process.
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Administrative Directive No. 230: Administrative
Directive That Establishes the Standards and Technical
Criteria for the Development of Health Information
Systems
This administrative directive is only for establishments and
dependencies of the Ministry of Health [21]. It aims to establish
standards for the development of information systems and
mentions that health sector information systems could be of 2
types:
1.

2.

Administrative information systems that integrate data from
administrative processes and procedures such as planning,
budgeting, logistics, finance, human resources, and
Health information systems that integrate data on the
processes and procedures involved in people’s health; health
insurance; epidemics and health emergencies; environmental
health and food safety; health intelligence; pharmaceutical
and medical products, medical devices, and pharmaceutical
establishments; human resources in health; infrastructure
and sanitary equipment; and health research and
technologies.

Law No. 30421: Telehealth Framework Law
Telehealth has been regulated in Peru since 2016 and its
definition was recently modified according to Legislative Decree
1303 [22]. It is defined as the provision of distance health
services by trained health personnel. The Law defines 4 areas
of Telehealth app: Telemedicine, Telemanagement, Teletraining,
and TeleECI (education, communication, and information to
the general population). Telehealth regulations so far do not
specifically mention the use of mobile apps as a tool or
component necessary to achieve the objectives.

Discussion
Summary of Evidence
According to our results, there are many issues on mHealth apps
created in Peru with regard to security and privacy of data,
quality of information provided, and evidence of their
effectiveness that need to be evaluated and regulated. Because
the current Peruvian norms do not fully cover all these aspects,
there is a need to create and implement a specific Peruvian
regulatory framework to mHealth apps.

Characteristics of Peruvian mHealth Apps and Need
for Their Regulation
Security and Privacy Aspects
Concerning the security and privacy aspects, we found that 40%
(4/10) of the most used mHealth apps in Peru included data
whose manipulation, leak, or loss could induce potential harm
or damage to their users, for example, affecting their reputation
and employment prospects or misorient aspects related to their
personal health care. Despite this issue, we found that many of
these apps do not clearly mention how the data they collect will
be used in their terms and conditions policies. In addition, the
information related to the security and privacy aspects of these
apps is usually presented in long texts with complex structures,
so most users would likely accept these terms and conditions
https://mhealth.jmir.org/2020/7/e16753
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without reviewing them [23,24]. In this context, there is a need
to ensure that all apps include a plan or strategy to avoid or
prevent the change, leak, or loss of information (either provided
or asked) as well as implement other security and privacy
features of personal data management according to the Peruvian
norms.

Quality of Information
Concerning the quality of information presented, we found that
among the most used mHealth apps in Peru, only about half
report the source of information they provide; notably, none of
them reported whether this information is regularly updated.
This could represent a potential risk to users of these apps, as
most apps are oriented toward general public that do not have
enough background to evaluate the quality of information they
receive. Indeed, one study showed that about 30%-40% of
Peruvian adult population do not have adequate knowledge and
competence to access, understand, and apply information
received about health topics [25]. This situation suggests the
need to ensure that all of these apps include the references used
to elaborate the information they provide, or at least indicate
that this information is provided by health professionals or
subject matter experts.

Evidence of Usability and Effectiveness
We found that none of the Peruvian mHealth apps available on
app stores have been evaluated in published scientific studies
about their usability and effectiveness. Usually the quality of
these apps is evaluated in the app stores by a 5-star rating system
and reviews from their users that give an indication about their
usability, which is then used as a feedback to their developers
to improve the characteristics of these apps. However, this
information does not necessarily reflect the actual effectiveness
of these apps in relation to their mentioned purpose of use. In
this context, there is a need to consolidate a list of mHealth apps
that provide information not only about the user’s satisfaction
level (star rating) but also about the studies that support their
effectiveness in relation to their mentioned purpose.
In addition, we found that none of Peruvian mHealth apps that
have been evaluated in scientific studies or developed in
technology innovation events was currently available on app
stores. This is likely because these apps were developed for
research purposes and their developers may not have the
intention or capabilities to continue their use for commercial
purposes which could sustain their development and use in the
future. In this context, it is important for business incubators,
founders, or interested companies to identify these apps and
support their developers until these apps could be made
sustainable.

Proposal of a Legal Framework About Peruvian
mHealth Apps
The Experience of the FDA
In the United States, the US FDA published in February 2015
a guide that details how it regulates mHealth apps [3]. According
to this, the FDA only regulates medical apps that meet the
following definition of a medical device: (1) Those that are
intended to be used as accessories for a medical device (eg,
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
extension of a vital signs monitor or an app that controls an
infusion pump); and (2) Those that transform a mobile platform
into a medical device by including accessories (eg, app that
connects a glucose strip so that the mobile phone functions as
a glucometer) and by providing a specific diagnosis or treatment
(eg, apps that provide a diagnosis when monitoring clinical
parameters).
It is important to mention that this control is determined by the
intended use that the app declares. For this, it uses a risk-based
approach (from level I [low risk] to level III [high risk]). Among
the examples of major risks (level III), it is worth mentioning
apps such as arrhythmia detector or electrocardiogram or blood
pressure measurement system. Examples of low-risk apps are
those linked to electronic medical records, patient self-care, and
patient communication with their health care provider.

The Experience of the European Union
In Europe, the EU, like the FDA, regulates the use of mHealth
apps if these are considered medical devices. According to the
EU regulation, an mHealth app can be a medical device if it
contemplates the intention of being used by people with at least
one of the following purposes: (1) diagnosis, prevention, control,
treatment, or relief of a disease; (2) the diagnosis, control,
treatment, relief, or compensation of an injury or deficiency;
(3) examination, replacement, or alteration of the anatomical
structure or a physiological process; and (4) contraception. In
this situation, a same app with different purposes may or may
not considered a medical device according to its use; however,
its design, use, and data collection policies should adhere to the
proper medical device regulations of EU.
EU regulations propose that the use of medical devices in
Europe do not need state approval; however, they must comply
with the so-called Essential Safety and Performance
Requirements of the European Medical Device Directive, which
varies according to the potential risk of the product [26].
Therefore, they need technical documentation that contains a
report on risk analysis and a clinical evaluation. In addition, the
EU states are in charge of monitoring the product continuously
after commercialization. According to these regulations, medical
devices are classified into 4 categories based on risk level: class
I risk (low-risk potential), class IIa (medium risk potential),
class IIb (higher risk), and class III (particularly high-risk
potential) [27].

Proposed Regulatory Framework
Considering all aforementioned aspects, a regulatory framework
for mHealth apps in Peru could be based on the current Peruvian
regulations with certain considerations according to international
experiences.
As proposed by international regulatory agencies, the main step
to regulate mHealth apps would be to determine whether they
meet the definition of a medical device [28,29]. For this, we
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could use the Law of Medical Devices (Law No. 29459) which
points out that all medical devices in Peru must obtain the
approval of a foreign entity (eg, the FDA) or follow a national
approval process (which since its implementation in 2017,
despite multiple requests, has only managed to register a few).
This is an important issue because it must be decided whether
every mobile app needs a comprehensive approval, or as
international agencies do, whether each kind of risk requires its
own form of approval.
In addition, as the environment of the mHealth apps experiences
constant innovation and re-design, the legal framework should
include a not-so-exhaustive list of the characteristics of Peruvian
mHealth apps considered as medical devices and also those that
are not in order to provide clarity and assistance in decision
making. This list should include characteristics such as security
and privacy aspects, the quality of information provided, and
the existence of available evidence (preferably, published in
scientific journals) about the usability and effectiveness of these
apps [30].
Apps that do not meet the definition of a medical device must
also be regulated. The FDA stresses the importance of long-term
monitoring of apps that are not considered medical devices,
such as those designed to help patients to control their disease,
those that help organize health information, and those that help
to access information. In Peru, mHealth apps that are not
considered medical devices could be considered as an
information system and thus could be regulated by
Administrative Directive 230, which establishes the technical
standards and criteria for health information system–based apps
created by public institutions.
Unlike Law No. 29459, whose scope applies to the entire
national territory, Directive 230 only applies to establishments
of the Ministry of Health, so it would be necessary to create a
regulation whose scope applies to the entire national level,
irrespective of the health subsector the app belongs to.

Conclusions and Recommendations
In Peru, the rapid increase of the use of mobile technology in
health has led to a widespread creation of mHealth apps.
However, their use presents a risk to users, as there are lack of
strategies or norms to manage security and privacy aspects,
quality of information provided, and available evidence about
their usability and effectiveness. Given that in Peru the existing
norms do not exhaustively cover all these aspects, we
recommend the formulation and promulgation of a legal
framework specific to mHealth apps based on international
models and current national legislation. It should include the
creation of a national repository of mHealth apps that provides
information related to the aspects discussed in this work. In the
same way, we suggest performing studies that evaluate the use
and impact of these apps on patients and health professionals,
to establish their associated benefits and risks.
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Abstract
Background: Rheumatoid arthritis (RA) is a disabling, inflammatory joint condition affecting 0.5%-1% of the global population.
Physical activity (PA) and exercise are recommended for people with RA, but uptake and adherence tend to be low. Smartphone
apps could assist people with RA to achieve PA recommendations. However, it is not known whether high quality,
evidence-informed PA apps that include behavior change techniques (BCTs) previously identified as effective for PA adherence
are available for people with RA.
Objective: This study aims to systematically identify apps that include goals to facilitate PA for adults with RA and assess app
quality and content for the inclusion of relevant BCTs against recommendations for cardiorespiratory, resistance, flexibility, and
neuromotor PA and exercise.
Methods: A systematic search of the Apple App Store and Google Play Store in the United Kingdom was conducted to identify
English language apps that promote PA for adults with RA. Two researchers independently assessed app quality (mobile app
rating scale [MARS]; range 0-5) and content (BCT Taxonomy version 1, World Health Organization, the American College of
Sports Medicine, and the European League against Rheumatism recommendations for PA). The completeness of reporting of PA
prescription was evaluated using a modified version of the Consensus on Exercise Reporting Template (CERT; range 0-14).
Results: A total of 14,047 apps were identified. Following deduplication, 2737 apps were screened for eligibility; 6 apps were
downloaded (2 on the Apple App Store and 4 on the Google Play Store), yielding 4 unique apps. App quality varied (MARS
score 2.25-4.17). Only 1 app was congruent with all aspects of the PA recommendations. All apps completely or partially
recommended flexibility and resistance exercises, 3 apps completely or partially advised some form of neuromotor exercise, but
only 2 offered full or partial guidance on cardiorespiratory exercise. Completeness of exercise reporting was mixed (CERT scores
7-14 points) and 3-7 BCTs were identified. Two BCTs were common to all apps (information about health consequences and
instruction on how to perform behavior). Higher quality apps included a greater number of BCTs and were more closely aligned
to PA guidance. No published trials evaluating the effect of the included apps were identified.
Conclusions: This review identifies 4 PA apps of mixed quality and content for use by people with RA. Higher quality apps
were more closely aligned to PA guidance and included a greater number of BCTs. One high-quality app (Rheumatoid Arthritis
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Information Support and Education) included 7 BCTs and was fully aligned with PA and exercise guidance. The effect of apps
on PA adherence should be established before implementation.
(JMIR Mhealth Uhealth 2020;8(7):e18495) doi:10.2196/18495
KEYWORDS
rheumatoid arthritis; physical activity; exercise; mobile applications; behavior change techniques; mobile phone

Introduction

can support adherence to PA and evidence to support the
effectiveness of these apps are required.

Background

Recommendations suggest that the safety, quality, and content
of self-management apps (including PA apps) for people with
RA should be considered during all stages of development,
evaluation, and implementation [25]. Features such as
engagement, esthetics, functionality, and information quality
should be assessed using reliable tools, such as the mobile app
rating scale (MARS) [26]. Content should be evaluated for (1)
BCTs using a recognized framework (eg, BCT Taxonomy
version 1, BCTT v1) [27], (2) congruence with
evidence-informed recommendations on PA (eg, World Health
Organization and the European League against Rheumatism)
[3,5] and exercise (eg, American College of Sports Medicine)
[4,6,28], and (3) described using standardized reporting formats
such as the Consensus on Exercise Reporting Template (CERT)
[7,29].

Rheumatoid arthritis (RA) is a disabling, autoimmune
inflammatory condition that affects 0.5% to 1% of the global
population [1,2]. Evidence-informed guidelines recommend
physical activity (PA) and exercise for people with RA tailored
to an individual’s baseline PA level, disease activity, and
symptoms. PA prescriptions comprise exercise type (ie,
cardiorespiratory, resistance, flexibility, or neuromotor training),
the number of sets/repetitions, load and/or intensity, recovery
time/method of progression, and frequency and duration of
exercise sessions [3-7].
However, people with RA tend not to meet the recommended
levels of PA [8,9], and there are several barriers that can make
changing PA behavior challenging for people with RA without
appropriate support and guidance [8-11].
Interventions that target the factors that influence adherence to
PA using behavior change techniques (BCTs; ie, strategies that
help an individual change their behavior) can improve PA levels
and health outcomes [12-14]. Many people with RA would like
help to increase their PA from health care professionals [9], but
interventions can be difficult to implement due to lack of time,
resources, and/or the limited number of appropriately trained
health care professionals [15-17]. Consequently, novel methods
of delivering interventions that can be tailored for people with
RA are needed to support adherence to PA.
With the rapid increase in the availability of mobile apps [18],
the development and use of high-quality apps may be a
promising approach to support people with RA to reach
evidence-informed PA recommendations. However, appraisals
of apps for RA symptom monitoring and self-management,
including PA, suggested that app quality and content were
heterogeneous and they did not consistently provide
evidence-based management strategies or include validated
symptom measures [19-22]. Apps were seldom developed in
collaboration with people with RA or clinicians, and older adults
often found them difficult to use [21-23].
The effects of digital interventions on PA adherence in people
with RA are unclear. A systematic review of randomized
controlled trials (4 trials; n=492 participants) found limited
evidence of an effect of interactive digital interventions (ie,
interactive information and communication technologies to
support behavior change, such as online fora) on PA adherence
in people with RA or juvenile idiopathic arthritis [24]. Trials
included 3 to 9 BCTs [24]. No quality rating of the interactive
digital interventions using standardized measures was conducted.
Thus, the systematic identification and evaluation of apps that
http://mhealth.jmir.org/2020/7/e18495/
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RenderX

Objectives
This study aims to systematically identify and evaluate the
quality and content of publicly available mobile apps aiming
to support the uptake of and adherence to PA in people with
RA.

Methods
Protocol and Registration
The review protocol was developed a priori by a team consisting
of physiotherapists, rheumatologists, and health psychologists
with experience in conducting systematic reviews, evaluating
mobile health apps, PA, and behavior change interventions. The
protocol was not eligible for registration on the International
Prospective Register of Systematic Reviews (PROSPERO) as
PROSPERO does not register reviews of apps.

Data Sources
Where possible, this review followed the Preferred Reporting
Items for Systematic Review and Meta-Analyses (PRISMA)
guidelines for reporting systematic reviews [30].
Systematic individual searches of the Google Play (Samsung
Galaxy
s8
operating
G950FXXS4DSD3/
G950FOXM4DSBA/G950FXXS4DSD3 software with Android
version 9) and Apple App Store (iOS 12.3.1 software operating
on iPhone 7) were conducted on June 19 and 20, 2019.
Key search terms for RA, PA, and exercise were identified from
the literature [22,24] and refined by all coauthors. Search terms
were used in isolation and combination to search for all relevant
apps (Table 1).
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To ensure that all potentially relevant apps were captured,
searches for rheumatoid arthritis and arthritis were also
conducted in the United Kingdom National Health Service app

library and the Apple App Store in New Zealand, Australia,
Canada, and United States using the fnd website [31].

Table 1. Key search terms used for identifying mobile apps targeting physical activity in people with rheumatoid arthritis.

a

Search terms

Rheumatic

Physical activity

RAa

Arthritis

Rheumatoid arthritis

Inflammatory arthritis

Rheumatic physical ac- Arthritis physical activity
tivity

RA physical ac- Rheumatoid arthritis
tivity
physical activity

Inflammatory arthritis
physical activity

Exercise

Rheumatic exercise

Arthritis exercise

RA exercise

Rheumatoid arthritis
exercise

Inflammatory arthritis
exercise

Walking

Rheumatic walking

Arthritis walking

RA walking

Rheumatoid arthritis
walking

Inflammatory arthritis
walking

Strength

Rheumatic strength

Arthritis strength

RA strength

Rheumatoid arthritis
strength

Inflammatory arthritis
strength

Fitness

Rheumatic fitness

Arthritis fitness

RA fitness

Rheumatoid arthritis
fitness

Inflammatory arthritis
fitness

Training

Rheumatic training

Arthritis training

RA training

Rheumatoid arthritis
training

Inflammatory arthritis
training

Running

Rheumatic running

Arthritis running

RA running

Rheumatoid arthritis
running

Inflammatory arthritis
running

RA: rheumatoid arthritis.

App Selection

the app name as a search term. The review of search results was
stopped after the first 50 irrelevant results.

Eligibility Criteria

Quality Appraisal of Individual Apps

Deduplication based on app store title and description (provided
in the read more section in the app) was conducted by 2
independent reviewers (R1 and R2), and potentially eligible
apps were downloaded on one or both devices, where possible.
The information section for each potentially suitable app was
reviewed against the eligibility criteria. Inclusion criteria
comprised (1) a smartphone-based app available in at least one
app store; (2) targeted at adults (≥18 years) with RA as users
specifically, (3) focused on promoting uptake and adherence to
PA or exercise, and (4) available in English. Apps were excluded
if they (1) targeted people with a condition other than RA, (2)
were solely for use by health care practitioners, and (3) were
specific clinic, congress/conference, or product apps. No cost
restrictions were applied and full app content was purchased,
if required.

The quality of the included apps was assessed using the simple
and reliable MARS [26]. A total of 23 items were rated on a
5-point Likert scale (1=inadequate to 5=excellent) and
summarized into 4 categories: engagement (5 items),
functionality (4 items), esthetics (3 items), information quality
(7 items), and a subjective quality scale (4 items). The mean
score for each category and the MARS total score (the mean of
the 4 category scores excluding subjective quality scale) was
calculated (maximum score=5). Item 19 of the MARS, evidence
base, was excluded from all calculations because no apps had
been studied in clinical trials, as specified by Stoyanov et al
[26].

Data Items and Extraction
Data extraction was conducted by 2 independent reviewers (R1
and R2) using a data extraction tool developed a priori. Each
app was used for at least 10 min. The following app
characteristics were extracted: app name, platform, version,
developer, stakeholder involvement in app development, size,
star rating, number of installs, privacy policy statements, and
medical product status. The availability of published trials
evaluating app efficacy or effectiveness was checked on
developer websites and by searching electronic databases (last
search in June 2019) using the search strategy described in our
systematic review to synthesize the evidence for the
effectiveness of mobile apps designed to enhance adherence to
PA
for
people
with
inflammatory
arthritis
(PROSPEROCRD42019129341) [32]. In addition, searches in
Google, Google Scholar, and PubMed were undertaken using
http://mhealth.jmir.org/2020/7/e18495/
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Content Analysis of Individual Apps
PA and exercise recommendations for people with RA were
evaluated (yes, partial, or no) for congruence with
evidence-informed guidance for cardiorespiratory, resistance,
flexibility, and neuromotor PA [3-6]. This three-point scale
reflected the format of the checklists used to assess the fidelity
of rehabilitation and exercise intervention delivery [33-35].
Apps were considered to be fully aligned with the guidance if
they included details of exercise type, intensity (eg, load, sets,
repetitions), frequency, and time/duration of exercise/sessions
(yes), partially aligned with guidance if they included at least
one of these parameters (partial) and not aligned with the
guidance if they did not include any of these parameters (no).
Content was assessed against the PA guidance that was most
appropriate for the age and exercise experience of the target
user for each app.
Guidance indicates that adults (aged 18 to 64 years) should
perform ≥150 min of cardiorespiratory exercise at moderate
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intensity or 75 min of vigorous/high-intensity activity or an
equivalent combination per week in bouts ≥10 min. Adults who
are novice (ie, unaccustomed to exercise) or intermediate (ie,
some experience of exercise) exercisers should also perform
between 2 and 4 sets of resistance exercises (8 and 12 repetitions
per set) at a moderate/hard intensity (ie, 60% to 70% of one
repetition maximum) for each major muscle group on at least
two days per week. However, experienced exercisers (ie,
engaged in habitual exercise) should work at a hard or very hard
intensity (ie, ≥80% one repetition maximum). Exercises to
increase or maintain flexibility are advised at least twice per
week for a minimum of 10 min. Each stretch should be held to
the point of tightness or slight discomfort for 10 to 30 seconds
up to a total of 60 seconds of stretching time per exercise. Adults
with poor mobility and balance are advised to perform 20 to 30
min of neuromotor exercises (eg, balance, agility, coordination,

proprioceptive exercise training, or multifaceted activities such
as yoga) on at least two days per week to enhance physical
function, balance, and prevent falls [3-5].
Guidelines for older adults (≥65 years) and adults between 50
and 64 years with long-term conditions are similar, although
activities should be tailored to health and disease status, baseline
fitness, and initially comprise very light or light intensity
resistance exercises (ie, 40% to 50% of one repetition maximum)
and stretches of a 30- to 60-second duration [3,5,6].
The CERT is a reliable, 16-item (7 domain) specification to
evaluate the reporting of exercise interventions (Table 2)
[7,29,36]. Each item was rated (yes=1, no=0, or not applicable)
and summed to produce a total CERT score. It was not possible
to score items 11 or 16; therefore, the maximum possible CERT
score was 14 [7,29].

Table 2. Abbreviated item description for the Consensus of Exercise Reporting Template.
Item category and item number

Abbreviated item description

What
1

Description of type of exercise equipment

Who
2

Description of qualifications/expertise/training of instructor

How
3

Description of whether exercises are performed individually or in a group

4

Description of whether exercises are supervised/unsupervised

5

Description of the measurement/reporting of adherence to exercise

6

Description of motivational strategies

7

Decision rules for determining exercise progression and how exercise was progressed

8

Description of each exercise to enable replication (eg, illustrations, photos)

9

Description of any home programme component

10

Description of any nonexercise component

11

Description of the type/number of adverse events that occurred during exercise

Where
12

Description of exercise setting

When, how much
13

Description of exercise intervention and dosage

Tailoring
14

Description of whether exercises are generic or tailored to the individual

15

Decision rule for starting level of exercise

How well
16

Description of whether the exercise is delivered and performed as planned

Two postgraduate physiotherapy students (R1 and R2)
independently assessed app quality using the MARS and PA
and exercise content for congruence with evidence-informed
recommendations and reporting using the CERT. Discrepancies
were resolved by discussion and another assessor acted as an
arbiter if required. As recommended by the MARS developers,
assessors received training on applying the MARS by viewing
the MARS training video [26,37] and bespoke training to assess
http://mhealth.jmir.org/2020/7/e18495/
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app content for congruence with PA recommendations and
completeness of reporting by a member of the CERT
development group [7].
Before rating the included apps, the assessors evaluated up to
5 randomly selected apps (identified in the search but previously
excluded from the analysis) and discussed their results to ensure
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The BCTT v1 is a comprehensive and reliable tool that consists
of 93 distinct BCTs that can be used to identify specific active
components of behavioral interventions [27]. It is used to design
and retrospectively evaluate behavioral health interventions,
such as PA [38].
Two postgraduate health psychologists (R3 and R4) completed
the training for applying the BCTT v1 before independently
coding BCTs in the included apps [27]. Discrepancies were
resolved by discussion, and another rater acted as an arbiter if
required.

Statistical Analysis
Interrater reliability using an intraclass correlation coefficient
(ICC) was calculated using IBM SPSS version 25.0 (two-way
random-effects model of absolute agreement between single
ratings). Scores <0.5 were considered poor agreement, moderate
reliability (0.5-0.75), good reliability (0.75-0.9), and excellent
reliability (>0.9) [39].

Results
App Selection
The systematic search identified 14,047 apps (UK Google Play
Store n=11,750 and Apple App Store n=2297). No further apps
were identified from the United Kingdom National Health
Service app library and the Apple App Store in the United
States, New Zealand, Australia, or Canada.
Following deduplication, 2737 app titles and descriptions were
screened and 6 apps (Google Play Store n=4 and Apple App
Store n=2) met the eligibility criteria, yielding 4 unique apps
(Rheumatoid Arthritis Information Support and Education
[RAISE], Paddison program, Knee pain relieving exercises,
Rheumatoid arthritis diet—to ease pain; Figure 1). Two apps
(Knee pain relieving exercises and Rheumatoid arthritis diet—to
ease pain) were exclusively available on the Google Play Store,
and 2 apps were available on both platforms (RAISE and
Paddison program; Figure 1).

Figure 1. Flow diagram illustrating the process of mobile app selection.
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Characteristics of the Included Apps
The characteristics of the included apps are detailed in Table
3. A total of 3 apps were developed by or in conjunction with
people with RA (RAISE and Paddison program) or clinicians
(RAISE and Knee pain relieving exercises). Apple App store
star ratings of included apps ranged from 2 (RAISE on Android)
to 5 stars (RAISE on iOS), although the number of ratings was
generally low (Knee pain relieving exercises n=140 and
RAISE-iOS n=1 ratings). All mobile apps were free to
download. The Paddison program app required a payment of

US $69 to access the Paddison program resources and daily
videos for 12 days (essential package). A fee of US $99
provided access to all content, that is, Paddison program
resources, 12 daily videos, and additional updated video/website
content (advanced healing package).
The apps had been installed 500 (RAISE on Android) to 50,000
(Knee pain relieving exercises) times. None of the included
apps had a medical product status. No published trials evaluating
the effect of the included apps were identified.

Table 3. Characteristics and quality rating of mobile apps targeting physical activity in people with rheumatoid arthritis.

a

App

Knee pain reliev- Rheumatoid arthritis RAISEa
ing exercises
diet—to ease pain

A platform

Androidb

Androidb

Android

iOS

Android

iOS

Developer

Dr Kavin Khatri

TP Topics

Publicis Dublin

Publicis Dublin

Paddison program

Paddison program

Stakeholder involvement in
app development

Clinician

N/Ac

Patient organization and clinicians

Patient organization and clinicians

Patient represen- Patient representative
tative

Version

1.0.0

1.1.2

1.1.2

1.0.0

1.2.0

2.1.0

Size, MBd

4.84

16.27

10.18

18.90

36.31

48.80

Star rating (number of ratings)

4.0 (140)

3.0 (3)

2.0 (2)

5.0 (1)

4.4 (8)

—e

Number of installations

>50,000

>1000

>500

—

>1000

—

Privacy policy statement
(yes/no)

Yes

Yes

Yes

Yes

Yes

Yes

Medical product status
(yes/no)

No

No

No

No

No

No

Peer-reviewed publications
(yes/no)

No

No

No

No

No

No

MARSf-engagement

2.00

2.40

3.90

3.90

3.70

3.70

MARS-functionality

4.50

3.12

4.38

4.38

3.88

3.88

MARS-esthetics

2.33

3.00

4.33

4.33

3.66

4.00

MARS-information

2.83

2.83

4.08

4.08

3.33

3.33

MARS-subjective

1.88

2.84

3.25

3.25

2.00

2.00

MARS-total

2.92

2.83

4.17

4.17

3.64

3.73

Paddison program

RAISE: Rheumatoid Arthritis Information Support and Education.

b

Apps not available on the iOS platform.

c

N/A: not applicable.

d

MB: megabytes.

e

Data not available.

e

MARS: mobile app rating scale.

Quality Appraisal of the Included Apps
The MARS total score ranged from 2.83 (Rheumatoid arthritis
diet—to ease pain) to 4.17 (RAISE), indicating variation in app
quality (Table 3). The esthetics category showed the greatest
variability (2.30 for Knee pain relieving exercises to 4.33 for
RAISE). A total of 3 of the 4 apps (Knee pain relieving
exercises, Rheumatoid arthritis diet—to ease pain, and RAISE)
scored their highest MARS score for the functionality category
and their lowest MARS score for the engagement category. The
http://mhealth.jmir.org/2020/7/e18495/
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Paddison program achieved its highest score for esthetics on
the iOS platform but not the Android platform. This is because
some items (eg, logos) were distorted or not visible on the
Android platform. The Paddison program achieved its lowest
score for the information quality category on both platforms.
Only 1 app (RAISE) was rated >4 out of 5 for the MARS total
score and achieved the highest score in all categories (ie,
engagement, esthetics, information, subjective) except
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functionality. The Knee pain relieving exercise app scored
highest for functionality.
The interrater reliability for the MARS indicated excellent
agreement for all subscales: engagement (ICC 0.96; 95% CI
0.71-0.99), functionality (ICC 0.92; 95% CI 0.01-0.99), esthetics
(ICC 1.00 absolute agreement), information (ICC 0.95; 95%
CI 0.64-0.99), subjective (ICC 0.98; 95% CI 0.83-0.99), and
the MARS total score (ICC 0.99; 95% CI 0.92-0.99).

Content Analysis of the Included Apps
The content of the included apps is summarized in Tables 4 to
6. All apps completely or partially recommended flexibility and
resistance exercises. Three apps completely or partially advised

some form of neuromotor exercise (Rheumatoid arthritis
diet—to ease pain, RAISE, and Paddison program). Two apps
offered full or partial guidance on cardiorespiratory exercise
(Rheumatoid arthritis diet—to ease pain and RAISE; Table 4).
Only 1 app (RAISE) was congruent with all aspects of the
evidence-informed PA recommendations. However, the RAISE
app recommended 30 min of cardiorespiratory exercise daily
(equivalent to 210 min per week), which is in excess of the
minimum weekly PA recommendations.
The Rheumatoid arthritis diet—to ease pain app was primarily
focused on providing dietary advice but also recommended all
types of PA. It was rated as partially adhering to the guidance
because PA dosages were not specified.

Table 4. Congruence with evidence-informed recommendations in mobile apps targeting physical activity in people with rheumatoid arthritis.

a

Physical activity and exercise recommen- Knee pain relieving exercises
dations

Rheumatoid arthritis diet—to ease RAISEa
pain

Paddison program

Cardiorespiratory exercise

No

Partial

Yes

No

Resistance exercise

Partial

Partial

Yes

Partial

Flexibility exercise

Partial

Partial

Yes

No

Neuromotor exercise

No

Partial

Yes

Partial

RAISE: Rheumatoid Arthritis Information Support and Education.

Completeness of exercise reporting in apps using CERT is
summarized in Table 5. All apps offered information on the (1)
exercise format (individual, unsupervised, or home-based), (2)
the potential positive benefits of exercise as a motivational
strategy, and (3) nonexercise advice (eg, lifestyle or medication).
All apps specified some form of guidance for exercise
progression, although the parameters for exercise progression
did not always align with guidance. All apps, except Rheumatoid
arthritis diet—to ease pain, provided details of (1) the exercise
equipment required; (2) the qualification/training of the exercise
instructor; and (3) descriptions, adaptations, and dosage of the
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exercises. Two apps offered decision rules to help users
determine an initial exercise dose (RAISE and Paddison
program). One app (RAISE) offered the option to document
exercise adherence.
The RAISE app reported all types of PA completely and
achieved the maximum possible score (14 out of 14). The
Rheumatoid arthritis diet—to ease the pain app achieved the
lowest CERT score (7 out of 14), predominantly because it did
not explicitly report PA dosages. Interrater reliability for CERT
scoring was good (ICC 0.796; 95% CI 0.806-0.933).
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Table 5. Physical activity and exercise reporting in accordance with the Consensus of Exercise Reporting Template in mobile apps targeting physical
activity in people with rheumatoid arthritis.
Knee pain relieving exercises Rheumatoid arthritis diet—to ease pain

RAISEa

Paddison program

Yes

No

Yes

Yes

Yes

No

Yes

Yes

3

Yes

Yes

Yes

Yes

4

Yes

Yes

Yes

Yes

5

No

No

Yes

No

6

Yes

Yes

Yes

Yes

7

Yes

Yes

Yes

Yes

8

Yes

No

Yes

Yes

9

Yes

No

Yes

Yes

10

Yes

Yes

Yes

Yes

11

N/Ab

N/A

N/A

N/A

Yes

Yes

Yes

Yes

Yes

No

Yes

No

14

Yes; tailored

Yes; generic

Yes; tailored

Yes; tailored

15

No

No

Yes

Yes

N/A

N/A

N/A

N/A

12

7

14

12

Items and item number
What
1
Who
2
How

Where
12
When and how much
13
Tailoring

How well
16
Total Score
a

RAISE: Rheumatoid Arthritis Information Support and Education.

b

N/A: not applicable.

The apps included between 3 (Rheumatoid arthritis diet—to
ease pain) and 7 (RAISE and Paddison program) BCTs. Two
BCTs were identified in all apps (instructions on how to perform
behavior and information about health consequences; Table 6).
Credible source was present in all apps but the Paddison
program. All apps included demonstration of behavior apart
from the Rheumatoid arthritis diet—to ease pain app. The
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RAISE and Paddison program apps both included 7 BCTs. Five
of these BCTs were common to both apps (instruction on how
to perform behavior, information about health consequences,
demonstration of behavior, goal setting, and social comparison).
Only the RAISE app included self-monitoring of behavior. The
interrater reliability for BCTs was good (ICC 0.874; 95% CI
0.799-0.921).
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Table 6. Behavior change techniques included in mobile apps targeting physical activity in people with rheumatoid arthritis.
Behavior change techniques

a

Knee pain relieving exercises Rheumatoid arthritis diet—to ease RAISEa
pain

Paddison program

Instruction on how to perform behav- Yes
ior

Yes

Yes

Yes

Information about health consequences

Yes

Yes

Yes

Yes

Demonstration of behavior

Yes

No

Yes

Yes

Credible source

Yes

Yes

Yes

No

Goal setting behavior

No

No

Yes

Yes

Social comparison

No

No

Yes

Yes

Graded task

Yes

No

No

Yes

Self-monitoring behavior

No

No

Yes

No

Generalization of target behavior

No

No

No

Yes

Framing/reframing

No

No

No

Yes

Total number

5

3

7

7

RAISE: Rheumatoid Arthritis Information Support and Education.

Discussion
Principal Findings
This is the first systematic identification, quality appraisal, and
content analysis of widely available PA and exercise apps for
people with RA. Up to June 20, 2019, there were only 4 unique
apps that met our inclusion criteria available on iOS and/or
Android platforms. The quality and content of the included apps
varied considerably and did not always align with PA
recommendations. Notably, higher-quality apps tended to
include a greater number of BCTs and most closely aligned to
PA recommendations. The highest quality app (RAISE) was
the only app to explicitly report PA prescriptions aligned to
evidence-informed recommendations for people with RA and
embedded the highest number of BCTs.
Despite guidance for the development and evaluation of mobile
apps [25,40], the quality ratings of the apps included in our
review were mixed. This finding is consistent with reviews of
publicly available rheumatology self-management apps [20-22]
and apps targeting PA and exercise in the general population
[41,42]. For example, Simoes et al [43] identified 51
moderate-quality PA apps for use by the general population
(MARS total score 3.16 to 4.41) with the functionality and
esthetics domains scoring most highly. This is broadly similar
to our findings and suggests that the included apps were
intuitive, logical to follow, easy to learn and navigate, which is
particularly important for people with RA who may have fatigue
or hand and wrist disability [44,45]. However, the apps achieved
lower ratings for information quality and engagement and to
optimize utility, app content should be high quality, interesting,
simple to understand, and have the option to be tailored with
user data [25].
The RAISE app was the only app that fully and explicitly
reported PA prescription that aligned to all evidence-informed
recommendations for people with RA. This may be because the
http://mhealth.jmir.org/2020/7/e18495/
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RAISE app was the only app to be developed in conjunction
with both clinicians and people with RA; thus, concordance
with evidence-based guidelines and the acceptability and user
experience of people with RA were likely to be considered from
inception.
Even though the RAISE app was rated as congruent with all
PA guidance, it recommended a weekly duration of
cardiorespiratory PA in excess of the minimum dosage stated
in the guidelines, which may be inappropriate for novice
exercisers with RA. Interestingly, the RAISE app had the lowest
number of installs and number of user ratings, suggesting that
it is not widely used by people with RA. This may be because
people with RA were unaware of the app or because they found
the PA recommendations to be too ambitious and unacceptable.
The other apps did not completely align with PA
recommendations, similar to other research [41,42]. Common
reasons for apps not completely adhering to the PA guidance
were the lack of or incorrect specific PA dosages (eg, sets,
repetitions). For example, the Rheumatoid arthritis diet—to
ease pain app recommended all PA types but did not provide
specific PA dosages so was only partially congruent with the
guidance. This may be because the primary focus of this app
was dietary advice.
PA prescription may need to be modified for people with RA
[3,4,6] and some apps offered a reduced starting dose or
suggested ways to tailor exercises or exercise progression.
However, these recommendations did not always align with
guidance. Incomplete or unclear PA prescriptions maybe
confusing to users who are novice exercisers, and inappropriate
prescriptions may impact users’ engagement and adherence
with PA and compromise PA effectiveness or safety [7].
All apps included some BCTs that may promote adherence to
PA, and the higher-quality apps included a greater number of
BCTs. No app contained more than 7 BCTs, which is similar
to the findings of reviews of apps targeting PA in the general
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population [41,43,46,47]. Although the optimum number of
BCTs needed to support PA adherence is not known, a recent
systematic review including 8 randomized controlled trials
(1018 participants) found that interventions with less than 7
BCTs were most effective at enhancing adherence to exercise
in people with persistent musculoskeletal pain [48]. In addition,
there was a moderate level of evidence that 5 BCTs (social
support [unspecified], goal setting [behavior], instruction of
behavior, demonstration of behavior, and behavior
practice/rehearsal) supported PA adherence [48]. Two of the
higher-quality apps in our review included 3 of these 5 BCTs
adding evidence-based integrity, although the effectiveness of
these apps has not been investigated.

Methodological Considerations
The strengths of this review include the comprehensive search
of both the UK Google Play Store and Apple App Store. This
was complemented by a search of the United Kingdom National
Health Service app library and the Apple App Store in the
United States, Canada, New Zealand, and Australia. No new
apps were identified, suggesting that all English language apps
were captured. However, this review only focuses on publicly
available apps for use by people with RA, so we may not have
captured apps primarily designed for research.
Where possible, we followed rigorous processes that were
aligned to PRISMA guidelines [30]. Two reviewers
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independently screened identified apps for eligibility, extracted
data, and rated the quality and content of the apps using
standardized tools. Interrater reliability was good or excellent,
which lends confidence to our findings. App quality was
assessed with the widely used MARS [21,22,26]. However, the
MARS rating is subjective, and people with RA may have
different perceptions of the app features to our assessors, who
did not have RA.
Notably, it is possible to reset star ratings in the iOS app store
when new app versions are released. It is not known if the star
ratings extracted at the time of our appraisal refer to overall or
current app versions ratings. However, all included apps have
limited versions, so the impact of this on our findings is likely
to be minimal. Finally, no evaluation of the content of the
privacy policies of included apps was completed, so we do not
know whether the policy adequately protects users’ rights.
This comprehensive review of PA apps for people with RA
identified 4 apps of mixed quality and content. Higher quality
apps more closely aligned to PA guidance and included a greater
number of BCTs previously shown to promote PA. The RAISE
app was the highest quality app. Future apps should be
rigorously developed with key stakeholders, and include
evidence-based PA guidance and BCTs, to optimize their
acceptability and impact on PA. Robustly designed research
into the effect of apps on PA adherence is crucial before
implementation.
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Abstract
Background: The large number of available cancer apps and their impact on the population necessitates a transparent, objective,
and comprehensive evaluation by app experts, health care professionals, and users. To date, there have been no analyses or
classifications of apps for patients with genitourinary cancers, which are among the most prevalent types of cancer.
Objective: The objective of our study was to analyze the quality of apps for patients diagnosed with genitourinary cancers using
the Mobile Application Rating Scale (MARS) and identify high-quality apps.
Methods: We performed an observational cross-sectional descriptive study of all smartphone apps for patients diagnosed with
genitourinary cancers available on iOS and Android platforms. In July 2019, we searched for all available apps for patients with
genitourinary cancers (bladder, prostate, cervical, uterine, endometrial, kidney, testicular, and vulvar) or their caregivers. Apps
were downloaded and evaluated, and the general characteristics were entered into a database. The evaluation was performed by
2 independent researchers using the MARS questionnaire, which rates 23 evaluation criteria clustered in 5 domains (Engagement,
Functionality, Esthetics, Information, and Subjective Quality) on a scale from 1 to 5.
Results: In total, 46 apps were analyzed. Of these, 31 (67%) were available on Android, 6 (13%) on iOS, and 9 (20%) on both
platforms. The apps were free in 89% of cases (41/46), and 61% (28/46) had been updated in the previous year. The apps were
intended for prostate cancer in 30% of cases (14/46) and cervical cancer in 17% (8/46). The apps were mainly informative (63%,
29/46), preventive (24%, 11/46), and diagnostic (13%, 6/46). Only 7/46 apps (15%) were developed by health care organizations.
The mean MARS score for the overall quality of the 46 apps was 2.98 (SD 0.77), with a maximum of 4.63 and a minimum of
1.95. Functionality scores were quite similar for most of the apps, with the greatest differences in Engagement and Esthetics,
which showed acceptable scores in one-third of the apps. The 5 apps with the highest MARS score were the following: “Bladder
cancer manager,” “Kidney cancer manager,” “My prostate cancer manager,” “Target Ovarian Cancer Symptoms Diary,” and
“My Cancer Coach.” We observed statistically significant differences in the MARS score between the operating systems and the
developer types (P<.001 and P=.01, respectively), but not for cost (P=.62).
Conclusions: MARS is a helpful methodology to decide which apps can be prescribed to patients and to identify which features
should be addressed to improve these tools. Most of the apps designed for patients with genitourinary cancers only try to provide
data about the disease, without coherent interactivity. The participation of health professionals in the development of these apps
is low; nevertheless, we observed that both the participation of health professionals and regular updates were correlated with
quality.
(JMIR Mhealth Uhealth 2020;8(7):e17609) doi:10.2196/17609
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Introduction

genitourinary cancers, although MARS is the most widely
recommended.

Genitourinary cancers represent 25% of all types of cancer [1].
For men, the most commonly diagnosed cancers are prostate
cancer and bladder cancer, while for women, cervical cancer
and uterine cancer are the most common [2]. Although these
cancers are leading causes of death, recent advances in diagnosis
and therapy have led to significant improvements in the overall
survival of these patients [1].

The objective of our study was to analyze the quality of apps
for patients diagnosed with genitourinary cancers using the
MARS scale to identify high-quality apps.

The chronification of many genitourinary cancers and the special
features of newer treatments, such as oral anticancer agents and
immunotherapy, have also changed the profile of patients with
this type of cancer [3-5]. As a result of the more exhaustive
amount of information that patients and relatives need to know
about the characteristics of the disease and treatment, there are
new challenges for improving communication between patients
and caregivers, and greater opportunities for contact with health
care professionals. In this regard, information and
communications technologies, especially mobile apps and
remote assistance services [6-8], could help to improve the
autonomy and communication options of these patients [9].

We performed an observational cross-sectional descriptive study
of all smartphone apps for patients diagnosed with genitourinary
cancers available on the iOS and Android platforms.

Currently, more than 200 health apps are released daily, and in
the last 2 years, the number of available apps has doubled to
reach more than 300,000 [10]. This development, which has
not been specifically regulated, has led to the diffusion of some
poor-quality apps [11,12]. Apps are downloaded from one of
the operating system stores (“Play Store” for Android and “App
Store” for iOS), where they are valued based on only 2 criteria
(ie, the number of downloads and the user ratings) [13,14]. They
are nonspecific search engines that do not enable the user to
apply filters to assess their disease, the purpose of the app, or
the quality of the app [6]. Consequently, searching for
high-quality information is becoming even more difficult, with
the result that the user downloads apps of uncertain reliability
that are likely not the most appropriate option for his/her needs
[15-17]. This aspect is particularly important for patients with
cancer, where receiving poor-quality information may have a
negative impact on prognosis [18].
The large number of available health care apps and their impact
on the population necessitates a transparent, objective, and
comprehensive evaluation by app experts, health care
professionals, and users [15,19,20]. There are several methods
to evaluate the quality of health apps. The most appropriate for
use in online stores where patients can search and contrast health
care apps is the Mobile Application Rating Scale (MARS). This
tool provides a simple, quantitative, and validated system that
enables rapid evaluation with little variation [12,13,21]. The
number of apps for patients with cancer is continuously
increasing owing to the availability of new information,
requirements for communication, and the empowerment of
patients who wish to participate in their care [5,9]. However,
there is no standardized methodology for the classification,
assessment, and validation of apps for patients with
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Methods
Study Design

Our study followed a methodology to select the apps and
adhered to the PRISMA (Preferred Reporting Items for
Systematic review and Meta-Analysis Protocols) guidelines
[22]. In July 2019, a search was conducted in the App Store
(iOS) and Play Store (Android) within the categories “medicine”
and “health and fitness.” The terms used in this search were the
following: “bladder cancer,” “kidney cancer,” “testicular
cancer,” and “prostate cancer” for urological tumors and
“reproductive cancer,” “endometrial cancer,” “cervical cancer,”
“uterine cancer,” “ovarian cancer,” and “vulvar cancer” for
gynecological tumors.
Once the search was completed, all available information on
the platform was analyzed, and only apps that were in English
or Spanish and intended for patients and caregivers were
selected. For this study, we excluded apps aimed specifically
at health care professionals, those for charitable purposes or
without scientific content, and those not specific to genitourinary
cancers. Apps that met the indicated criteria were downloaded
and evaluated, regardless of cost. The iOS apps were
downloaded to an iPhone 8 (version 12.3.2) and the Android
apps were downloaded to a Xiaomi Mi A1 (version 9.0).

Characteristics and Content of the Apps
The general characteristics of the applications were entered into
a database. Recorded characteristics included the name, platform
(Android or iOS), cost (€), category (medicine and health and
fitness), date of the last update, language, and target type of
cancer. The content of the applications was classified into 1 of
3 categories according to its purpose: informative, preventive,
and diagnostic. Furthermore, any information about the
participation of health professionals in the app design or
development was included. Qualified professionals were
considered to have contributed to the app contents if the app
had been developed by health care organizations such as local
health authorities, universities, scientific societies and
foundations, and hospitals.

MARS Evaluation
The quality of the apps was then assessed using MARS. This
methodology includes 23 evaluation criteria, clustered within
5 domains: (1) “Engagement,” which assesses the entertainment,
customization, and interactivity of the app (feedback, reminders,
and notifications); (2) “Functionality,” which examines the
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17609 | p.783
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functionality of the app, ease of use, transition between screens,
and intuitive design; (3) “Esthetics,” which assesses graphic
design, visual appeal, and stylistic consistency; (4)
“Information,” which evaluates the quality of the content (text,
measures, and references), determined by the credibility of the
source; and (5) “Subjective quality,” which determines whether
the app could be recommended to people who might benefit
from it, if they would be prepared to pay for it, how many times
it would be used, and what overall star rating it would be given.
Each evaluation criterion was rated from 1 to 5 (1=Inadequate,
2=Poor, 3=Acceptable, 4=Good, 5=Excellent) [12,13,22]. The
MARS evaluation was carried out by 2 independent researchers
with experience in app design and development and familiarity
with genitourinary cancers. After all the evaluation criteria were
scored, the mean score of the domains was calculated to obtain
the total mean MARS score, which describes the overall quality
of the app.

Amor-García et al
The quantitative variables were described using mean and
standard deviation. The categorical variables were described
using frequencies and percentages. The numerical variables
were compared using the t test. A weighted Cohen κ test was
performed to guarantee the reliability of those data analyzed by
2 independent observers, and the joint probability agreement
(estimated as the percentage of times the raters agreed on an
item) was measured. Results with a P value <.05 were
considered statistically significant. Data were analyzed using
Stata (version IC-15, StataCorp LLC).

Results
Study Design
The app search provided a total of 1055 apps, of which 51 were
finally downloaded (Figure 1).

Figure 1. Study flowchart. MARS: Mobile Application Rating Scale.

Characteristics and Content of the Apps
At the time of the MARS evaluation, 5 of those 51 applications
had been removed from the store or could not be opened, leading
http://mhealth.jmir.org/2020/7/e17609/
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to a final total of 46. Of these, 31 (67%) were available on
Android, 6 (13%) on iOS, and 9 (20%) on both platforms. Most
of the apps (89%, 41/46) were free, with only 5 apps (11%,
5/46) requiring payment (mean cost of €3.51 [US $3.98], SD
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1.21). The general characteristics of the apps are shown in Table
1. Table 2 describes the characteristics of the apps.
Most of the apps were informative (63%, 29/46), followed by
preventive (24%, 11/46) and diagnostic (13%, 6/46). Only 7 of
the 46 apps (15%) were developed by health care organizations,
which included 3 scientific societies (43%), 3 universities (43%),
and 1 hospital (14%). Regarding the type of cancer, 27/46 (59%)
were intended for patients with urological cancers and 21/46

Amor-García et al
(47%) for those with gynecologic cancers. Apps for urological
cancers were intended for prostate cancer in 14/46 apps (30%),
testicular cancer in 7/46 (15%), bladder cancer in 4/46 (9%),
and kidney cancer in 2/46 (4%). Gynecologic cancers were
represented by cervical cancer in 9/46 apps (20%), ovarian
cancer in 8/46 (15%), uterine cancer in 2/46 (4%), endometrial
cancer in 2/46 (4%), and vulvar cancer in 1/46 (2%). One app
contained information on cervical, testicular, and ovarian cancer.

Table 1. General characteristics of the apps.
Characteristics

Apps, n (%)

Platform
Android

31 (67)

Android/iOS

9 (20)

iOS

6 (13)

Cost
No

41 (89)

Yes

5 (11)

Category
Medicine

26 (57)

Health and fitness

20 (43)

Year of the last update
2014

1 (2)

2015

3 (7)

2016

2 (4)

2017

12 (26)

2018

28 (61)

Language
English

43 (94)

Spanish

2 (4)

English/Spanish

1 (2)
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Table 2. Characteristics of the apps analyzeda.
Name of the app

Type of cancer

Purposeb
I

Ball Checker

Testicular

Best Prostate Cancer
Treatment

Prostate

✓

Bladder cancer (Bedie- Bladder
man)

✓

P

Platform
D

iOS

Android

✓

✓

✓

✓
✓
✓

Bladder cancer manager Bladder

✓

Free

Updated in
the last year

Developed by a
Languagec
health organization
E

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Cancer cervix fact

Cervical

✓

✓

✓

Cáncer de cuello uterino

Cervical

✓

✓

✓

✓

Cáncer de ovarios

Ovarian

✓

✓

✓

✓

Cancer de prostata
(Anastore)

Prostate

✓

✓

✓

✓

Cancer de prostata (Pen Prostate
Drouzi)

✓

✓

✓

Cancer de RIÑON

Kidney

✓

✓

✓

✓

Cáncer de vejiga

Bladder

✓

✓

✓

✓

Cáncer testicular
(Anass apps)

Testicular

✓

✓

✓

✓

Cancer testicular (Expert Health Studio)

Testicular

✓

✓

✓

✓

✓

Cancer testicular
(Health Advice Ideas)

Testicular

✓

✓

✓

✓

✓

Cancer testicular (Pen
Drouzi)

Testicular

✓

✓

✓

✓

✓

Cáncer uterino

Uterine

✓

✓

✓

Cervical cancer (Bedie- Cervical
man)

✓

✓

✓

✓

✓

Cervical cancer (Natural health care)

Cervical

✓

✓

✓

✓

✓

Cervical cancer
(Nougat spring)

Cervical

✓

✓

✓

✓

✓

✓

✓

Cervical cancer (Person- Cervical
al Remedies LLC)

✓

Common causes of cer- Cervical
vical cancer

✓

✓

✓

✓

✓

✓

✓

✓

✓
✓

El cancer de vulva

Vulvar

✓

✓

✓

Endometrial cancer
(Bedieman)

Endometrial

✓

✓

✓

✓

✓

Endometrial cancer
Endometrial
(online Global Groups)

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Global Pap App

How to prevent ovarian Ovarian
cancer
IPCRC (Prostate Ca
Calculator)

Prostate

itsaMANTHINGProstate cancer

Prostate
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Name of the app

Type of cancer

Amor-García et al
Purposeb
I

My prostate cancer
manager

Prostate

✓

OddBalls-Check Yourself

Testicular

✓

Ovarian

Prostate cancer (Dinatale)

Prostate

✓

✓
✓

✓

Ovarian cancer (Person- Ovarian
al Remedies LLC)

✓

✓
✓

✓

✓
✓

Prostate cancer (Person- Prostate
al Remedies LLC)

✓

Prostate Cancer Calcula- Prostate
tor

✓

Prostate PRO-Tracker

Prostate

✓

✓

ProstateCheck

Prostate

✓

✓

Reproductive cancers

Ovarian, cervical, ✓
testicular

Rotterdam Prostate
Cancer Risk

Prostate

Target Ovarian Cancer
Symptoms Diary

Ovarian

Treat prostate cancer

Prostate

Updated in
the last year

Developed by a
Languagec
health organization
E

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓
✓

✓

✓
✓
✓

✓

✓

✓
✓
✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓
✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Treating bladder cancer Bladder

✓

✓

✓

✓

✓

Ways to treat uterine
cancer

✓

✓

✓

✓

✓

Uterine

✓

✓

✓

✓

S

✓

✓

✓

✓
✓

Free

Android

✓

Prostate

Ovarian cancer symptoms diary

iOS

✓

My Cancer Coach

Ovarian Cancer Aware- Ovarian
ness

D

✓

Kidney cancer manager Kidney

a

P

Platform

✓

✓

✓

✓

✓
✓

In apps with the same name, the developer is indicated in parentheses.

b

I: informative; P: preventive; D: diagnostic.

c

E: English; S: Spanish.

MARS Evaluation
The mean MARS score for the overall quality of the 46 apps
was 2.98 (SD 0.77), with a maximum of 4.63 and a minimum
of 1.95 (Table 3).
The Functionality scores were similar for most of the apps. The
apps provided adequate and rapid movement between the
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screens and menus. The greatest differences were found in the
Engagement domain because of deficiencies in areas such as
customization and interactivity. Similar differences were found
in the Information domain because of the visual explanation
and evidence base. The Esthetics domain showed acceptable
scores in one-third of the apps; this was associated with a greater
update rate and visual appeal.
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Table 3. Mobile Application Rating Scale scores of the evaluated apps out of 5a.
Name of app

Engagement

Functionality

Esthetics

Information

Subjective
quality

Overall

Bladder cancer manager

4.60

4.63

4.83

4.57

4.50

4.63

Kidney cancer manager

4.60

4.63

4.83

4.57

4.50

4.63

My prostate cancer manager

4.60

4.63

4.83

4.57

4.50

4.63

Target Ovarian Cancer Symptoms Diary

4.10

4.75

4.83

3.93

3.63

4.25

My Cancer Coach

4.10

4.63

3.67

4.50

4.25

4.23

Rotterdam Prostate Cancer Risk

3.20

4.63

3.67

4.43

3.25

3.83

ProstateCheck

3.40

4.88

3.50

3.36

3.25

3.68

Ball Checker

3.50

4.25

3.67

4.21

2.75

3.68

Prostate PRO-Tracker

3.40

4.75

3.67

4.21

2.88

3.64

Global Pap App

2.90

4.88

3.67

3.71

3.00

3.63

OddBalls - Check yourself

3.30

3.88

3.50

4.00

3.25

3.59

Prostate Cancer Calculator

3.80

4.63

2.00

3.71

3.5

3.53

itsaMANTHING-Prostate Cancer

2.60

4.88

3.17

3.71

3.13

3.50

Endometrial cancer (online Global
Groups)

2.60

4.63

3.50

3.29

3.25

3.45

Prostate cancer (Dinatale)

2.50

4.63

3.67

3.64

2.38

3.36

IPCRC (Prostate Ca Calculator)

2.50

4.88

3.50

2.71

3.00

3.32

Treating bladder cancer

2.50

4.50

3.67

3.29

2.63

3.32

Ovarian Cancer Symptoms Diary

2.90

4.38

3.17

3.14

2.88

3.29

Cáncer de prostata (Pen Drouzi)

1.90

4.50

3.50

3.36

2.25

3.10

Cáncer testicular (Pen Drouzi)

1.90

4.50

3.50

3.36

3.25

3.10

Cervical cancer (Nougat spring)

2.20

4.75

2.50

2.93

2.75

3.03

Best Prostate Cancer Treatment

2.40

4.00

3.33

3.21

2.13

3.02

Bladder cancer

2.10

4.63

3.00

2.86

2.38

2.99

Cervical cancer (Personal Remedies LLC) 3.20

2.25

3.50

2.86

1.88

2.74

Ovarian cancer (Personal Remedies LLC) 3.20

2.25

3.50

2.86

1.88

2.74

Prostate cancer (Personal Remedies LLC) 3.20

2.25

3.50

2.86

1.88

2.74

Cancer testicular (Expert Health Studio)

1.80

3.50

3.33

3.14

1.63

2.68

Cancer testicular (Health Advice Ideas)

1.80

3.38

3.33

3.14

1.50

2.63

Reproductive cancers

1.60

4.50

3.00

2.43

1.50

2.61

Cervical cancer (Natural health care)

1.70

4.38

2.33

2.86

1.75

2.60

Cervical cancer (Bedieman)

1.40

3.75

2.50

2.29

1.75

2.34

Endometrial cancer (Bedieman)

1.40

3.75

2.50

2.29

1.75

2.34

How to prevent ovarian cancer

1.70

3.88

2.33

2.57

1.13

2.32

Ovarian Cancer Awareness

1.80

4.38

2.00

1.93

1.50

2.32

Treat prostate cancer

1.60

4.00

1.67

2.57

1.75

2.32

Cancer de próstata (Anastore)

1.60

3.50

2.17

2.71

1.50

2.32

Cancer de RIÑON

1.70

3.00

1.67

2.64

1.63

2.13

Cáncer de vejiga

1.70

3.00

1.67

2.64

1.63

2.13

Cancer testicular (Anass apps)

1.70

3.00

1.67

2.64

1.63

2.13

Cancer de cuello uterino

1.70

3.00

1.67

2.64

1.63

2.13
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Name of app

Engagement

Functionality

Esthetics

Information

Subjective
quality

Overall

Cáncer de ovarios

1.70

3.00

2.00

2.57

1.25

2.10

Cáncer uterino

1.70

3.00

1.67

2.64

1.50

2.10

El cáncer de vulva

1.70

3.00

1.67

2.64

1.50

2.10

Common causes of cervical cancer

1.80

3.13

1.50

2.50

1.50

2.09

Ways to treat uterine cancer

1.60

3.50

1.33

2.00

1.63

2.01

Cancer cervix fact

1.40

3.63

1.33

2.14

1.25

1.95

For apps with the same name, the developer is indicated in parentheses.

Comparison by the operating system (iOS and Android) revealed
an overall MARS score of 3.64 for apps available in the App
Store (n=15) and 2.19 for those available in the Play Store
(n=40); the difference was statistically significant (P<.001).
However, when the overall MARS scores were analyzed
considering whether the apps were free (n=41) or required
payment (n=5), the only significant differences were in the
Functionality domain. Comparison by developer type revealed
statistically significant differences between the apps that had
been supported by a health organization (n=7), with a score of

3.70, and those that had not (n=39), with a score of 2.85 (Table
4).
Interrater agreement was substantial across all evaluation
criteria, except for the Entertainment and Interest criteria of the
Engagement domain and the Subjective Quality criterion “What
is your overall star rating for the app?” The joint probability of
agreement was >85% in all the items and >90% in 11 of the 23
evaluation criteria and 4 of the 5 domains analyzed (Table 5).
The mean κ score for the 5 domains was 0.748, indicating that
substantial agreement was observed between the 2 evaluators.

Table 4. Results of the Mobile Application Rating Scale evaluation: comparison by different characteristics.
Category

Operating system

Developer

Cost

Android
(n=40)

iOS
(n=15)

P value

Non–health organiza- Health organization
tion (n=39)
(n=7)

P value

Free
(n=41)

Paid
(n=5)

P value

Engagement

2.30

3.45

<.001

2.34

3.30

.01

2.40

3.24

.06

Functionality

3.87

4.13

.32

3.85

4.63

.02

4.05

3.25

.03

Esthetics

2.75

3.84

<.001

2.83

3.50

.10

2.86

3.53

.16

Information

3.00

3.72

<.001

3.00

3.88

.002

3.12

3.27

.67

Subjective quality

2.18

3.05

.001

2.21

3.18

.01

2.35

2.43

.88

Overall

2.82

3.64

<.001

2.85

3.70

.01

2.96

3.14

.62
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Table 5. Interrater agreement for the Mobile Application Rating Scale domains and evaluation criteria.
Domains and evaluation criteria

Weighted Cohen κ

Agreement (%)

Engagement

0.76

92.2

Entertainment

0.55

89.4

Interest

0.56

87.8

Customization

0.86

96.8

Interactivity

0.77

91.5

Target group

0.64

88.8

0.71

90.0

Performance

0.68

89.9

Ease of use

0.62

89.4

Navigation

0.69

87.9

Gestural design

0.64

87.9

Esthetics

0.80

93.6

Layout

0.75

90.8

Graphics

0.76

93.1

Visual appeal

0.91

96.8

0.79

93.6

Accuracy of the app in the description (App/Play Store)

0.63

89.4

Goals

0.72

93.6

Quality of information

0.67

88.7

Quantity of information

0.65

87.2

Visual information

0.86

94.1

Evidence base

0.66

94.1

Credibility

0.61

89.4

0.68

89.9

Would you recommend this app to people who might benefit from it?

0.64

90.4

Would you pay for this app?

0.74

90.8

How many times do you think you would use this app in the next 12 months if it was
relevant to you?

0.72

90.4

What is your overall star rating of the app?

0.48

86.7

Functionality

Information

Subjective quality

Discussion

and colorectal cancer, which are extremely prevalent, yet for
which few apps have been released [15].

Principal Findings and Comparison With Previous
Work

More than half of the apps (61%) had been updated in the last
year and therefore provided better quality information, which
is increasingly necessary given the advantages of apps in
diagnosis and therapy in this area. Our result is comparable to
that obtained in a review of 166 apps for patients with cancer,
where it was observed that 52.4% had been updated in the
previous year [15]. However, the proportion of apps that had
been developed or promoted by health care organizations was
very low (15.2%), thus potentially reducing the quality and
reliability of the apps. This result was consistent with the
conclusions of authors such as Giunti et al [14], who showed
an evident absence of health professionals in the development
of health care apps. Apps are mostly developed by non–health

Based on a systematic and validated questionnaire (MARS),
our study provided an objective ranking of 46 apps for patients
with genitourinary cancers available in the Apple and Android
stores. Apps for patients with prostate and cervical cancer
accounted for almost half of all the apps evaluated (30% and
17%, respectively). This frequency is consistent with the
findings of the Globocan 2018 report [2], according to which
genitourinary cancers have the highest global incidence (second
in men and fourth in women). Therefore, the number of apps
analyzed correlated with the incidence of the specific
genitourinary cancers, unlike other types of cancer, such as lung
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professionals who are creative and skilled in design but lack
scientific knowledge.
Most of the apps included in our study were informative, with
generic data on pathophysiology, treatments, and symptoms of
individual cancers, as reported elsewhere [14]. An important
component of some of these apps, such as Treating Bladder
Cancer, was including information about the most common
symptoms and signs of bladder cancer (hematuria, pain or
burning sensation, and increased frequency in urination) that
could alert patients to talk to the doctor. These features are
important to reduce the risk of having a more advanced stage
of cancer. We found that most of the informative apps, like
those for cervical cancer, included information about treatment
and prognosis. Nonetheless, this information should be given
by physicians, and informative apps provide doctors with a tool
to improve early diagnosis through successful screening.
Additionally, as indicated by Bender et al [23], most of the apps
try to increase awareness of cancer in the population. Very few
apps focused on how to handle the disease after a diagnosis,
correct administration of the treatment prescribed (eg, dosing,
management of adverse effects, possible interactions with other
long-term medications), and adequate monitoring of symptoms.
Only 6 diagnostic apps (13.0%) were evaluated; of these, 5 were
intended for patients with prostate cancer and 1 for patients with
testicular cancer. Diagnostic apps are more frequent in other
types of cancer, such as melanoma and breast cancer [16].
Several methods for the evaluation of mHealth apps have been
developed, although in most cases, the absence of a systematic
methodology and the fact that they were not developed by
scientific professionals made their routine use impossible [12].
The MARS methodology, as reported by Stoyanov et al [21],
is an easy-to-use, simple and logical tool that is considered
highly reliable because it is promoted by expert technicians and
health care professionals. This evaluation proposes a
multidisciplinary analysis designed for all health care apps, with
5 domains covering the main aspects for correct evaluation.
Stoyanov et al [13] reported that the MARS questionnaire
showed high levels of internal consistency (Cronbach α=.9)
and interrater reliability (two-way mixed intraclass correlation
coefficient, 0.79; 95% CI, 0.75-0.83) when it was applied to
rate 50 mental health apps.
As for the MARS score, our study showed a mean score of 2.98
for the overall quality of the apps, with a score of 3.13 for
quality content. These scores were significantly higher than
those found by Böhme et al [6] for mobile cancer apps for
prostate cancer, breast cancer, and colorectal cancer (1.96). On
the other hand, our results were similar to the scores of apps for
other diseases. For example, the mean score found by
Richardson et al [19] for mobile apps targeted to parents of
infants in the neonatal intensive care unit was 3.37, without
considering the subjective quality. Salazar et al [24] showed a
mean score of 3.92 for mobile apps for the management of pain,
while Siddique et al [25] found a median score of 3.70 for apps
targeted to the care management of chronic kidney and end-stage
renal disease. To note, 22 apps (48%) scored a value equal to
or greater than 3 points (ie, “Acceptable”). Only 5 apps (11%)
exceeded 4 points in the overall quality score (ie, “Good”). Jupp
et al [3] found that the apps evaluated stood out in the
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Functionality domain, with high scores in most of them because
they were developed to be highly efficient and easy to use.
Consistent with our findings, these authors found that the 3
strategies necessary for optimal use of the smartphone among
patients with cancer were the management of symptoms and
medications, quality of the information resources, and ability
to export data. In contrast, the Esthetics domain had a better
correlation with the overall MARS score. It is assumed that this
is due to the attempt to develop a more engaging appearance
which is directly related to other features, such as a higher
frequency of use.
In reports based on MARS for assessment of apps aimed at
patients with cancer or other diseases, the domain that scored
the lowest was Engagement. The main reason is that the apps
were unable to make patients feel that they were participating
in the management of their disease. We drew the same
conclusion, with Engagement being the domain with the poorest
mean score compared to the others. According to the literature,
the fundamental aspects that can be improved in this section
are customization, user interactivity, and entertainment, which
leads to a higher score [3,20]. The participation of patients in
the development, design, and validation of apps through focus
groups considerably improves the score for this domain.
Furthermore, the participation of patients in the management
of their symptoms by registering and sending messages and
reminders significantly enhances the health outcomes [26].
Collado et al [18] found that more than 40% of patients would
be interested in communicating with their physician or
pharmacist using an app.
The apps that scored best in the MARS evaluation were
“Bladder cancer manager,“ ”Kidney cancer manager,“ and ”My
prostate cancer manager.“ These apps were available in the App
Store and stood out because of their high scores in the
Engagement and Esthetics domains, as did the next 2 apps in
the ranking, “Target Ovarian Cancer Symptoms Diary” and
“My Cancer Coach.” The “Top 5” apps contained reminders
and schedules and offered the possibility of registering analytical
information and treatments prescribed, thus enabling a greater
score in the Subjective Quality domain because they achieve
the main goal. Likewise, the 4 best apps had an explicit
preventive purpose, in contrast to the informative purpose that
was more frequent in the global analysis.
Of note, 9 of the 10 best apps had been updated during 2018,
and 5 of the 10 best apps had been developed by a health care
organization. This is an important observation because neither
of these 2 aspects is specifically evaluated in MARS. The
analysis by the domain of the apps developed by health care
organizations and those that were not revealed statistically
significant differences for each of the items evaluated.
Therefore, the quality of health apps is based on the frequency
of updating and the participation of health care organizations
in their development, thus confirming the hypothesis proposed
elsewhere [15,27]. The first three apps (“Bladder cancer
manager,” “Kidney cancer manager.” and “My prostate cancer
manager”) had the same developer (Point of Care) which is a
platform of health apps intended to patients and clinicians.
However, clinicians were not involved in their development.
Also, “Target Ovarian Cancer Symptoms Diary” had a clinical
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advisory panel made up of many oncology specialists who
answer patients´ questions but they were not involved in
promoting the app. Otherwise, “My Cancer Coach” was
developed by some health organizations and the coaches formed
a multidisciplinary team (nurses, physicians…) to provide
reliable information to patients. However, the lowest scores
were obtained for apps that are merely informative and provide
links to other web pages but not their information.

Patients are exposed to unreliable information related to their
health so quality certifications are needed to identify those apps
that offer the best content for users. For example, App Saludable
is a free and open-access certification given to some apps which
were developed using strict guidelines in Spain [28]. This is
one of the first certifications in Europe that evaluate the quality
and safety of health apps.

The analysis by operating system revealed a statistically
significant difference that was more favorable to the apps from
the App Store than those from Play Store, probably because
verification requirements for publishing and application are
stricter for iOS than for Android.

MARS is limited by its subjectivity [13,21]. However, the high
interrater reliability obtained between the 2 evaluators, both of
whom had experience in the development and validation of
health apps and were familiar with genitourinary cancers,
highlights the considerable coherence of our results.

Apps are beginning to show a significant impact on users´
health. Because of that, regulatory authorities are responsible
for evaluating these technologies to control their availability in
the stores. In 2013 and regarding this issue, the Food and Drug
Administration (FDA) published a guide containing
recommendations to assess the quality of these apps. However,
due to the rise of health apps, an objective, comprehensive and
clear evaluation of apps is necessary. This evaluation should
allow users and health care professionals (who recommend them
to patients) which apps meet minimum standards of quality and
safety in their content.

Conclusions

Limitations

The quality of health apps should be evaluated using approaches
such as MARS to decide which apps could be prescribed to
patients and to identify which features should be addressed to
improve these tools. Most of the apps designed for patients with
genitourinary cancers only try to increase awareness and provide
data about the disease, without ensuring coherent interactivity.
Although the participation of health professionals in the
development of these apps is low, we observed that their
participation was associated with the app quality and the recency
of updates. Greater scores in quality were observed in iOS apps,
although no correlation between quality and price was found.
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Abstract
Background: 99DOTS is a cell phone–based strategy for monitoring tuberculosis (TB) medication adherence that has been
rolled out to more than 150,000 patients in India’s public health sector. A considerable proportion of patients stop using 99DOTS
during therapy.
Objective: This study aims to understand reasons for variability in the acceptance and use of 99DOTS by TB patients and health
care providers (HCPs).
Methods: We conducted qualitative interviews with individuals taking TB therapy in the government program in Chennai and
Vellore (HIV-coinfected patients) and Mumbai (HIV-uninfected patients) across intensive and continuation treatment phases.
We conducted interviews with HCPs who provide TB care, all of whom were involved in implementing 99DOTS. Interviews
were transcribed, coded using a deductive approach, and analyzed with Dedoose 8.0.35 software (SocioCultural Research
Consultants, LLC). The findings of the study were interpreted using the unified theory of acceptance and use of technology,
which highlights 4 constructs associated with technology acceptance: performance expectancy, effort expectancy, social influences,
and facilitating conditions.
Results: We conducted 62 interviews with patients with TB, of whom 30 (48%) were HIV coinfected, and 31 interviews with
HCPs. Acceptance of 99DOTS by patients was variable. Greater patient acceptance was related to perceptions of improved
patient-HCP relationships from increased phone communication, TB pill-taking habit formation due to SMS text messaging
reminders, and reduced need to visit health facilities (performance expectancy); improved family involvement in TB care (social
influences); and from 99DOTS leading HCPs to engage positively in patients’ care through increased outreach (facilitating
conditions). Lower patient acceptance was related to perceptions of reduced face-to-face contact with HCPs (performance
expectancy); problems with cell phone access, literacy, cellular signal, or technology fatigue (effort expectancy); high TB- and
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HIV-related stigma within the family (social influences); and poor counseling in 99DOTS by HCPs or perceptions that HCPs
were not acting upon adherence data (facilitating conditions). Acceptance of 99DOTS by HCPs was generally high and related
to perceptions that the 99DOTS adherence dashboard and patient-related SMS text messaging alerts improve quality of care, the
efficiency of care, and the patient-HCP relationship (performance expectancy); that the dashboard is easy to use (effort expectancy);
and that 99DOTS leads to better coordination among HCPs (social influences). However, HCPs described suboptimal facilitating
conditions, including inadequate training of HCPs in 99DOTS, unequal changes in workload, and shortages of 99DOTS medication
envelopes.
Conclusions: In India’s government TB program, 99DOTS had high acceptance by HCPs but variable acceptance by patients.
Although some factors contributing to suboptimal patient acceptance are modifiable, other factors such as TB- and HIV-related
stigma and poor cell phone accessibility, cellular signal, and literacy are more difficult to address. Screening for these barriers
may facilitate targeting of 99DOTS to patients more likely to use this technology.
(JMIR Mhealth Uhealth 2020;8(7):e16634) doi:10.2196/16634
KEYWORDS
tuberculosis; medication adherence; mobile phone; mHealth; implementation science; qualitative research

Introduction
Background
Tuberculosis (TB) is a leading infectious cause of mortality
globally [1]. Poor adherence to medications may contribute to
suboptimal TB care delivery outcomes by leading to higher
mortality, treatment failure, posttreatment disease relapse, and
development of drug-resistant TB strains [2,3]. In recent years,
interest has increased in the use of digital adherence technologies
(DATs), which include cell phone–based strategies, digital
pillboxes, and ingestible sensors—to monitor and improve
adherence to TB medications [4], especially given the growing
concerns regarding more restrictive directly observed therapy
(DOT) monitoring approaches [5-7]. Despite growing interest
in DATs, data regarding these technologies’ acceptability,
accuracy for measuring adherence, and effectiveness in
improving treatment outcomes are lacking, especially in
resource-constrained contexts [4,8].
99DOTS is a feature (ie, nonsmart) phone–based DAT that has
been implemented widely in India’s National TB Elimination
Program (NTEP) to monitor more than 150,000 patients taking
therapy for drug-susceptible TB since 2015 [9]. The rapid
expansion of 99DOTS in the NTEP was partly driven by the
introduction in 2014 of daily TB medication dosing for all
patients, replacing India’s prior intermittent (ie, thrice weekly)
dosing regimen. Under India’s prior facility-based monitoring
approach, most patients traveled to health centers for DOT.
With the switch to daily dosing, program managers were
concerned that traveling to health centers on a daily
basis—rather than 3 times a week, as was previously the
case—might be too challenging for patients [9]. In this context,
remote monitoring of medication adherence using 99DOTS
appeared to be a promising alternative [9].
Under the 99DOTS strategy, dispensing pills for each daily
medication dose results in revealing a hidden phone number
that patients call for free. A computer program records these
phone call-reported doses, allowing remote visualization of
each patient’s adherence record by health care providers (HCPs).
99DOTS’ potential advantages include its relatively low cost
compared with other DATs, monitoring of individual adherence
http://mhealth.jmir.org/2020/7/e16634/
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data in near real time, and automated notification of HCPs
regarding potentially nonadherent patients, which has the
potential to facilitate individualized care based on a patient’s
risk for poor outcomes [9].
Despite these promising features, routine data and research
studies have revealed suboptimal patient engagement with
99DOTS, that is, many patients do not call 99DOTS throughout
the entire treatment course. For example, in a cohort study in
Mumbai and Chennai conducted in parallel with this qualitative
study, in which unannounced home visits were conducted on
patients with TB across all months of therapy, only
approximately two-thirds of patients had called 99DOTS in the
48 hours preceding the home visit [10]. Programmatic data from
the rollout of 99DOTS to more than 20,000 patients in Mumbai
similarly suggest that fewer than 40% of patients called 99DOTS
to report at least 80% of their doses throughout the full treatment
duration [9]. Suboptimal patient engagement may undermine
99DOTS’ benefits for measuring and promoting medication
adherence and preventing loss to follow-up [10].
To our knowledge, only one study has been published evaluating
the impact of 99DOTS on TB treatment outcomes. This study,
conducted in four districts in Karnataka, compared TB treatment
outcomes at HIV centers where 99DOTS was implemented with
those at HIV centers where the technology was not rolled out
[11]. Notably, implementation of 99DOTS at these centers
occurred concurrently with the transition to daily (rather than
thrice weekly) TB therapy. In addition, responsibility for
dispensing TB medications and managing TB treatment was
switched to HCPs at these HIV centers, whereas these tasks had
previously been the responsibility of HCPs in the NTEP [11].
After adjusting for potential confounding factors,
implementation of 99DOTS was significantly associated with
1.3 times increased adjusted relative risk of unfavorable
outcomes, including death, lost to follow-up, and treatment
failure [11]. Problems identified in that study, including
increased workload for HIV center staff and reduced
patient-provider interaction, have also been described in a study
of 99DOTS conducted in Delhi [12]. In addition, most studies
of other nonsmartphone-based technologies for promoting
adherence to TB medications—in particular, one- and two-way
SMS text messaging strategies—have not been shown to
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improve treatment completion [4,8]. These prior studies
highlight the importance of understanding patient- and
HCP-related barriers to the acceptance and the use of 99DOTS.

Objectives
In this manuscript, we present findings from a qualitative study
of patients and HCPs that aimed to understand the acceptability
of 99DOTS in India’s NTEP. We interviewed drug-susceptible
TB patients with and without HIV coinfection in three major
Indian cities across both the intensive (early) and continuation
(later) phases of therapy. Given the known problem of variable
use of 99DOTS by TB patients, one goal of this analysis was
to understand why some patients engage with 99DOTS, whereas
others do not. In addition, we aimed to understand the
acceptance of 99DOTS by HCPs with various roles in TB care
provision, as the 99DOTS strategy represents a transformation
in the approach by which HCPs monitor patients in the NTEP,
which could have implications for work efficiency and quality
of care. We analyzed patient and HCP findings using the unified
theory of acceptance and use of technology (UTAUT), which
synthesizes constructs that have previously been shown to
predict the acceptance and use of novel technologies [13,14].

Methods
Ethics Approvals
The study protocol was approved by the Institutional Ethics
Committee of the National Institute for Research in TB (NIRT;
FWA00005104) on October 7, 2016; the Institutional Review
Board of Brigham and Women’s Hospital (Partners Healthcare;
FWA00000484) on January 31, 2017; and the Tufts Health
Sciences Institutional Review Board (FWA00004517) on June
6, 2018. Written informed consent was obtained from all patients
and HCPs who participated in the interviews.

Study Setting
We recruited patients in Mumbai (population of about 18.4
million in the greater metropolitan area) and 2 cities in the south
Indian state of Tamil Nadu—Chennai (population of
approximately 7.1 million in the greater metropolitan area) and
Vellore (population of about 480,000). All these cities have a
relatively high TB burden in the general population [15,16].

99DOTS Implementation
With 99DOTS, medications are dispensed in blister packs
wrapped in a custom envelope. 99DOTS envelopes were
produced separately from the medication blister packs. As a
result, TB personnel at the district or city level were responsible
for wrapping the envelopes over medication blister packs before
they were given to patients.
When a patient dispenses pills for a daily medication dose, this
action breaks a perforated flap on the envelope, revealing a
hidden phone number that the patient is requested to call for
free. A computer program then records that the pill was in-hand
and likely ingested. The phone number associated with each
dose is unpredictable to the patient. When dispensing
medications, pharmacists or other HCPs are responsible for
explaining to patients how to call 99DOTS and its potential
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relevance for their care. Patients did not receive any monetary
or nonmonetary incentives to call.
99DOTS allows HCPs to remotely observe a patient’s adherence
history by logging in to a website on a computer or using an
app on a mobile device, such as a smartphone. In this app, the
99DOTS dashboard presents a color-coded adherence calendar
for each patient, with green showing that a call was made on a
given day (suggesting that the dose may have been taken) or
red showing that a call was not made (suggesting that the dose
may not have been taken). These data are designed to help HCPs
provide individualized feedback to patients regarding their
adherence. A series of possible missed doses (ie, doses not
called in) triggers automated SMS text message notifications
to HCPs to help them identify patients who may be at higher
risk for poor outcomes. HCPs are also provided with prioritized
task lists recommending certain actions, such as calling to
check-in with, or conducting a home visit for, a patient who has
missed reporting a few doses in a row. As home visits are not
normally conducted for patients taking unmonitored
self-administered therapy, unless patients are lost to follow-up,
we considered patient reports of multiple home visits by HCPs
to be evidence that 99DOTS was potentially triggering such
outreach.
Patient and HCP perceptions regarding whether 99DOTS
facilitates more or less HCP-patient interaction were shaped by
the alternative monitoring approach with which these individuals
implicitly compared 99DOTS. For example, HCPs and some
patients who had previously been treated for TB had experiences
with facility-based DOT, which required patients to come to
health facilities 3 times a week, therefore entailing a greater
baseline level of HCP-patient interaction than 99DOTS. Other
patients did not have experience with facility-based DOT and
therefore implicitly compared 99DOTS with unmonitored
self-administered therapy for other diseases, in which there is
relatively minimal HCP-patient interaction apart from patient
visits to health facilities for medication refills.
During the rollout of 99DOTS, in-person training took place at
state-level offices, where nominated staff—from HIV treatment
centers (commonly called antiretroviral therapy [ART] centers)
or district TB programs—would gather at a single location. In
addition, for ART centers, 2 virtual training sessions—each
attended by more than 1000 HCPs—were conducted for
individuals who could not attend centralized trainings.
Subsequently, local trainings were conducted if requested by
individual district TB programs. A team at Everwell Health
Solutions, the organization managing 99DOTS’ implementation,
monitored the rollout process to identify implementation gaps
and provide monthly reports on patient engagement with
99DOTS. The HCPs reported problems via a WhatsApp group.
These challenges were resolved remotely via WhatsApp or in
person during regular field visits by personnel from Everwell
Health Solutions.
HIV-coinfected patients underwent registration into 99DOTS
and picked up TB medication refills at ART centers; however,
home visits for these patients were conducted by HCPs in district
TB programs. The National AIDS Control Organization (which
manages ART centers) and the NTEP (which manages TB
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programs) were under different government bodies at the time
of this study. As such, challenges in coordination between ART
centers and district TB programs have the potential to impact
linkage to care, and follow-up of HIV-coinfected patients started
on TB therapy via 99DOTS.

Recruitment of Study Participants and Collection of
Qualitative Data
99DOTS was first rolled out to monitor HIV-coinfected patients
diagnosed with TB at ART centers across India. In Chennai and
Vellore, all TB patients in this study were HIV-coinfected
individuals recruited from 5 different ART centers where
99DOTS had already been rolled out. Mumbai was the first city
where 99DOTS was rolled out to facilitate monitoring of the
broader (ie, mostly HIV uninfected) TB patient population under
the care of the NTEP. We recruited mostly HIV-uninfected TB
patients from 11 DOT centers in Mumbai. In India,
approximately 95% of TB patients are HIV uninfected; however,
given the unique challenges faced by HIV-coinfected patients,
including having to concurrently take HIV and TB medications,
and their generally poorer TB treatment outcomes [16], our goal
in this study was to ensure that perspectives from
HIV-coinfected and HIV-uninfected patients were well
represented.
We had a goal of recruiting 60 TB patients using purposeful
sampling, stratifying across the following criteria: (1) roughly
equal representation of HIV-coinfected and uninfected patients;
(2) roughly equal representation of patients in the intensive
(early) and continuation (later) phases of therapy, as patients’
engagement with 99DOTS wanes throughout the course of TB
therapy [9]; and (3) at least one-fifth of participants being
women. Owing to recruitment in parallel across different study
sites, we exceeded the target sample slightly, for both patient
and HCP interviews, before this was recognized during routine
biweekly virtual meetings among site personnel. Our anticipated
sample size was somewhat large for a qualitative study, as we
wanted to generate robust data for each of these stratified
subgroups. One of the patient interviews was not transcribed
and analyzed because the audio recording was muffled.
Patient interview guides included questions and follow-up
probes to assess various aspects of patients’ experiences with
99DOTS, including counseling regarding this monitoring
strategy, the process of calling 99DOTS, and HCP feedback
and actions taken in response to patients’ adherence records.
For HIV-coinfected patients, the interview guide included
questions aimed at understanding the indirect impact of 99DOTS
on HIV medication adherence. For each aspect of patients’
99DOTS experience, questions assessed constructs for
technology acceptance included in the UTAUT model.
We aimed to conduct interviews with 30 HCPs recruited using
purposeful sampling, with the goal of including individuals with
diverse roles in caring for HIV-coinfected and HIV-uninfected
TB patients. We recruited HCPs who interact routinely with
patients, including health visitors (individuals with at least a
high school level of education who monitor TB therapy), senior
treatment supervisors (individuals with at least a high school
level of education who supervise health visitors), pharmacists,
HIV counselors (who also counsel TB patients in HIV centers),
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TB counselors (who counsel TB patients in DOT centers), staff
nurses, and medical officers (doctors with an MBBS or higher
degree). We also recruited personnel with administrative roles,
including data managers, TB officers (doctors who supervise
TB care at multiple DOT centers), district TB officers (doctors
who supervise TB care across a district), city TB officers
(doctors who supervise TB care across a city), and district
executive health officers (doctors who manage public health
services across a district). In the representative quotations, we
identify district TB officers, city TB officers, and district
executive health officers as higher-level administrative officers
to ensure that individuals are not identifiable.
We asked questions and follow-up probes to assess various
aspects of HCPs’ experiences with 99DOTS, including using
the 99DOTS dashboard to visualize patient data, notifications
and task lists regarding high-risk patients and using these data
to guide patient interactions. Questions for HCPs also assessed
constructs in the UTAUT.
Interviews were conducted between February 2017 and August
2018. Interviews lasted 30 to 45 min and were conducted by 10
field researchers with a master’s degree in social work or another
social science field. Field researchers at the Chennai, Vellore,
and Mumbai sites underwent a uniform 2-day training at the
NIRT in Chennai before starting data collection. All field
researchers were taught to follow a uniform approach using a
common interview guide. Patient interviews were conducted at
DOT or ART centers where patients were receiving treatment.
Patients were given nonmonetary compensation for their time
equivalent to Indian rupees 100-150 (US $1.30-2.00), which
consisted of helpful items such as dhal (lentils) or hygiene
products.
HCP interviews were conducted in private spaces in DOT or
ART centers or in other private locations of the study
participant’s preference. Interviews were conducted in Tamil,
Hindi, Marathi, or English using appropriately translated
interview guides and were audio recorded, transcribed, and
translated to produce English-language transcripts. Quantitative
and qualitative data were deidentified before analysis, and care
was taken to ensure that specific patients or health facilities
cannot be identified based on the narrative excerpts included in
the manuscript.

Analytical Framework: UTAUT
The UTAUT integrates findings from prior models that were
used to evaluate the acceptance and use of technologies [13,14].
By synthesizing diverse constructs used in prior models, the
UTAUT identifies 4 broader constructs that explain technology
acceptance: performance expectancy, effort expectancy, social
influences, and facilitating conditions. Performance expectancy,
or perceived usefulness, refers to the degree to which an
individual believes that the technology will help with their
medical care and daily life (for patients) or with work efficiency
or the quality of care they are able to deliver (for HCPs). Effort
expectancy, or ease of use, refers to how easy the technology
is to use, for example, calling 99DOTS (for patients) or using
the digital adherence dashboard (for HCPs). Social influences
refer to the influence that other individuals—for example, family
or community members (for patients) or other HCPs (for
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HCPs)—have on someone’s ability to accept or use the
technology. Facilitating conditions refer to the quality of the
organizational infrastructure that exists to support individuals
using the technology; in this case, we assume that this refers to
the training and infrastructure provided by the health system to
ensure that 99DOTS functions appropriately for patients and
HCPs.
In the UTAUT, 3 constructs—performance expectancy, effort
expectancy, and social influences—influence behavioral
intention to use a technology, which subsequently influences
the actual use of a technology [13,14]. In contrast, facilitating
conditions directly affect the actual use of a technology.
Although all these constructs play a crucial role in shaping
technology acceptance, in prior research, performance
expectancy was found to be the strongest predictor of intention
to use a technology [13,14].

Analysis of Qualitative Data
We used a deductive approach for this thematic analysis, in
which our coding was guided by the constructs in the UTAUT
(Multimedia Appendices 1 and 2). An initial coding scheme
was created based on collective discussion within the research
team. Interview transcripts were independently coded by 3
researchers using Dedoose software (version 8.0.35;
SocioCultural Research Consultants, LLC). Researchers met
frequently to reconcile differences in code application and
identify new themes emerging from the data. These new themes
were incorporated into the coding scheme, and all transcripts
were coded a second time using the revised coding scheme.
After coding was complete, we identified key themes that could
influence the acceptability and use of 99DOTS based on the
general representativeness or salience of particular themes. We
assembled these themes within the broader constructs of the
UTAUT and identified representative quotations for each
selected theme.
Although we could have quantified codes applied across
interviews using Dedoose software, we did not do so for a few
reasons. First, quantification implies that our findings are
representative of those in a larger population; however, we used
purposeful sampling of study participants. In addition, rather
than just reporting common themes (ie, those reported most
frequently), we also reported salient themes (ie, ones that seem
important even if reported by a minority of participants). Second,
quantification often implies that the same questions were asked
to all participants in a systematic manner, as is done in structured
surveys. Although field researchers underwent rigorous training
and followed a uniform interview guide, the questions asked
were open ended or semistructured, with a goal of eliciting
narrative data that would be followed up with probe questions
that could vary depending on the participant’s response. This
malleable approach to interviewing is a strength of qualitative
research, as it often yields unexpected findings; however,
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quantifying such findings could be misleading by implying a
structured interviewing strategy.
In our analysis, we did not classify patients into those with high
acceptance or low acceptance of 99DOTS. Although patients
did have differences in the use of 99DOTS, individual patients
often found different components of 99DOTS to be both
acceptable and unacceptable depending on their individual
circumstances. For example, the same patient might appreciate
that 99DOTS averts the time spent traveling to health facilities
(when hypothetically compared with facility-based DOT) but
simultaneously find it difficult to use 99DOTS at home because
of concerns about the disclosure of their TB diagnosis to family
members. As such, we coded both positive and negative
perceptions of 99DOTS that were reported by a given patient
to provide a broader understanding of the factors that might
increase or decrease the technology’s acceptability and use.

Results
Characteristics of the Study Participants
Excluding one nontranscribed interview, 62 patients with TB
were interviewed, of whom 36 (58%) were men, 30 (48%) were
HIV coinfected, and 34 (55%) were in the continuation phase
of therapy. Patients’ ages ranged from 18 to 65 years (median
35 years). The median household monthly income was Indian
rupees 8500 (IQR Indian rupees 7000-12,000), which is
approximately US $111 (IQR US $92-157). With regard to
educational attainment, 10 (16%) patients were illiterate, 21
(34%) had completed some schooling, 20 (32%) had a secondary
school certificate, and 11 (18%) had pursued or completed
postsecondary education (ie, college education or higher). With
regard to occupation, 14 (23%) patients were unemployed, 13
(21%) were homemakers, 16 (26%) worked in the informal
sector or as private low-wage employees (eg, waste collector
or housekeeper), 18 (29%) worked in semiskilled or skilled
trades or self-employment (eg, electrician or auto-rickshaw
driver), and 1 (2%) worked in a high-wage profession (ie,
engineer).
In total, 31 HCPs were interviewed, of whom 13 (42%) were
men. HCPs’ ages ranged from 25 to 56 years (median 38 years).
Of the 31 HCPs, 4 (13%) were health visitors, 4 (13%) were
senior treatment supervisors, 2 (6%) were pharmacists, 2 (6%)
were ART counselors, 3 (10%) TB were counselors, 1 (3%)
was a nurse, 6 (19%) medical were officers, 2 (6%) were data
managers, 2 (6%) were TB officers, 4 (13%) were district or
city TB officers, and 1 (3%) was a district executive health
officer.

Findings From Patients With TB
Patient interviews revealed evidence of both high and low
acceptability of 99DOTS (Figure 1).
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Figure 1. Key findings regarding the determinants of high and low acceptance and use of 99DOTS by patients with tuberculosis, based on the framework
of the Unified Theory of Acceptance and Use of Technology. Note that there is no arrow between effort expectancy and high use and acceptance,
because the findings did not reveal a meaningful relationship. DOT: directly observed therapy; HCP: health care provider; SMS: short messaging service.

Determinants of High Patient Acceptability and Use
of 99DOTS
With regard to performance expectancy (perceived usefulness),
some TB patients perceived that 99DOTS contributed to
improved patient-HCP relationships, improved medication
adherence, and fewer interruptions to their daily life activities
(Table 1 and Figure 1). Some patients reported that 99DOTS
facilitated increased phone contact by HCPs. Such episodes of
phone outreach as well as the perception that their adherence
was being remotely observed facilitated a perception that the
government was taking a personal interest in their health (Table
1, Q1) and was more caring about patients:
I am thankful that the government is taking good care
of my health. It feels good that the government is
calling me... they are caring. [50-year-old woman,
HIV uninfected, continuation phase of therapy]
Some patients also reported benefits of the SMS text messaging
reminders in facilitating habit formation with regard to daily
pill taking; they reported that these reminders “trained [their]
minds” and created a new “awareness” about adherence (Q2
and Q3). Some HIV-coinfected patients reported that 99DOTS
provided collateral benefit by serving as a reminder to take their
antiretroviral medications:
It’s actually also reminding me to take ART tablets.
[49-year-old man, HIV coinfected, intensive phase
of therapy]
A few patients who had also experienced the previous
facility-based DOT model, which required thrice-weekly visits
to health care facilities, reported benefits to their daily life,
including saving money and time (Q4), from not having to visit
health facilities as frequently in the 99DOTS model:
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The previous approach [facility-based DOT] was
time consuming and expensive too. This one
[99DOTS] is good because you just have to take the
pills and make the calls; it saves your time.
[19-year-old woman, HIV uninfected, intensive phase
of therapy]
With regard to social influences, some patients said that
99DOTS increased social support by involving family members
in their TB care (Q5); for example, family members routinely
reminded or helped patients to call 99DOTS:
I have never forgotten [to call]. If I forget on one day,
my daughter reminds me to make the call.
[50-year-old woman, HIV uninfected, continuation
phase of therapy]
With regard to facilitating conditions, some patients noted that
HCPs regularly used 99DOTS to guide their interactions,
engaging in frequent phone outreach to patients or multiple
home visits for counseling (Q6 and Q7). None of these patients
reported having previous experiences with facility-based DOT.
As such, their perception of increased HCP outreach may have
been shaped by an implicit comparison of 99DOTS with
unmonitored self-administered therapy, which is the standard
of care for most other diseases. The perception that HCPs and
the health system were using the adherence data from 99DOTS
enhanced the motivation of these patients to continue using the
technology. For example, the following patient appreciated how
an HCP checked on his adherence and then wished him well:
One sir [HCP] called me and asked, “Are you taking
tablets correctly?” I replied, “Sir I am taking them.”
He would then say to me, “OK, take them regularly.
Take care of your health. Be safe.” [35-year-old man,
HIV coinfected, continuation phase of therapy]
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Table 1. Representative quotations on determinants of high patient acceptability and use of 99DOTS.
Determinant of acceptability

Quotations

Performance expectancy
99DOTS improved the patient–health
care provider relationship

•

Q1. “[Being monitored by 99DOTS] doesn’t mean she [the health visitor] will forget about us; I
feel that madam still remembers me... if I don’t call, she makes me understand what happens if I
don’t take the pills.” (19-year-old woman, HIV uninfected, continuation phase of therapy)

SMS text messaging alerts improved
medication adherence

•

Q2. “Now I am remembering that I have to call at 11 O’clock. I have a new awareness that I should
take tablets at 11’O clock.” (36-year-old man, HIV coinfected, continuation phase of therapy)
Q3. “If we forget to call, the message alerts us to take tablets. So it trains our mind to take pills on
time, so we will not forget to call. It is useful.” (52-year-old woman, HIV coinfected, continuation
phase of therapy)

•

Daily life was interrupted less when
compared with facility-based directly
observed therapy

•

Q4. “I prefer [99DOTS] because it saves our time. We can take the pills at home, and we can also
do our domestic work.” (18-year-old woman, HIV uninfected, continuation phase of therapy)

•

Q5. “[My son] taught me, ‘You have to take 2 tablets per day and follow the arrow mark from the
starting point’... He gave me my medicines from the beginning [of therapy] and reminds me to take
tablets...he also dials the toll free number for me.” (43-year-old woman, HIV coinfected, intensive
phase of therapy)

•

Q6. “They have called me four or five times. They tell me that I missed taking my tablets and that
I should call them. They will know [if] we don’t call them back.” (49-year-old man, HIV coinfected,
intensive phase of therapy)
Q7. Interviewer: “Did anybody come to your home from the hospital to see if you have taken your
pills?”Respondent: “Yes... Madam came last week and another person also.” Interviewer: "How
many times?”Respondent: “4 to 5 times.” (40-year-old man, HIV uninfected, continuation phase
of therapy)

Social influences
Increased family involvement in the
patient’s care

Facilitating conditions
Perception that health care providers
are using the 99DOTS adherence data
in a positive manner

•

Determinants of Low Patient Acceptability and the
Use of 99DOTS
Determinants of low patient acceptability and the use of
99DOTS are presented in Table 2 and Figure 1. With regard to
performance expectancy (perceived usefulness), many patients
who were supposed to use the technology had trouble
understanding what 99DOTS was until it was explained to them
by the field researchers. This reflected a suboptimal
understanding of the purpose of 99DOTS in their TB care. Some
patients also felt that 99DOTS resulted in a poorer patient-HCP
relationship by reducing the frequency of face-to-face contact.
This led to some patients feeling isolated (Table 2, Q8), whereas
others described difficulties in reporting potential adverse
reactions to medications because of the reduced frequency of
visits:
I developed leg numbness during treatment... Maybe
if I came to the center [more frequently] and
discussed my problem with the doctor they could have
given some suggestion. But I am able to share my
problems only once a month with the doctor.
[32-year-old woman, HIV coinfected, continuation
phase of therapy]
Other patients did not appreciate receiving negative feedback
from HCPs for not calling 99DOTS (Q9), although they reported
regularly taking their pills:
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The HCP scolded me for not calling... If the patient
doesn’t give the missed call, then the government
thinks the patient has not taken the tablet.
[65-year-old woman, HIV coinfected, continuation
phase of therapy]
Several concerns emerged regarding effort expectancy (ease of
use). A few patients reported not having any access to a phone
either because they live in situations (eg, college dormitory with
restrictive policies) in which they were not allowed to keep or
use cell phones (Q10) or because they and their family members
do not own a phone:
I live in an interior village. No one has a phone I can
use. Only my sister has a phone. I don’t have a phone
in my own hand. We don’t have many resources,
Madam. [32-year-old man, HIV coinfected,
continuation phase of therapy]
A more prominent problem was shared cell phone use (Q11 and
Q12), which reflected problems with accessibility (eg, another
family member keeps the cell phone), literacy (eg, older patients
did not know how to use the phone), or both, as described in
the following quotation:
I don’t know how to use it, so I do not keep the phone
with me... My son leaves our hometown for
employment. I can give the missed calls when he is
at home... what can I do if my son is not available?
[65-year-old woman, HIV coinfected, continuation
phase of therapy]
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Sharing of cell phones often resulted in patients using 99DOTS
in ways that would result in adherence data not being reported
or being reported inaccurately in the 99DOTS system. For
example, patients reported medication doses using a third-party
phone number not registered with 99DOTS (Q12), called the
same phone number over several days (Q13), or called all the
phone numbers listed on an envelope on the same day (Q14).
In addition, patients reported separating envelopes from
medication blister packs to have family members call 99DOTS
on their behalf, which could result in calls into the 99DOTS
system happening independent of actual pill ingestion:
I leave that cover [envelope sleeve] with my son and
just take the tablets with me [to consume at work]...
I ask him at night [if he made the call]. [50-year-old
woman, HIV coinfected, continuation phase of
therapy]
Patients reported other technical barriers to using 99DOTS,
including getting a busy signal when calling the 99DOTS
number (Q15), lack of electricity in the home to keep their cell
phones charged (Q16), or inability to read the number on the
99DOTS envelope (Q17). The most common technical problems
related to challenges with SIM cards (eg, lost or nonfunctional
cards, Q11 and Q12) or patients lacking cellular signal in their
homes (Q18):
There is not enough [cellular] signal in the area
where I live, so I borrow a phone from someone else
and call the toll-free number. [55-year-old man, HIV
coinfected, continuation phase of therapy]
A few patients also described a sense of fatigue with calling
99DOTS, especially in the continuation phase of therapy (Q19).
The following patient describes this feeling of decreasing
motivation as treatment progressed:
Yes, my interest in calling has decreased compared
to the initial phase... Now I don’t [call after taking
medication]. [35-year-old man, HIV uninfected,
intensive phase of therapy]
Other patients articulated a vaguer feeling of tiredness or
sleepiness after taking medication that prevented them from
calling (Q20).
Several patients also reported barriers in ease of use for SMS
text messaging reminders, including language barriers (SMS
text messages were often sent in English rather than local Indian
languages, Q21) and not noticing 99DOTS SMS text messaging
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reminders (Q22), in light of the high volume of spam SMS text
messages sent by advertisers.
With regard to social influences, TB- and HIV-related stigma
were major barriers to using 99DOTS. Some patients had not
revealed their TB or HIV diagnoses to their family members
because of stigma and, as a result, wanted to take their pills in
the dark (when family members were sleeping) or in a private
place outside the home, for fear of these diagnoses becoming
disclosed (Q23 and Q24). One patient described having to step
away from others to make the 99DOTS phone calls:
I am very worried about my children coming to know
[about the TB diagnosis]... so I am making calls while
hiding from others. [51-year-old man, HIV coinfected,
intensive phase of therapy]
The 99DOTS envelope served as a barrier to being able to cut
up medication blister packs to facilitate taking TB medications
discreetly. Patients also had concerns when HCPs visited their
homes—in response to a lack of phone calls registered in the
99DOTS dashboard, as these visits sometimes resulted in
disclosure of the patient’s TB and/or HIV diagnoses to family
members (Q25).
In terms of facilitating conditions, many patients reported poor
counseling by HCPs regarding how to use 99DOTS and what
its potential benefits might be (Q26 and Q27). For example,
one patient did not realize that the SMS text messaging
reminders he was receiving were from 99DOTS; he had assumed
that they were from his son’s employer:
I didn’t know why [the SMS reminders from 99DOTS]
came... I thought that I was getting messages from
construction sites that my son works at. [55-year-old
man, HIV coinfected, continuation phase of therapy]
Some patients expressed disappointment in the lack of outreach
by HCPs via phone calls or home visits. The reasons that
patients felt disappointed due to lack of outreach varied. A few
patients had prior experiences with facility-based DOT and
implicitly compared this prior model with 99DOTS, which
involves a lower frequency of HCP-patient interaction. Other
patients felt disappointed because they received no outreach at
all from HCPs by phone or home visit (Q28) or because HCPs
had called to say they would conduct a home visit but did not
actually do so, as described in the following quotation:
[HCPs] told me that they will come to my home, but
they never came. [28-year-old man, HIV uninfected,
continuation phase of therapy]
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Table 2. Representative quotations on determinants of low patient acceptability and use of 99DOTS.
Determinant of low acceptability

Quotations

Performance expectancy
Technology negatively affects patient- •
provider relationship
•

Q8. “One person came to see me since I started regularly taking TB tablets. They came and saw
me once and that was it... I told them no one is visiting me and that I feel isolated. But nobody is
interested in my worries.” (32-year-old man, HIV coinfected, continuation phase of therapy)
Q9. “We wake up at 4 in the morning and we are fasting all day [for Ramadan], so in the morning
there is no time to call... madam told me that I had not called and scolded me.” (50-year-old woman,
HIV uninfected, continuation phase)

Effort expectancy
Inability to call because of lack of
•
phone access or restricted phone access

Q10. “I have a phone in my office. But students are not allowed to use mobile phones until we go
home.” (19-year-old man, HIV coinfected, continuation phase of therapy)

•

Q11. Interviewer: “Has it ever happened that you had not made the call because of your phone
problems?”
Respondent: “[When f]ather is not at home whole day or when there is a SIM card network issue
also.” (20-year-old woman, HIV uninfected, continuation phase of therapy)
Q12. “My mother used to take [the cellphone] with her... for those days I couldn’t call... There was
an alternative phone — my brother-in-law’s mobile phone. After taking medication I would tell
my brother-in-law... But he ended up losing his SIM card.” (34-year-old man, HIV coinfected, intensive phase of therapy)

Inability to call because of shared
phone use

•

Inappropriate calling of phone numbers •
in the envelopes (may lead to inaccurate adherence information)
•

Q13. “I saved the toll free number in the first blister [of the envelope] and called that number only.
Later they said I should not call like that. They advised to call according to [the corresponding]
blister [for each day].” (50-year-old man, HIV coinfected, continuation phase of therapy)
Q14. “My daughter calls...but she does not call daily. She calls all the numbers on the strip at once
after all the medication [in the blister pack] has been taken.” (55-year-old man, HIV coinfected,
continuation phase of therapy)

•

Q15. “The first time I call, it gives a busy signal . . . after thinking that I dialed a wrong number, I
dial the number again and it works... this has happened two or three times.” (43 year-old-woman,
HIV coinfected, intensive phase of therapy)
Q16. “I am staying in a hut, so I don’t have electricity in my home; we burn [wood] sticks to get
light.” (49-year-old man, HIV coinfected, intensive phase of therapy)
Q17. “My vision is not clear enough to see the small print [on the envelope]... I get help from my
daughter or someone who can see the letters and call.” (42-year-old man, HIV coinfected, continuation phase of therapy)
Q18. “Yes, sometimes there are network [cellular signal] issues at my house.” (25-year-old woman,
HIV uninfected, continuation phase of therapy)

Other barriers to cell phone use or
calling 99DOTS

•
•
•

Perceived high burden of calling or
“technology fatigue”

Barriers to using SMS text messaging
reminders

•

Q19. “[I am] tired of calling daily.” (19-year-old man, HIV uninfected, continuation phase of
therapy)

•

Q20. “I forget to call Madam... I fall asleep as soon as I take [the medication].” (42-year-old man,
HIV coinfected, continuation phase of therapy)

•

Q21. “If I receive a message in Tamil, I’ll try to read by spelling out the letters... but I don’t know
how to read in English.” (30-year-old man, HIV coinfected, continuation phase of therapy)
Q22. “Honestly I did not notice [the SMS reminders] or I did not check my phone for messages.”
(25-year-old woman, HIV uninfected, continuation phase of therapy)

•

Social influences
Stigma and lack of social support
•
present barriers to patient engagement

Q23. “We do not take medication in front of others. People think TB is the worst disease and spreads
by touching and that even if you talk, the disease will spread... all people think I am dirty; nobody
wants to come close to me, so that’s why we take our pills behind closed doors.” (19-year-old
woman, HIV uninfected, continuation phase of therapy)

•

Q24. “Sometimes I take [medication] when nobody else is at home or... when everyone at home is
sleeping... Sometimes I leave my home to take the tablets.” (19-year-old man, HIV coinfected,
continuation phase of therapy)
Q25. “[The HCPs visiting my house] revealed my status. They told others that I have TB... I feel
unworthy to live after others came to know that I have AIDS.” (54-year-old man, HIV coinfected,
intensive phase of therapy)

•

Facilitating conditions
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Determinant of low acceptability
Poor counseling regarding 99DOTS
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Quotations
•
•

Perceptions of inadequate or negative
outreach by health care professionals

•

Q26. “One informational paper was given but... I thought it was useless and threw it out. Then
when I came again to collect medicine, they asked me why I was not calling and I told them that I
never received a number to call.” (27-year-old woman, HIV uninfected, intensive phase of therapy)
Q27. “Sometimes I wonder, why do they ask us to call? What is the reason for calling?” (29-yearold man, HIV coinfected, intensive phase of therapy)
Q28. “They [HCPs] didn’t call... no one visited my house yet either.” (35-year-old man, HIV
coinfected, intensive phase of therapy)

Findings From HCPs
The HCP interview findings generally reflected high acceptance
of 99DOTS, with a few exceptions (Figure 2 and Table 3). With
regard to performance expectancy (perceived usefulness), HCPs
generally found 99DOTS to be a helpful tool for monitoring
patients and felt that the technology improved work efficiency.
Higher-level managers found the ability to view patient
adherence and outcomes at an aggregate level to be helpful, as
described in the following quotation:
I am able to see the adherence of the patient in an
analytical way, so it helps me and my staff to directly
monitor the patient. I can randomly call patients from
Mumbai. It’s very easy. Without it, I would have to
open my Excel [spreadsheet] to see [patient details].
[A higher-level administrative officer from Mumbai]
HCPs who interacted directly with patients found that automated
notifications helped them to prioritize high-risk patients and
encourage phone outreach (Table 3, Q29), which strengthened
the patient-HCP relationship and resulted in early identification
of medication adverse effects:
There was one patient who was registered for
99DOTS, but she was not calling. When she was
contacted... she said she was experiencing some side
effects of the drug... So definitely it is helpful. [A
higher-level administrative officer from Mumbai]
Some HCPs reported feeling that they had more time to perform
other tasks (such as documentation), given the reduced time
spent on directly observing medication ingestion by patients
(Q30). HCPs also perceived that patients had improved
adherence because of the feeling that they were being cared for
by the HCPs on the other side of the monitoring technology
(Q31). They also felt that 99DOTS enhanced the frequency and
ease of outreach to patients by phone:

and throw out the tablets. [TB counselor in Tamil
Nadu]
With regard to effort expectancy (ease of use), HCPs generally
found the 99DOTS adherence dashboard to be easy to use and
preferred electronic data entry into the 99DOTS dashboard, as
compared with written records (Q32). They also found it easy
to generate reports through the 99DOTS dashboard in a manner
that prioritizes high-risk patients, as described in the following
quotation:
It’s easy when it comes to reports. Immediately the
report can be pulled out to determine which patients
need to be given priority. [A medical officer from
Tamil Nadu]
The HCPs perceived that some patients found 99DOTS to be
easy to use, but HCPs also affirmed findings from the patient
interviews that many patients, especially those with low literacy
or educational level (Q33), had challenges using 99DOTS:
[Patients] find it easy, but it goes hand in hand with
literacy rate. [A higher-level administrative officer
from Mumbai]
With regard to social influences, HCPs described high uptake
and utilization of 99DOTS by their supervisors and peers, such
that 99DOTS improved coordination among HCPs, which likely
served as a social influence that increased its acceptability
(Q34). For example, the following nurse said that she is easily
able to contact her colleagues in a timely manner due in part to
99DOTS:

Actually, due to the 99DOTS program, communication
[with the patient] has increased... [99DOTS] is
useful...we can call the patient and inform them to
take pills, which is beneficial. [A TB Officer from
Mumbai]
However, in contrast, a few HCPs described concerns about the
accuracy of the adherence record and the quality of the
patient-HCP interaction in the absence of direct observation, as
noted in the following excerpt:

We [HCPs] always have contact [with each other]
through mobile phones. After registering the patient
[in 99DOTS] they will get a message, and then they
will call us and ask for a report on the patient’s status
and we will inform them. I have everyone’s mobile
number. [A staff nurse from Tamil Nadu]
Although HCPs described positive findings across most UTAUT
constructs, many HCPs described suboptimal facilitating
conditions during the rollout of 99DOTS. Technical problems
with implementation included stock outs of 99DOTS envelopes
for wrapping medication blister packs (Q35) and the dashboard
not being updated with adherence information, despite patients
calling to report doses (Q36). Some HCPs reported a lack of
training in 99DOTS (Q37) and difficulty in understanding how
to practically apply the training (Q38) due to lack of
demonstrative teaching:

[Patients] may call us even without taking the tablet
too. We cannot directly observe them with 99DOTS...
[patients] may dial the phone number for our sake

Program clarity was there, but how it was going to
be implemented in the field was not that clear,
because there was no live demonstration of patient
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[interaction] and enrollment during the training
session. [A higher-level administrative officer from
Mumbai]
Some HCPs also described inadequate preparation of personnel
for 99DOTS implementation and unequal changes in workload,
without commensurate increases in personnel. For example,
HCPs in ART centers were previously not responsible for
dispensing TB medications, as HIV-coinfected patients
diagnosed with TB had previously been referred to DOT centers
close to their homes to start treatment (Q39). However, with
implementation of 99DOTS, because HCPs in DOT centers
were no longer monitoring TB patients using facility-based
DOT, the responsibility for dispensing TB medications was
transferred to pharmacists at ART centers, as these pharmacists
also dispensed ART to these patients for their HIV. As a result,
medical officers (ie, doctors), pharmacists, and counselors at

Thomas et al
ART centers found that their workload increased substantially
(Q39), as they had new responsibility for monitoring and
counseling patients regarding their TB treatment and use of
99DOTS, without increased personnel support:
For just the ART tablets, we would count out missing
pills and document them. Now for TB tablets, we also
have to note down how many pills are missing... We
have to fill so many pages... So workload is difficult.
We did not have staff allocated for that change. We
just have to do all the work. [A counselor from Tamil
Nadu]
These concerns by staff at ART centers were in contrast to the
more general opinion among TB staff, in centers that did not
take care of HIV-coinfected patients, that 99DOTS decreased
workload.

Figure 2. Key findings regarding the determinants of acceptance and use of 99DOTS by health care providers, based on the framework of the Unified
Theory of Acceptance and Use of Technology. Most determinants suggest high acceptance, except for facilitating conditions, as indicated by the red
dotted line, which indicates a negative association. HCP: health care provider.
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Table 3. Representative quotations on determinants of health care provider acceptability and use of 99DOTS.
Determinant of health care provider accept- Quotations
ability
Performance expectancy
Perceived improvements in the efficien- •
cy and quality of care
•

Perceived improvements in the patient- •
HCPa relationship

Q29. “The health visitors and TB officers were coming to know who had missed doses in a span
of one or two successive days. So it became easy for the staff to contact those patients and come
to know the reason why patients were missing doses or why they had not called.” (A higher-level
administrative officer from Mumbai)
Q30. “Because [99DOTS uses remote monitoring] instead of daily supervision [i.e., DOT], I can
relax and focus on my work... if I am only meeting a patient once a month, it reduces my work
load.” (A health visitor from Mumbai)
Q31. “The patient mindset has changed...the patient starts to feel that [HCPs] are taking care of me;
that is why they are telling me to make a phone call. So he will continue to take tablets correctly.”
(A counselor from Tamil Nadu)

Effort expectancy
•

Q32. “[99DOTS] is easy from all angles. We are entering data manually as well as updating everything on the online portal. [99DOTS] is better to handle compared to manual entry for maintaining
the [patient] register.” (A senior treatment supervisor from Tamil Nadu)

Patient ease of use was perceived to be •
variable, depending on educational
level

Q33. “Generally if the patient completed a 10th grade education they know how to use the 99DOTS
program.” (A senior treatment supervisor from Mumbai)

Dashboard was easy to use

Social influences
Better coordination and communication •
among HCPs

Q34. “High and medium priority patients are flagged... The patient list is taken and given to the
counselor. A message is forwarded to the [senior treatment supervisors]. Every Thursday, a HIV/TB
meeting is conducted by the HIV/TB coordinator. Data managers share patient information with
the medical officers...” (A medical officer from Tamil Nadu)

Facilitating conditions
Technical problems with implementation

•
•

Inadequate training of HCPs for health •
system changes
•

Q37. Interviewer: “Now, before implementation of 99DOTS program did you receive any training?”
Respondent: “No, nowhere.” (A health visitor from Mumbai)
Q38. “Initially when they were training [staff in 99DOTS], I did not understand anything. Then I
took the class again. That time we got a better understanding of the project. I could only get a better
understanding after I had seen patients individually.” (A pharmacist from Tamil Nadu)

•

Q39. “Compared to ART [HIV treatment] this is difficult to handle... We didn’t have any connection
with DOTS [the national TB program] before. Once we diagnosed TB, we would give a referral
form, and patients would get tablets in the DOT centers... Compared to our previous work, ART
staff are doing much more work now.” (A medical officer from Tamil Nadu)

Changes in workload with 99DOTS
implementation without changes in
HCP staffing

a

Q35. “One of the main problems with 99DOTS is that there was shortage [of envelopes].” (A
medical officer from Tamil Nadu)
Q36. “I have a few patients call repeatedly...the number is correct and registered in the 99DOTS
system. They have been getting the ‘thank you’ message also [which confirms the call was received].
But his treatment status does not get updated on the dashboard.” (A higher-level administrative
officer from Mumbai)

HCP: health care provider.

Discussion

circumstances, including levels of TB- and HIV-related stigma
in their families and communities.

Implications of Findings From Patients With TB

With regard to resources, lack of reliable cell phone
access—including not having a phone, only having access to a
phone shared with family members, lack of electricity for phone
charging, and unreliable cellular signal—considerably hindered
ease of use (effort expectancy). However, cell phone–related
barriers went beyond access alone. Some patients who had
reliable cell phone access reported technology fatigue, expressed
as loss of interest in calling 99DOTS. Technology fatigue has

In this multisite study of the large-scale rollout of a novel DAT,
we identified multiple factors that help to explain differences
in the acceptability of 99DOTS as a monitoring strategy for TB
patients and HCPs. TB patients often had substantially different
perspectives regarding the technology, which were shaped by
variability in patients’ access to resources and social
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also been reported in previous studies of nonsmartphone-based
TB treatment monitoring strategies, in particular two-way SMS
text messaging approaches [17]. This finding may be particularly
concerning because prior evidence suggests that performance
expectancy, or perceived usefulness of the technology, is the
strongest predictor of intention to use a technology. Consistent
with these findings, SMS text messaging reminders alone or
two-way SMS text message–based strategies (ie, in which
patients send SMS text messages to report doses taken) have
been found to be ineffective or less effective than strategies that
combine SMS text messages with other interventions to promote
TB and HIV medication adherence [17-22]. These findings
suggest that reminders and remote monitoring may be
insufficient and that strategies that use technology to facilitate
human interaction, rather than replacing it, may be more
effective in improving medication adherence, a principle
supported by recent trials of DATs in TB and HIV care that
have had more successful outcomes [23-25].
Patients’ individual social circumstances also shaped their
acceptance of 99DOTS. For example, some patients felt that
99DOTS improved the patient-HCP relationship by facilitating
more frequent phone outreach from HCPs, whereas other
patients felt isolated by the reduced face-to-face contact with
HCPs under 99DOTS. In addition, some patients, who
presumably had low TB- and HIV-related stigma within their
household, felt 99DOTS involved family members in their TB
care in a beneficial manner. In contrast, other patients were so
concerned about TB- and HIV-related stigma that they hid their
disease (and pill taking) from family members, which made it
challenging to regularly call 99DOTS.
For patients concerned about stigma, alternative monitoring
strategies may be more or less conspicuous to family members
and others in the community, depending on individual
circumstances. For example, facility-based DOT, in which
patients visit local health centers, where HCPs observe them
take their medications, was previously widely used for
monitoring in India’s TB program. In this approach, individuals
who work outside of the home may be able to visit health
facilities during working hours without their family members’
knowledge; however, for individuals who spend most of their
time at home, engagement with facility-based DOT may be
more noticeable than taking and reporting medications via the
99DOTS strategy.
In contrast, our findings suggest that unmonitored
self-administered therapy—in which patients take their
medication blister packs home with them without having to call
99DOTS—is a strategy that would be less conspicuous for most
patients with concerns about TB-related stigma. Such an
approach makes it easier to take medications discreetly for a
few reasons. First, when medication blister packs were not
wrapped in 99DOTS envelopes, patients could cut up blister
packs into smaller strips that allowed them to be hidden more
easily within the home. Second, cutting up blister packs into
small strips also allowed patients to easily carry these
medications in their pockets, so that medications could be
ingested discreetly outside the home (eg, in a local temple in
one case). Third, not having to dispense and call the 99DOTS
phone number considerably reduced the visibility of the act of
http://mhealth.jmir.org/2020/7/e16634/
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pill taking, particularly for patients who might rely on a family
member’s cell phone to call 99DOTS. For example, one patient
described not being able to call 99DOTS because she took her
medications discreetly in the dark after other family members
went to sleep.
These various factors help to explain suboptimal patient use of
99DOTS [9,10], which contributes to its suboptimal accuracy
for measuring adherence [10]. In our concurrent patient cohort
study assessing 99DOTS’ accuracy for measuring adherence
[10], approximately one-third of patients had not called 99DOTS
in the 3 days before our study team’s unannounced home visit.
However, more than three-fourths of these patients were actually
taking their TB medications, as measured by a positive urine
isoniazid test. Such patterns make sense in light of our
qualitative findings, as many patients had barriers to calling
99DOTS (eg, stigma and lack of phone access) but still
expressed motivation to take TB medications. That cohort study
also found that a small proportion of patients shown as being
adherent on the dashboard were calling 99DOTS but not actually
taking their TB medications [10]. The qualitative findings in
this study suggest that some of these inaccurate signals may be
attributable to shared cell phone use, which sometimes
inadvertently led to inappropriate calling of 99DOTS to report
doses, for instance, when envelopes were separated from blister
packs and given to family members to call in doses.
Our findings also have implications for the potential strengths
and weaknesses of using other DATs to monitor TB medication
adherence in this context. For example, some of the barriers to
ease of use with 99DOTS could potentially be rectified by
providing TB patients with alternative DATs that have a lower
patient burden. For example, digital pillboxes record openings
and closings of the pillbox as a proxy for medication ingestion.
As patients have to open these pillboxes to access their
medications, the patient burden is often considered to be lower
than two-way SMS text messages or cell phone–based DATs
such as 99DOTS, which require patients to take an additional
step (SMS text message or phone call) to report a dose [4]. As
such, the use of digital pillboxes or other alternative technologies
may help to expand the reach of DATs to TB patients who have
unreliable cell phone access or who lose interest in calling every
day.
In contrast, patients who face high TB- and HIV-associated
stigma in their family environment may have challenges not
only with 99DOTS but also with alternative DATs, such as
digital pillboxes or video DOT, because all these technologies
result in pill taking being more noticeable to family members
than might be the case with unmonitored self-administered
therapy. For example, a digital pillbox would likely be even
more difficult to hide from family members than the 99DOTS
medication envelopes and, therefore, may have lower
acceptability for some patients. As such, it is critical that
rigorous research involving diverse patient populations be
conducted before novel DATs are rolled out in the Indian setting
to better understand their potential strengths and weaknesses in
this context.
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Implications of Findings From HCPs
The acceptability of 99DOTS for HCPs was generally high.
HCPs with a variety of roles in the NTEP found the 99DOTS
dashboard to be intuitive and user friendly and most had a
general perception that the system had improved efficiency and
quality of care, the patient-HCP relationship, and coordination
among different HCPs involved in providing care.
However, some HCPs raised concerns about the facilitating
conditions for the 99DOTS rollout. In particular, for HCPs at
ART centers, the implementation of 99DOTS coincided with
a single window approach to dispensing and monitoring both
HIV and TB medications for HIV coinfected TB patients, partly
because 99DOTS allowed centralized monitoring of TB
medication adherence. As a result, counselors, pharmacists, and
medical officers at ART centers voiced concerns about the
increased workload of having to provide longitudinal TB care
for the first time, in addition to their usual responsibilities. A
recent study conducted at ART centers in Karnataka identified
similar problems and found that implementation of 99DOTS
with a single window approach may have adversely affected
TB patient outcomes [11]. These concerns highlight the
importance of anticipating changes in workload with the
implementation of DATs. It was notable that despite the
concerns raised by some HCPs regarding facilitating conditions,
most HCPs still seemed to appreciate many features of 99DOTS.
We have previously described how DATs have the potential to
transform the delivery of TB care if implemented in a manner
that is patient centered [4,26]. For example, DATs have the
potential to help HCPs to remotely view adherence data,
prioritize their outreach efforts to focus on patients at highest
risk, and provide differentiated care to patients based on their
individual adherence records. Our findings suggest that HCPs
understood the potential benefits of these innovations and were
generally open to them. However, a limitation of this qualitative
study is that it only assessed HCPs’ perceptions of 99DOTS’
benefits, rather than the actual accuracy of this technology or
its impact on patient outcomes. 99DOTS’ acceptability may
have been overestimated because of social desirability bias (ie,
patients or HCPs telling interviewers what they thought they
wanted to hear). As already noted, a cohort study, conducted
concordantly with this qualitative study, has revealed concerning
limitations in 99DOTS’ accuracy for measuring true TB
medication adherence [10]. Although HCPs may be enthusiastic
about 99DOTS, there may be serious shortcomings in the quality
of the adherence data they are receiving, which is particularly
concerning when these data are used for public health and
clinical decision making.
Another limitation of our study is that we used a deductive
approach to analyzing data based on the fact that the constructs
in the UTAUT framework have previously been shown to
predict technology acceptance and use. A limitation of this
analytical approach is that we could have potentially missed
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some findings from these interviews that did not clearly fit into
this predetermined framework.
As our patient sample only included individuals currently being
monitored by 99DOTS, we were not able to compare patients’
perceptions of 99DOTS with alternative care delivery strategies,
such as facility-based DOT or unmonitored self-administered
therapy. Although a few patients in our sample compared their
experiences with 99DOTS with prior experiences with
facility-based DOT, a larger sample would be required to draw
definitive conclusions about whether and what types of patients
prefer one monitoring approach over another. In addition,
patients in our sample with prior experience of facility-based
DOT voiced preference for 99DOTS primarily because they
did not have to travel to health facilities on a regular basis;
however, the same benefit could be achieved with unmonitored
self-administered therapy. Future qualitative research should
investigate patient preferences for different types of treatment
monitoring strategies.
Future research may also evaluate whether the provision of
monetary or nonmonetary incentives—or alternatively,
disincentives, such as transition to facility-based DOT for
patients who do not call 99DOTS—could facilitate greater
engagement with the technology. Such studies incentivizing
patients to call 99DOTS should be conducted with caution.
Existing research comparing 99DOTS’ accuracy against
adherence measured via urine isoniazid testing suggests that a
considerable proportion of nonadherent patients, as confirmed
by negative urine isoniazid test results, still call 99DOTS to
report taking medications [10]. The provision of incentives to
increase patient engagement with 99DOTS has the potential to
worsen this problem, which would further decrease the capacity
of 99DOTS to identify patients who are truly not taking their
TB medications.

Conclusions
In this multisite study of the large-scale implementation of
99DOTS, we found that 99DOTS had high acceptability among
HCPs, but patients in India’s public sector TB program had
variable, sometimes negative, perceptions. Our findings
highlight some barriers to the acceptance and use of 99DOTS
that could potentially be mitigated through better rollout and
implementation of the technology, including improvements in
99DOTS counseling (for patients) or training (for HCPs) and
better anticipation of changes in workload for HCPs. In addition,
screening TB patients for specific barriers to accepting or using
99DOTS, such as high levels of TB- and HIV-associated stigma
in the household, lack of reliable cell phone access, or lack of
cell phone literacy—could help target 99DOTS to patients who
are more likely to engage with this technology while also
identifying patients for whom alternative monitoring approaches
(eg, digital pillboxes, video DOT, in-person DOT, or
unmonitored self-administered therapy) should be offered.
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Abstract
Background: Treatment of pulmonary tuberculosis (TB) requires at least six months and is compromised by poor adherence.
In the directly observed therapy (DOT) scheme recommended by the World Health Organization, the patient is directly observed
taking their medications at a health post. An alternative to DOT is video-observed therapy (VOT), in which the patients take
videos of themselves taking the medication and the video is uploaded into the app and reviewed by a health care worker. We
developed a comprehensive TB management system by using VOT that is installed as an app on the smartphones of both patients
and health care workers. It was implemented into the routine TB control program of the Nanshan District of Shenzhen, China.
Objective: The aim of this study was to compare the effectiveness of VOT with that of DOT in managing the treatment of
patients with pulmonary TB and to evaluate the acceptance of VOT for TB management by patients and health care workers.
Methods: Patients beginning treatment between September 2017 and August 2018 were enrolled into the VOT group and their
data were compared with the retrospective data of patients who began TB treatment and were managed with routine DOT between
January 2016 and August 2017. Sociodemographic characteristics, clinical features, treatment adherence, positive findings of
sputum smears, reporting of side effects, time and costs of transportation, and satisfaction were compared between the 2 treatment
groups. The attitudes of the health care workers toward the VOT-based system were also analyzed.
Results: This study included 158 patients in the retrospective DOT group and 235 patients in the VOT group. The VOT group
showed a significantly higher fraction of doses observed (P<.001), less missed observed doses (P<.001), and fewer treatment
discontinuations (P<.05) than the DOT group. Over 79.1% (186/235) of the VOT patients had >85% of their doses observed,
while only 16.4% (26/158) of the DOT patients had >85% of their doses observed. All patients were cured without recurrences.
The VOT management required significantly (P<.001) less median patient time (300 minutes vs 1240 minutes, respectively) and
transportation costs (¥53 [US $7.57] vs ¥276 [US $39.43], respectively; P<.001) than DOT. Significantly more patients (191/235,
81.3%) in the VOT group preferred their treatment method compared to those on DOT (37/131, 28.2%) (P<.001), and 92%
(61/66) of the health care workers thought that the VOT method was more convenient than DOT for managing patients with TB.
Conclusions: Implementation of the VOT-based system into the routine program of TB management was simple and it
significantly increased patient adherence to their drug regimens. Our study shows that a comprehensive VOT-based TB management
represents a viable and improved evolution of DOT.
(JMIR Mhealth Uhealth 2020;8(7):e17658) doi:10.2196/17658
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Introduction

Methods

Over 10 million people have been reported to develop
tuberculosis (TB) in a year globally [1]. Although the incidence
of TB in China has been decreasing faster than the rates of
global decline, 800,000 TB cases are still being diagnosed
annually [2-4], thereby imposing a significant cost on the
nation’s health care system. To achieve a high probability of
cure with the current treatment regimens, patients with TB must
take a combination of drugs for at least 6 months if the strain
is sensitive to all antibiotics and for even longer periods if the
strain is drug-resistant. If patients stop taking drugs when they
feel better or if they miss a significant proportion of their doses,
their chances of being cured are reduced. To encourage patient
compliance with the treatment regimen, the World Health
Organization has a strategy known as the directly observed
therapy (DOT), which requires the patients to come to a health
post daily to receive their pills so that their pill intakes are
monitored. DOT has been credited with improved cure rates in
some settings [5,6] but it presents challenges for both patients
and the health care workers such that its implementation has
become limited [7-10]. DOT imposes a burden on patients in
terms of the time needed each day to visit the health post and
the consequent absence from home or work responsibilities, the
possible cost of transportation, particularly in rural areas, as
well as the potential stigma. In addition, the daily administration
of medication to all patients with TB is challenging for the
health care staff.

Settings

Using the technical capabilities of smartphones, several studies
have explored alternatives that employ video-observed therapy
(VOT), which are less disruptive to the patients’ work and
family life, more cost-effective, and improves the patients’
access to doctors [11-13]. The World Health Organization
conditionally recommended VOT as an alternative to DOT in
2017, but the evidence was graded as weak because only few
randomized controlled trials had been published [14,15]. In the
VOT method, the patients either connect via a computer or a
smartphone to health care workers who will observe them
swallowing the medication in real time [16,17] or alternatively,
the patients record videos of themselves taking the pills and
then send the videos to the health care workers who can view
these videos at their convenience [18].
We developed a comprehensive software for the management
of patients with TB by using video monitoring through mobile
phones, thereby combining the advantages and the convenience
of the VOT method mentioned above. The patients visit their
health posts weekly to collect their medications and send videos
of themselves taking their pills daily in real time to the health
care workers who can review these videos at their convenience.
In this study, we evaluate the software for this VOT strategy
and its implementation into the routine TB control program of
the Nanshan District of Shenzhen, China, and compare the
effectiveness of VOT with that of DOT by examining the
retrospective data from patients during the year preceding the
implementation of the VOT-based program.
https://mhealth.jmir.org/2020/7/e17658
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Shenzhen is a rapidly growing metropolis in the south of China
that attracts internal migrant workers from all over the country.
The Nanshan District is located in the southwest of Shenzhen,
with an area of 187.53 square kilometers and a per capita gross
domestic product of US $51,000 in 2018 [19], which is the
highest for all districts or counties in China. The penetration
rate of mobile phones among the residents and workers in
Shenzhen is estimated to be over 90%.

Study Design and Participants
We assessed the effectiveness of the comprehensive TB
management system that was implemented in September 2017
as the routine management procedure in the Center for Chronic
Disease Control (CCDC) of the Nanshan district of Shenzhen,
China. Patients beginning treatment for TB between September
2017 and August 2018 were enrolled into the VOT group, and
their data were compared with the retrospective data collected
from patients who began TB treatment between January 2016
and August 2017 and were managed with routine DOT. All
health care workers involved in the management of patients
with TB in the Nanshan District participated in the study, and
they had managed patients on DOT before VOT was
implemented.
The inclusion criteria were as follows: (1) patients with
pulmonary drug-sensitive TB who were treated and managed
in the Nanshan CCDC; (2) patients who received a regimen
containing only oral medication with fixed-dose combination
(FDC) pills at an outpatient facility; and (3) patients who
voluntarily provided informed consent to allow their data to be
used in research studies. Exclusion criteria were as follows: (1)
the presence of other conditions that could compromise the
performance of VOT or DOT such as mental disorders, visual,
hearing, or speech impairment, or the inability to live on their
own; (2) patients who for any reason stopped their anti-TB
treatment at the Nanshan CCDC, and (3) patients who did not
have a smartphone with an internet connection or a family
member with a smartphone and internet connection who could
help them.

Comprehensive TB Management System
The software for the comprehensive TB management system
was independently developed by the Nanshan CCDC. It consists
of an app loaded onto the mobile phones of both patients and
the medical personnel and a web-based monitoring platform.
This app can be used in smartphones with Android or iPhone
operating systems, but it is currently available only in Mandarin
(Figure 1). This app has multiple functions, including an easy
interface to report the side effects, reminders for scheduled
medical appointments during treatment, and quantity
management of the medicines for the health posts. The patients
in the VOT group received training for the following modules
in the app: setting up an account, logging into the account,
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17658 | p.813
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setting the time for their medication reminder, recording and
uploading a video, reporting side effects, and communicating
with a health care worker. When the patient logs in to the app,
a daily pop-up message asks if they notice any adverse reactions,
with a selection of options concerning their symptoms and
duration and an empty space to describe the problem in detail.
Patients can also log into the app at any time to report adverse
reactions. If there are no adverse reactions, the patient ignores
this pop-up message. This app includes a daily alarm set by the
patients based on their own preferences, which reminds them
to take their medication. The patients takes a video of them

Guo et al
swallowing the pills, which is uploaded in real time to the app
server. Patients cannot store the video to upload at a later time.
The health care workers assigned to monitor each patient can
view the videos at their convenience. If a patient does not send
a video for a whole day, after midnight, the app shows a pop-up
message on the patient’s phone reminding him/her to take the
medication and upload the video. The health care worker for
each patient also receives a message that the patient did not
upload the video and the health care worker will contact the
patient on the following day through the app or by a phone call
to remind him/her to take the medication and send the video.

Figure 1. Schematic representation of the data collection and transmission on the comprehensive tuberculosis management system. TB: tuberculosis.

DOT and VOT procedures
Treatment management with DOT was performed according to
the current clinical practice. Most patients with TB in Nanshan
are prescribed pills containing FDC of more than one drug per
pill, and the patients are instructed to come daily to the
community health service center (CHSC) to be observed while
taking their medication. The patients requiring nonstandard
doses are prescribed pills with the individual drugs that must
be taken 2 or 3 times a day. These patients obtain their medicines
every 15 days and self-administer these medicines at home. Of
the 158 patients in the DOT group who began taking FDC pills
once a day at the CHSC, 56 patients had their therapeutic
regimen changed to pills with individual drugs, usually because
of adverse effects, and the period during which they did not
take the FDC pills once daily was excluded from the study.
Patients on VOT management were prescribed FDC drugs and
they went to the CHSC every 7 days to receive their medication.
Of the 235 patients in the VOT group, 31 patients changed their
therapeutic regimen from FDC pills to individual drug pills,
and only the period when the patients took the FDC pills once
a day was evaluated.
Patients on DOT who failed to visit the health posts daily and
patients on VOT who did not send a video were telephoned by
health care workers the next day to ask why they missed sending
the video and to remind them to take medication. If they could
not be telephoned successfully, the health care workers would
visit their home within 7 days. If the patient in the VOT group
did not upload a video for 3 consecutive days, they were advised
https://mhealth.jmir.org/2020/7/e17658
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to transfer to DOT management. Several patients on DOT
adamantly refused to come to the health post daily and were
allowed to take their medications at home unobserved.
After successfully finishing the therapy, patients were advised
to return to the Nanshan CCDC every 6 months to undergo chest
radiography and a sputum smear test for investigation of a
recurrence. If they did not return to the CCDC, they would be
telephoned and asked to go to the clinic or to report the results
of the follow-up tests that they might have done elsewhere.
Moreover, periodically, the Nanshan CCDC searched for new
diagnostic results of the patients who had finished their TB
treatment on the web-based TB information management system
set up by the National Center for TB Control and Prevention.
All diagnosed TB cases were required to be listed in this
registry.
A total of 66 trained health care workers at 66 CHSCs were
involved in viewing the videos on the app and briefly seeing
the patients when they collected their medications each week.
In addition, the patients routinely visited a TB specialist at the
Nanshan CCDC every 2 weeks for the first 2 months of
treatment and every month for the remainder of the
treatment—normally 4 additional months—and blood and urine
specimens were obtained for routine tests during these visits.
In these visits, the specialists asked the patients whether they
missed their doses in order to check the validity of the DOT or
VOT records. The TB specialists also periodically reviewed the
information provided by the app on the medication stocks.
Follow-up sputum smears for microscopy were taken after 2,
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3, 5, and 6 months of treatment. Chest radiography images were
obtained every 1 or 2 months.

Results

Data Collection

Patient Characteristics

Responding to questionnaires before and after treatment is the
standard procedure for all patients with TB. These questionnaires
were handwritten by the patients in the DOT group and
electronically completed by the patients in the VOT group. The
questionnaire consisted of questions on the sociodemographic
variables. After the patients completed the treatment, they were
asked to assess their acceptance and satisfaction of their
treatment management as well as their incurred costs. The data
on compliance and clinical results were collected from
handwritten records of the patients on DOT and from the
comprehensive TB management system records for the patients
on VOT. All patient information was made irreversibly
anonymous. After the implementation of the project, we asked
66 health care workers to complete an electronic questionnaire
on their attitudes toward patient management with DOT and
VOT.

This study initially consisted of 393 cases of rifampicin-sensitive
pulmonary TB, with 158 patients in the DOT group and 235
patients in the VOT group. There were no statistical differences
between the 2 groups in any of the clinical or sociodemographic
parameters recorded (P>.05) (Table 1 and Table 2). Of the 290
patients initially registered for TB treatment with FDC pills at
the Nanshan CCDC between September 2017 to August 2018,
only 2.1% (6/290) were excluded from the study because they
or their family members lacked a smartphone with an internet
connection. Another 49 patients were excluded because they
stopped their treatment in Nanshan for reasons including moving
out of Shenzhen, stopping their treatment on their own, or
because it was no longer possible to contact them. The mean
time for learning to use the app was 5.7 (SD 6.6) minutes.

Treatment adherence was measured by the number of missed
medications, the number of times the patient discontinued their
medications for 3 or more continuous days, and the fraction of
doses observed, which is the number of the directly observed
or video-observed doses divided by the total number of doses
expected to be taken during the course of the treatment.
Patients were asked about the time required to go from their
point of departure to the CHSC to obtain their medications, the
travel costs, and how long the they typically spent in the CHSC
to obtain their medicines and see a health care worker. The total
number of trips to the CHSC during the course of treatment was
collected from the patient records. The time and costs for single
visits were then multiplied by the total number of trips to the
CHSC to obtain the total time and total costs for the patients to
obtain their medications. The median cost during the VOT study
period was ¥7 (US $1).

Statistical Analysis
We used Kruskal-Wallis test, chi-square test, and Fisher’s exact
test within SPSS version 19.0 (IBM Corp) to evaluate the
possible differences between the DOT and VOT groups in the
sociodemographic characteristics, clinical features, treatment
adherence, patient time and costs, positive sputum smear
findings, and patient and health care worker satisfaction.
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Validity and Utility of the TB Management Systems
Medication Adherence
The fraction of the doses observed in the VOT group was
significantly higher than that observed in the DOT group
(P<.001), with 63.0% (148/235) versus 4.4% (7/158) having
≥95% of their doses observed, respectively (Table 3). The VOT
group also had significantly less missed observed doses (P<.001)
and discontinuations (P=.002) than the DOT group. In the DOT
group, 55.1% (87/158) of the patients had less than 50% of their
doses observed at the CHSC, but 74.1% (117/158) reported no
missed doses. This discrepancy is because many of the patients
in the DOT group often refused to come to the CHSC daily and
were given medications to self-administer at home, which they
reported to have taken. Similarly, in the VOT group, only 63.0%
(148/235) of the patients had ≥95% of their expected doses
observed and 91.1% (214/235) of the patients reported no missed
doses. The striking difference was that 79.1% (186/235) of the
VOT patients had ≥85% of their doses observed, while only
16.4% (26/158) of the DOT patients had ≥85% of their doses
observed. Five patients in the VOT group failed to send a video
for at least three consecutive days and were advised to transfer
to DOT management, but all of them requested to be allowed
to remain on VOT (Table 3).
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Table 1. Sociodemographic characteristics of the patients in the DOTa and VOTb groups.
Patient demographics

DOT group (n=158), n (%)

VOT group (n=235), n (%)

Gender

.28

Male

102 (64.6)

139 (59.1)

Female

56 (35.4)

96 (40.9)

Ethnicity

.06

Han nationality

157 (99.4)

225 (95.7)

Others

1 (0.6)

10 (4.3)

Occupation

.59

Food and beverage industry

3 (1.9)

3 (1.3)

Cadre staff

78 (49.4)

134 (57.0)

Workers

27 (17.1)

33 (14.0)

Domestic and unemployed

33 (20.9)

33 (14.0)

Teachers

1 (0.6)

1 (0.4)

Retired personnel

2 (1.3)

4 (1.7)

Students

9 (5.7)

17 (7.2)

Other

5 (3.2)

10 (4.3)

Education level

.31

Junior high school and below

29 (18.4)

39 (16.6)

High school

65 (41.1)

115 (48.9)

Undergraduate and above

64 (40.5)

81 (34.5)

Social health insurance status

.91

Shenzhen Medical Insurance 1st

64 (40.5)

87 (37.0)

Shenzhen Medical Insurance 2nd

38 (24.1)

61 (26.0)

Shenzhen Medical Insurance 3rd

13 (8.2)

26 (11.0)

Medical insurance outside Shenzhen

15 (9.5)

19 (8.1)

No medical insurance

16 (10.1)

22 (9.4)

Other

12 (7.6)

20 (8.5)

Was there a stable residence during the period of treatment?

.98

No

10 (6.3)

15 (6.4)

Yes

148 (93.7)

220 (93.6)

Annual family total income (¥), (~Max USD)

.47

<10,000 ($1,430)

1 (0.6)

2 (0.9)

10,000-99,999 ($14,300)

64 (40.5)

104 (44.3)

100,000-199,999 ($28,600)

49 (31.0)

67 (28.5)

200,000-299,999 ($42,900)

32 (20.3)

34 (14.5)

300,000-399,999 ($57,200)

7 (4.4)

13 (5.5)

≥400,000

5 (3.2)

15 (6.4)

Age (years)

XSL• FO
RenderX

.22

<25

39 (24.7)

75 (31.9)

25-44

99 (62.7)

139 (59.1)

45-64

17 (10.8)

20 (8.5)

≥65

3 (1.9)

1 (0.4)
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DOT: directly observed therapy.

b

VOT: video-observed therapy.

Table 2. Clinical features of the patients in the DOTa and VOTb groups.
Clinical features

DOT group (n=158), n (%)

VOT group (n=235), n (%)

N/Ac

Abnormal chest radiographs
Yes

158 (100.0)

235 (100.0)

No

0 (0)

0 (0)

Cavity

.28

Yes

36 (22.8)

43 (18.3)

No

122 (77.2)

192 (81.7)

Registration classification

.65

New patients

157 (99.4)

232 (98.7)

Patients with recurrence

1 (0.6)

3 (1.3)

Symptoms

.16

Night sweat

1 (0.6)

0 (0)

Cough for less than 2 weeks

14 (8.9)

22 (9.4)

Cough for more than 2 weeks

34 (21.5)

57 (24.3)

Cough sputum for less than 2 weeks

3 (1.9)

0 (0)

Cough sputum for more than 2 weeks

1 (0.6)

0 (0)

Hemoptysis or blood sputum

7 (4.4)

17 (7.2)

Chest tightness

0 (0)

3 (1.3)

Chest pain

10 (6.3)

19 (8.1)

Asymptomatic

88 (55.7)

117 (49.8)

Sputum smears at the time of diagnosis

.91

Negative

125 (79.1)

194 (82.6)

2-3 bacilli/300 fields of view

0 (0)

1 (0.4)

4-10 bacilli/300 fields of view

3 (1.9)

2 (0.9)

3-9 bacilli/100 fields of view

7 (4.4)

11 (4.7)

1-9 bacilli/10 fields of view

8 (5.1)

9 (4.3)

1-9 bacilli/field of view

6 (3.8)

7 (3.0)

≥10 bacilli/field of view

9 (5.7)

11 (4.7)

Sputum cultures at the time of diagnosis

a

P value

.37

Positive

72 (45.6)

118 (50.2)

Negative

86 (54.4)

117 (49.8)

DOT: directly observed therapy.

b

VOT: video-observed therapy.

c

Not applicable: Chi-square test or Fisher’s exact test could not be used when 2 groups are compared with all cases representing the same results.
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Table 3. Compliance with medication and adverse event management of the patients.
DOTa group (n=158), n (%)

Characteristics

VOTb group (n=235), n (%)

c

<.001

Fraction of the doses observed (%)
<50

87 (55.1)

7 (3.0)

50-74

22 (13.9)

19 (8.1)

75-84

23 (14.9)

23 (9.8)

85-89

10 (6.3)

17 (7.2)

90-94

9 (5.7)

21 (8.9)

7 (4.4)

148 (63.0)

≥95
Reported missed medication doses

d

<.001

0

117 (74.1)

214 (91.1)

1-5

35 (22.2)

19 (8.1)

6-10

5 (3.2)

0 (0)

>10

1 (0.6)

Number of times the medication was discontinued for ≥3 days

1 (0.4)
e

.002

0

147 (93.0)

230 (97.9)

1

10 (6.3)

2 (0.9)

2

0 (0)

2 (0.9)

4

0 (0)

1 (0.4)

5

1 (0.6)

0 (0)

Adverse events reported by patients

.13

Yes

30 (19.0)

60 (25.5)

No

128 (81.0)

175 (74.5)

Number of adverse events reported by patients

.22

0

128 (81.0)

175 (74.5)

1

26 (16.5)

54 (23.0)

2

3 (1.9)

6 (2.6)

3

1 (0.6)

0 (0)

Suspension due to medical advice

.19

Yes

33 (20.9)

37 (15.7)

No

125 (79.1)

198 (84.3)

Number of suspensions due to medical advice

a

P value

.22

0

125 (79.1)

198 (84.3)

1

33 (20.9)

35 (14.9)

2

0 (0)

1 (0.4)

4

0 (0)

1 (0.4)

DOT: directly observed therapy.

b

VOT: video-observed therapy.

c

The number of observed doses divided by the total number of doses expected to be taken. The numerator includes either directly observed or
video-observed doses, excluding those obtained by self-report. The denominator includes the self-administered medications; it does not include periods
when the treatment was suspended based on medical advice because of side effects.
d

Missed doses reported by the patients, as the patients on VOT could have taken their medications but they may have forgotten to record a video or
they may have self-administered DOT medications at home; therefore, the patients could have taken the reported doses more than the ones observed
by the health care workers.
e

The times when patients missed their doses for at least three consecutive days on their own, not including the occasions when medication was suspended
owing to medical advice.
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Clinical Results
At the time of the diagnosis, 33 of the 158 patients in the DOT
group showed positive sputum smear findings, while 40 showed
smear-negative and culture-positive findings. Of the 235 patients
in the VOT group, 40 showed positive smear findings and 82
showed negative smears but positive culture findings. Because
clinical improvement was followed based upon sputum smear
findings, only patients with positive smear findings could be
compared to monitor the treatment success by observing for the
clearance of the bacilli from the sputum. In most patients, the
bacilli were cleared from the sputa after 2 months of therapy,
but more patients in the DOT group required 3 months (15%,
5/33 vs 5%, 2/40) or 5 months (3%, 1/33 vs 0%, 0/40) for their
sputum smear findings to be negative than those in the VOT
group, respectively, although the difference was not statistically
significant (P=.17). All patients showed negative smears by the
end of their 6 months of treatment, and no recurrences were
recorded in either group after at least six months of follow-up.

Management of the Side Effects
Adverse events were reported to the health care workers by
19.0% (30/158) of the patients in the DOT group and 25.5%
(60/235) patients in the VOT group (Table 3). Medication was
suspended in 20.9% (33/158) of the patients in the DOT group
and 15.7% (37/235) of the patients in the VOT group, most
commonly for abnormal results for liver function tests and for
rash, itching, or hives. None of the differences between the 2
groups related to side effects was statistically significant
(P>.05), but significantly more patients in the DOT group

(P<.001) than those in the VOT group had their therapeutic
regimen changed (35.4%, 56/158 vs 13.2%, 31/235,
respectively).

Patient Transportation Time and Expenditures
Time Required
After completing the treatment, the patients were given
questionnaires about various aspects of their experiences during
the treatment. These questionnaires were completed by 82.9%
(131/158) of the patients in the DOT group and 100.0%
(235/235) of the patients in the VOT group, although not all the
participants answered all the questions. Approximately 64.8%
(81/125) of the patients in the DOT group and 59.1% (130/220)
of the patients in the VOT group walked from their homes or
places of work to the CHSC, and the median distance was 1.0
km. The median time for a one-way trip to the CHSC in the
DOT group and VOT group was 10 minutes and 15 minutes,
respectively, but the difference was not statistically significant
(P=.25). If all patients complied with the expected number of
visits to the CHSC and CCDC, the median total time spent
traveling for their daily visits over 6 months would have been
about 3600 minutes or 60 hours in the DOT group compared
to 720 minutes or 12 hours in the VOT group. The time
calculated from the actual median number of visits was much
less in the DOT group, that is, 1240 minutes or 21 hours,
because 55.1% (87/158) of the patients skipped more than half
of the expected daily CHSC visits. In contrast, the median time
calculated from the actual visits to the CHSC in the VOT group
was 300 minutes or 5 hours (Table 4).

Table 4. Transportation time to the community health service center and the transportation costs incurred by the patients.

a

Transportation time and costs

DOTa group, median (IQR)

VOTb group, median (IQR)

P value

One-way distance (km)

1 (0.55, 2)

1 (1, 2)

.01

Time for one-way trip (min)

10 (5, 30)

15 (10, 20)

.25

Cumulative total time for the trips (min)

1240 (540, 3041)

300 (140, 720)

<.001

One-way cost of transportation (¥)c

2 (2, 5)

2 (1, 5)

.32

Cumulative total cost of transportation (¥)

276 (115, 552)

53 (25.5, 208)

<.001

DOT: directly observed therapy.

b

VOT: video-observed therapy.

c

¥1=US $0.14

Transportation Costs
Of the patients reporting the details of their visits to the CHSC,
35.2% (44/125) in the DOT group and 40.9% (90/220) in the
VOT group could not walk to the CHSC and were given funds
for public transportation. The median transportation cost of a
round trip visit to the CHSC, according to the patients who
completed the questionnaire, was about ¥4 (US $0.57), resulting
in an estimated total transportation cost of ¥96 (US $13.71) for
the VOT patients compared with ¥720 (US $102.86) for the
DOT patients. Although the actual costs were less, especially
because most DOT patients self-administered many of their
doses at home, the VOT patients still spent much less on
transportation than the DOT patients (¥53 [US $7.57] vs ¥276
[US $39.43], respectively; P<.001) (Table 4).
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Acceptance and Satisfaction
Satisfaction with the Management Methods
The patients in the DOT group were evenly divided about the
ease of completing their drug regimen with half (49.6%, 65/131)
regarding it as easy or very easy and half (50.4%, 66/131)
regarding it as difficult or very difficult. In contrast, 93.2%
(219/235) of the patients in the VOT group described it as easy
or very easy, 6.8% (16/235) as difficult, and none described this
method as very difficult. In the VOT group, 80.4% (189/235)
thought that the use of the app could reduce the number of
missed doses, while only 32.1% (42/131) in the DOT group
thought that the daily visits would reduce the missed doses. Of
the DOT patients, 40.5% (53/131) were satisfied or very
satisfied, while 35.1% (46/131) were not satisfied or were very
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17658 | p.819
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dissatisfied with their treatment management, and 71.8%
(94/131) referred a self-administered scheme to the daily visits.
Of the patients on VOT, 81.3% (191/235) were satisfied or very
satisfied, with only 3.4% (8/235) not satisfied, and 81.3%
(191/235) indicated they would prefer this method of treatment
(Table 5).
The majority of the patients in both the groups (64.9%, 85/131
in DOT and 56.6%, 133/235 in VOT) felt that there was no
violation of their privacy, but a significant minority (25.2%,
33/131 in DOT and 37%, 87/235 in VOT) thought that there
were occasional violations, and privacy violations were felt to
be often or always by 9.9% (13/131) of the patients in the DOT
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group and 6.4% (15/235) of the patients in the VOT group
(Table 5).
Of the 66 health care workers who completed the survey, 24%
(16/66) were males with a mean age of 36.20 (SD 7.19) years;
30 were nurses, 24 were physicians, 7 were pharmacists, 2 were
public health doctors; and there was a laboratory worker, a social
worker, and a cashier. All had worked with both the DOT and
VOT methods. Most health care workers (92%, 61/66) thought
that the VOT method was convenient to manage patients with
TB, as it could improve the management of the patients with
TB (86%, 57/66) and they preferred the VOT method over the
DOT method (85%, 56/66) (Table 5).
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Table 5. Measurements of the satisfaction of the patients and the health care workers with the DOTa or VOTb methods.
Questions

DOT group (n=131), n (%)

VOT group (n=235), n (%)

What do you think of going to the CHSCc daily or of using an app to upload a video daily?

P value

Health care workers
(n=66), n (%)

<.001

Very easy

25 (19.1)

122 (51.9)

N/Ad

Easy

40 (30.5)

97 (41.3)

N/A

Little difficult

52 (39.7)

16 (6.8)

N/A

Very difficult

14 (10.7)

0 (0)

N/A

What is the frequency of the perceived privacy violation going to the CHSC or taking and uploading a video? .12
Always

6 (4.6)

7 (3.0)

N/A

Often

7 (5.3)

8 (3.4)

N/A

Occasionally

33 (25.2)

87 (37.0)

N/A

No

85 (64.9)

133 (56.6)

N/A

Does your management method reduce the number of missed medications?

<.001

Yes

42 (32.1)

189 (80.4)

N/A

No

89 (67.9)

46 (19.6)

N/A

Which management method do you prefer?

<.001

Their current management method

37 (28.2)

191 (81.3)

N/A

Self-administered medication

94 (71.8)

44 (18.7)

N/A

Are you satisfied with the prescribed management method?

<.001

Very satisfied

23 (17.6)

98 (41.7)

N/A

Fairly Satisfied

30 (22.9)

93 (39.6)

N/A

Just Satisfied

32 (24.4)

36 (15.3)

N/A

Not satisfied

35 (26.7)

8 (3.4)

N/A

Very dissatisfied

11 (8.4)

0 (0)

N/A

e

N/A

Was the VOT app convenient for managing patients with TB ?
To a large extent

N/A

N/A

61 (92)

Rarely

N/A

N/A

4 (6)

No

N/A

N/A

1 (2)

Could the VOT app improve the standard management of patients with TB?

N/A

To a large extent

N/A

N/A

57 (86)

Rarely

N/A

N/A

8 (12)

No

N/A

N/A

1 (2)

Which management method did the health care workers prefer?

a

N/A

VOT

N/A

N/A

56 (85)

DOT

N/A

N/A

1 (2)

No special preference

N/A

N/A

9 (14)

DOT: directly observed therapy.

b

VOT: video-observed therapy.

c

CHSC: community health service center.

d

Not applicable.

e

TB: tuberculosis.
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Acceptance of the App
In the VOT group, 96.6% of the patients (227/235) could record
the medication administration video by themselves, and the
same proportion of patients thought that uploading the video
was simple or very simple. Eight patients needed the help of
their family to record and upload the videos; 88.9% (209/235)
of the patients reported that problems using the app or in
uploading the videos occurred less than 10% of the time (Table
6).

Guo et al
The health care workers reported that the duration of the videos
was approximately 10-30 seconds each. The mean, median,
maximum, and minimum number of patients that each health
care worker managed were 3.6, 2, 1, and 19, respectively. The
majority (89%, 59/66) of the health care workers were satisfied
with the app interface, the time required to work with the app
(85%, 56/66), and the quality of the video recordings (88%,
58/66). For the majority of the health care workers (96%, 63/66),
problems with the app occurred less than 10% of the time.

Table 6. Acceptance of the patients on VOTa and health care workers with the use of the app.
Questions

Patients on VOT (n=235), n (%)

Health care workers (n=66), n (%)

Yes

227 (96.6)

N/Ab

No

8 (3.4)

N/A

Could you record the medicine administration video by yourself?

What is the degree of difficulty in using the app to upload the medicine administration video?
Very simple

143 (60.9)

N/A

Simple

84 (35.7)

N/A

A little difficult

8 (3.4)

N/A

How frequently (%) did the app cause problems during the course of the treatment?
0

57 (24.3)

18 (27)

<10

152 (64.7)

45 (68)

<50

21 (8.9)

2 (3)

≥50

5 (2.1)

1 (2)

Very satisfied

153 (65.1)

32 (48)

Satisfied

80 (34.0)

27 (41)

Not satisfied

2 (0.9)

7 (11)

Are you satisfied with the app interface?

Are you satisfied with the time spent on the medicine administration videos?
Very satisfied

156 (65.1)

37 (56)

Satisfied

77 (32.76)

19 (29)

Not satisfied

2 (0.9)

10 (15)

Very satisfied

N/A

36 (55)

Satisfied

N/A

22 (33)

Not very satisfied

N/A

8 (12)

Are you satisfied with the quality of the video recording?

a

VOT: video-observed therapy.

b

Not applicable.

Discussion

acceptance by patients and medical staff, the VOT management
system performed better than the DOT management system.

Principal Findings

On the basis of the findings for smears and cultures, 46.2%
(73/158) of the DOT patients and 51.9% (122/235) of the VOT
patients had a bacteriologically confirmed diagnosis of TB,
which is higher than the overall rate of bacteriologically
confirmed diagnosis of TB cases of 37% for China [20].
However, the proportion of patients who showed positive smears
was low: 20.9 % (33/158) of the patients in the DOT group and
17.4% (41/235) of the patients in the VOT group. Because

In this study, we compared the management of patients with
TB with a comprehensive VOT management system and the
management of patients on DOT by using retrospective data
from the year preceding the implementation of VOT. In terms
of the number of medication doses observed, missed doses,
patient time required and transportation costs, ease of use, and
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therapy was only followed on the basis of the monthly sputum
smears, only this small proportion of patients could be followed
up for the clinical results. In these patients with positive smears,
there was no statistical difference (P=.17) in the clinical results,
and all the patients showed negative smears after completing 6
months of treatment. However, 95% (38/40) of the patients on
VOT had negative smears at 2 months and 100% (40/40) of the
patients on VOT showed negative smears at 3 months, while
82% (27/33) of the patients on DOT showed negative smears
at 2 months, 97% (32/33) showed negative smears at 3 months,
and 1 patient on DOT showed a positive smear at 5 months.

patients who took pills more than once a day were excluded.
However, if patients need to take a medication more than once
a day at home, it should be feasible to send 2 or 3 videos daily,
and we plan to implement this possibility in the future. Another
limitation is that this study included only patients with
drug-sensitive TB, whereas compliance is even more critical
for curing patients with drug-resistant TB, who require long
treatment regimens with drugs that often have more adverse
reactions. VOT would likely be especially useful for these
patients [17] with whom DOT has been shown to improve
compliance [5].

Even in cities with local health posts that are close to the
residence of most patients, daily DOT visits can interfere with
the responsibilities at home and at work. Although DOT
management requires patients come to the health post daily to
be observed while taking their medications, many patients
refused to come every day and they were given medications to
take home, which they generally reported as faithfully
self-administered. While we suspected that compliance with
DOT might be a problem in China, and perhaps also in other
places [21], we did not expect to find that only 1 out of 6
(16.4%) DOT patients had >85% of their doses observed. In
contrast, 4 out of 5 (79.1%) of the VOT patients had >85% of
their doses observed. Our study also found that the patient costs
for transportation and patient time required for health post visits
were considerably decreased with VOT, which likely contributed
to the success and acceptance of VOT.

China is a country wherein VOT could be very successful,
especially in large cities like Shenzhen, wherein smartphone
penetration is very high and users are accustomed to working
with a variety of apps. However, the penetration of mobile
phones and facilities with their use may be less in the rural areas
of China and in many countries with high TB burden and less
resources and infrastructure, and their cost and inadequate
internet data connections could be obstacles for VOT
management. However, VOT could be the most valuable and
cost-effective in these settings because it is in these settings that
patients live far from the nearest health posts [27,28]. To
function adequately in rural, low-infrastructure settings, the
uploading protocol may need to be adapted to work with
intermittent internet connectivity while still ensuring that each
video has a time stamp and can only be sent once. This was a
retrospective study that compared the results of DOT
management for TB control in the Nanshan district with the
results after the implementation of the comprehensive TB
management system with VOT. If the entire study had been
carried out in a carefully optimized prospective manner, perhaps
the results of all the aspects would have been better than what
we observed [29]. However, the results reported here represent
what can routinely be expected from VOT implementation in
a TB control program because the low proportion of doses that
were actually observed with patients on DOT is likely
commonplace in many DOT programs in China and perhaps
elsewhere [15,30]. We believe that the significant increase in
the observed doses with VOT could be a robust finding for
programs adopting a comprehensive VOT management system
such as that described by us [12,15,18,20].

DOT can also be a burden on the health care system [22]. In
the health care system of the Nanshan district, each health care
worker had few patients with TB, but the health care workers
had a heavy work burden because they also routinely cared for
patients with 13 other conditions, including diabetes,
hypertension, and mental illness, and they are involved in
maternal and child health care. It was thus not surprising that
they were appreciative of the management app that reduced
patient visits, thereby saving them time. Similarly, in the typical
settings of countries with a high TB burden, wherein
overburdened health care workers are responsible for many
patients on TB treatment, the VOT app should produce
considerable savings in time and effort for the health care staff.
An additional advantage of the comprehensive TB management
system is that it automatically monitors the number of patients
on therapy, the medication inventories, the clinical results, the
incidence of adverse events, and patient compliance in real time.
Noncompliant patients or patients with side effects can be
identified without delay and they can be contacted. The system
thus avoids the need to collect records from various sources or
databases so that both patient care and record keeping are more
efficient and require less work by the health care system [22-26].

Limitations
This study had the following limitations. In this study, only
patients who took FDC pills once a day were included and
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Conclusions
After the implementation of a VOT-based comprehensive TB
management system into the routine management of patients
with TB in the Nanshan District of Shenzhen, the treatment
compliance of patients was found to be significantly higher than
that with the previous model using DOT. The VOT management
system for TB required less patient time, low transportation
costs, was easily adopted by the patients, and achieved high
rates of satisfaction by both patients and health care workers.
The findings of our study suggest that the adoption of the VOT
system is feasible for TB control programs and will perform
better than using the DOT strategy for the treatment of TB.
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Abstract
Background: Pulmonary rehabilitation is one of the main interventions to reduce the use of health resources, and it promotes
a reduction in chronic obstructive pulmonary disease (COPD) costs. mHealth systems in COPD aim to improve adherence to
maintenance programs after pulmonary rehabilitation by promoting the change in attitude and behavior necessary for patient
involvement in the management of the disease.
Objective: This study aimed to assess the effects of an integrated care plan based on an mHealth web-based platform (HappyAir)
on adherence to a 1-year maintenance program applied after pulmonary rehabilitation in COPD patients.
Methods: COPD patients from three hospitals were randomized to a control group or an intervention group (HappyAir group).
Patients from both groups received an 8-week program of pulmonary rehabilitation and educational sessions about their illness.
After completion of the process, only the HappyAir group completed an integrated care plan for 10 months, supervised by an
mHealth system and therapeutic educator. The control group only underwent the scheduled check-ups. Adherence to the program
was rated using a respiratory physiotherapy adherence self-report (CAP FISIO) questionnaire. Other variables analyzed were
adherence to physical activity (Morisky-Green Test), quality of life (Chronic Obstructive Pulmonary Disease Assessment Test,
St. George’s Respiratory Questionnaire, and EuroQOL-5D), exercise capacity (6-Minute Walk Test), and lung function.
Results: In total, 44 patients were recruited and randomized in the control group (n=24) and HappyAir group (n=20). Eight
patients dropped out for various reasons. The CAP FISIO questionnaire results showed an improvement in adherence during
follow-up period for the HappyAir group, which was statistically different compared with the control group at 12 months (56.1
[SD 4.0] vs 44.0 [SD 13.6]; P=.004) after pulmonary rehabilitation.
Conclusions: mHealth systems designed for COPD patients improve adherence to maintenance programs as long as they are
accompanied by disease awareness and patient involvement in management.
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Introduction
Pulmonary Rehabilitation in Chronic Obstructive
Pulmonary Disease
Chronic obstructive pulmonary disease (COPD) is a chronic,
preventable, and treatable disease process characterized by
airflow limitation that is not fully reversible [1]. It is a major
public health problem because it represents a high health cost
due to the direct and indirect expenses it generates, including
the significant consumption of resources and medical and
pharmaceutical services, as well as the demand for support and
social assistance arising from sickness from work [2-4].
The benefits of pulmonary rehabilitation are such that it has
been compared favorably with other strategies, such as drug
treatment or telemedicine, in terms of its cost-effectiveness.
Thus, it is well known that it can reduce the use of health
resources and promotes a reduction in COPD costs [5-7].
Pulmonary rehabilitation is defined as “a comprehensive
intervention based on a thorough patient assessment followed
by patient tailored therapies that include, but are not limited to,
exercise training, education, and behavior change designed to
improve the physical and psychological condition of people
with chronic respiratory disease and to promote the long-term
adherence to health-enhancing behaviors” [8].
However, despite evidence of the benefits provided by
pulmonary rehabilitation, these do not last over time,
disappearing progressively between 6 and 12 months after the
end of rehabilitation, with patients having values even lower
than those presented pre–pulmonary rehabilitation [9]. The lack
of adherence to maintenance programs seems to be one of the
possible causes explaining the loss of health benefits [10,11],
so the creation of effective strategies to increase adherence to
such programs is the key to maintaining the effects achieved
after pulmonary rehabilitation. Aspects such as
self-management, patient empowerment, and the acquisition of
co-responsibility in therapy are the focus of current research,
as they seem to guide determinant behavioral changes to
maintain disease control.

Telehealthcare as a Solution
Mobile health (mHealth) systems in COPD, designed according
to the needs of the patients, aim to improve adherence to
maintenance programs by promoting the change in attitude and
behavior necessary for patient involvement in the management
of the disease [12,13].
Both patients and professionals recognize the importance of
designing individualized mHealth interventions that encompass
the different aspects associated with the disease and facilitate
self-control through appropriate feedback for each dimension,
without replacing or dominating the patient’s decision. Health
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informatics platforms should not replace, at any time, the
personal and regular relationship with health care professionals
but complement it, as it is very important to maintain continuous
and open contact with the multidisciplinary team that provides
the necessary support and attention. But, in any case, patients
should be responsible for their care, which may lead to an
improvement of the therapy’s effectiveness [12].
The follow-up programs designed and analyzed so far are not
effective, as they do not achieve patient adherence to them,
showing a high dropout rate. There is also great controversy
regarding the methods used, types of mHealth systems, specific
design of maintenance programs, and duration and frequency
of follow-up. Most of the studies consulted highlight the
influence of the biopsychosocial context of the individual on
the involvement with their illness and treatment [14-16].
As stated above, and due to the improvement in adherence to
the treatments that digital platforms promote, this study aimed
to evaluate whether an mHealth web-based platform (HappyAir)
would improve adherence to a 1-year maintenance program
applied after pulmonary rehabilitation in COPD patients.

Methods
Study Design and Clinical Trial Protocol
The initial objective of the study was the development of a
clinical tool, the HappyAir system, which included the
web-based platform and mobile app to allow its use by COPD
patients for the management of their long-term pathology. As
previous studies have found a possible reluctance in many
COPD patients toward new technologies [17], it was decided
to generate a new web-based app with an intuitive design and
easy operation in order to avoid this possible reticence. The
HappyAir system was then integrated into the long-term
follow-up program of the intervention group. The completion
of the protocol at different stages of the preliminary evaluation
study, some not initially planned, meant that the clinical trial
was not registered in due course.
A multicenter, longitudinal, prospective, randomized controlled
clinical trial was conducted on 44 COPD patients who
underwent an integrated care plan monitored with mHealth. The
recruitment and follow-up were carried out between December
2015 and May 2017. Patients, who were recruited from
participating hospitals, underwent a randomization process,
establishing two groups: the intervention group (HappyAir) and
control group (see later randomization procedure section).
The study was conducted in two stages, with a total duration of
12 months. The first stage corresponded to the 8-week
pulmonary rehabilitation program that was conducted on both
groups at the hospital. It included several procedures that
followed the guidelines of the Spanish Society of Pulmonology
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18465 | p.828
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
and Thoracic Surgery and are included in hospital protocols,
such as muscle training, respiratory physiotherapy, and
education on relevant aspects of chronic respiratory disease
[18].
The second stage corresponded to a 10-month follow-up period.
Patients from both groups underwent a maintenance follow-up
community-based program at home and in the neighborhood,
in which they were advised to perform physical activity and
breathing exercises daily. Patients assigned to the HappyAir
group followed an integrated care plan using a mobile device
with the pulmonary care web-based app (HappyAir app) and
were instructed in its use (Multimedia Appendix 1). The control
group only went to the hospital for the scheduled evaluations

Jiménez-Reguera et al
during the follow-up period, without receiving integrated
supervision or using the HappyAir app.
In order to ensure the correct follow-up of the two populations
studied, four evaluations were completed by a blinded assessor:
at baseline (pre–pulmonary rehabilitation), immediately after
pulmonary rehabilitation (post–pulmonary rehabilitation), after
6 months of follow-up, and after 12 months from the beginning
of the study (10-month postrehabilitation follow-up; Figure 1).
The study protocol was approved by the ethics committees of
12 de Octubre University Hospital (No.15/308), La Princesa
University Hospital, and San Carlos Clinical University Hospital
(16/111-E). All patients gave written informed consent to
participate in the study.

Figure 1. Intervention and control group process and follow-up.

Study Population and Recruitment

or cognitive impairment that made it difficult to understand the
education program and manage the HappyAir system.

Patients were recruited by convenience sampling through
face-to-face interviews at participating hospitals. The
recruitment of subjects was performed from patients attending
pneumology consultations at the rehabilitation service of the
hospitals participating in the study. The participants belonged
to the geographical area of Madrid.

After participants were informed about the aim and
characteristics of the investigation, they were asked to carefully
read and sign an informed consent to be able to participate in
the study.

COPD patients were selected according to the following
inclusion criteria: COPD patient, aged between 55 and 85 years,
with degree of severity II, III, or IV of the Global Initiative for
Chronic Obstructive Lung Disease (GOLD) scale, in a stable
clinical situation (no exacerbations in the last 6 weeks).
Exclusion criteria were patient with unstable cardiovascular
disease or muscular, osteoarticular, auditory, visual, or central
or peripheral nervous system impairment that prevented the
performance of the rehabilitation program or evaluation tests
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Pulmonary Care Web-Based App (HappyAir App)
The HappyAir app comprises two main parts: an educational
program providing patients useful information and advice about
their illness and data collection related to physical activity and
disease. The HappyAir app reminded the HappyAir group daily
to use the app, indicating that they record medication intake,
daily exercise time (minutes), level of tiredness after the
exercises (good, little tired, very tired, or exhausted), and daily
mood (happy, little sad, sad, or very sad). These records allowed
for usability evaluation of the HappyAir app. During
development, a focus group of patients, health care
professionals, and app developers met to detect usability
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18465 | p.829
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problems and adapt the app to the characteristics of the target
group.
After patients finished pulmonary rehabilitation, we offered an
education session that consisted of 3 to 4 hours of practical class
demonstration plus an online support aid; the handling of the
device and the web-based app were explained so the patients
could become familiar with them.
The therapeutic educators had access to the platform to supervise
the evolution of the HappyAir group during the follow-up
period, collect data, see the results of clinical evaluations, record
weekly and monthly goals, and contact the physician responsible
for the patients (in case they detected warning signs of possible
exacerbations or relapses). In addition, the pulmonologist and
physiotherapist of the hospital had access, by login, to the data
collection platform to enter the clinical data, record results of
the evaluations, see the evolution of patients, and contact the
therapeutic educator.
The HappyAir integrated plan was designed as a model of a
therapeutic program based on communication that introduced
the figure of the therapeutic educator (physiotherapist or
respiratory coach) in order to design interventions focused on
the patients and their needs, with minimal intervention and
presence, making the patients responsible for their self-care and
management of their illness. Patient and educator shared
responsibility.

Outcome Measures
Treatment Adherence
Adherence to the maintenance program was measured with the
respiratory physiotherapy adherence self-report questionnaire
(CAP FISIO) questionnaire administered by a blinded assessor
at each follow-up session in the hospital. This is a questionnaire
created to assess the adherence to physiotherapy treatments
[19]. We adapted some terms of the questionnaire to the purpose
of this study, because to our knowledge, no questionnaire existed
that measured adherence and perception in pulmonary
rehabilitation for chronic respiratory disease. It consists of a
total of 16 items, with a Likert scale to score each one, with 1
point as totally disagree and 4 points as totally agree. Three
different dimensions of results are obtained: total score,
perception, and adherence. The final rating scale is set to a range
of minimum of 16 points to a maximum of 64 points. A higher
final score reflects better adherence to the intervention. The
internal consistency was set with a Cronbach alpha [19].
Adherence to physical activity was measured with the
therapeutic compliance questionnaire (Morisky-Green Test),
administered by a blinded assessor at each follow-up session
in the hospitals. This method, which has been validated for
various chronic diseases, was originally developed by Morisky
et al [20] to assess medication compliance in patients with high
blood pressure [21]. Since the test was introduced, it has been
used in the evaluation of different diseases. It consists of a series
of 4 contrast questions with a yes/no dichotomous answer,
reflecting the patient’s behavior with respect to compliance. In
order to consider the patients compliant with or adherent to
treatment, the first and last two answers must be no and the
second answer must be yes. Answering at least one of the
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questions incorrectly indicates poor adherence. Given the
scarcity of published questionnaires for the evaluation of
adherence to physical exercise of patients with chronic
respiratory disease, it has been decided to adapt an already
validated test (as described earlier, Morisky-Green Test) to
verify adherence in our study. To do this, the word medication
was change to physical exercise.

Quality of Life
Quality of life was measured with three different self-reported
questionnaires administered by a blinded assessor at each
follow-up session in the hospitals.
Chronic Obstructive Pulmonary Disease Assessment Test
The Chronic Obstructive Pulmonary Disease Assessment Test
(CAT) is a self-administered questionnaire that measures the
impact of COPD on the patient’s quality of life. It consists of
8 items, each of which has 5 possible answers from 1 (being
absence of symptoms) to 5 (being the worst possible situation).
The final score scale is set in a range of 8 to 40 points. A
difference of 2 points or more would represent a clinically
significant difference in pre- and posttreatment health status.
The difference between stable status and exacerbation is a
5-point increase on the 40-point scale. Higher scores mean
greater deterioration in COPD-related quality of life [22].
St. George’s Respiratory Questionnaire
The St. George’s Respiratory Questionnaire (SGRQ) is a
validated questionnaire that measures quality of life related to
health or perceived health in COPD patients. It consists of 50
items divided into 3 dimensions: symptoms (frequency and
severity of symptoms; 8 items), activity (limitation of activity
due to dyspnea; 16 items), and impact on daily life
(psychological and social functioning disorders; 26 items).
The final score scale is set in a range from 0 (no limitation of
the quality of life) to 100 (maximum limitation of the quality
of life). A difference of 4 points is considered a clinically
significant difference [23,24].
EuroQOL-5D
The EuroQOL-5D is a questionnaire that measures quality of
life related to health or perceived health, which, unlike the
SGRQ, is simpler to administer. Therefore, it was also decided
to use it in case there was not much acceptance of the SGRQ,
which, despite being very complete and extended in its
application, is a very long questionnaire.
The EuroQOL-5D consists of 5 items divided into 5 dimensions:
mobility, self-care, habitual activities, pain or discomfort, and
anxiety or depression. It has a minimum number of levels (3)
for each dimension (1=no problem, 2=some problem or
moderate, and 3=many problems). Preferably, the questionnaire
should be self-administered, although administration by personal
interview or by mail has been shown to be acceptable. It
generates an index that allows the evaluation of health
conditions. The state of health of the individual is defined as
the combination of the level of problems described in each of
the 5 dimensions, using a 5-digit number that reflects the value
of each dimension [25,26].
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Exercise Capacity
Exercise capacity was measured with the 6-Minute Walk Test
(6MWT). This is a simple test in which the subject must walk
in a circuit straight and without irregularities, at least 30 meters,
for a period of 6 minutes, with the aim to reach the maximum
possible distance (walking as quickly as possible, without
running). This test was performed following the protocol
established by the American Thoracic Society in 2002, according
to the 2014 update [27].

Randomization Procedure
We used a computer-generated simple randomization procedure,
using the online randomization tool Research Randomizer
(Geoffrey C Urbaniak and Scott Plous). Before the beginning
of the study, distribution was made in two groups through the
Research Randomizer program, and a list of patients designated
to each group was drawn up, considering a homogeneous
distribution of groups for each hospital. This listing was
sequentially numbered and coded to ensure the confidentiality
of participants and masking of the professionals who performed
the rehabilitation protocol.
Patient data collected during the study were documented
anonymously and dissociated and linked to an ID code (patient
identification number) so that only the hospital investigator
could associate such data to an identified person. The principal
researcher of the study, external to the hospital, established the
relationship between the ID provided by hospital staff with the
code assigned in the tracking platform.
The follow-up assessment of outcome measures of both groups
was carried out by a blinded assessor. Due to the characteristics
of the intervention, health care professionals and patients could
not be blinded to the group assignment.

Sample Size
For the calculation of the sample size to test the difference
between the treated and control groups in the total score variable
after 12 months of follow-up (the main objective of the study),
a pilot study was conducted with 7 individuals in each group,
with the following results: in the control group, the mean was
44.2 (SD 12.8), while in the HappyAir group, the mean was
55.6 (SD 6.2). With these results and using the G*Power version
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3.1.9.4 program (Heinrich-Heine-Universität Düsseldorf) with
a 2-sided test of an alpha level of .05 and a power of 80%, it
was determined that 14 individuals would be needed in each
group. Assuming the probability of dropouts of 20% because
of the long-term intervention, we decided to recruit the
maximum number of patients available.

Statistical Analysis
Statistical analyses were performed using SPSS Statistics 25.0
statistical software for Windows (IBM Corporation). Thus, a
descriptive study of absolute and relative frequencies and
distributions for each of the qualitative variables was completed.
The normal distribution of the quantitative variables was
demonstrated using the Kolmogorov-Smirnov normality test
when the number of data exceeded 50 and the Shapiro-Wilk
test when the number of data were fewer than 50.
Subsequently, the existence of statistically significant differences
over time or in the different measurements of the quantitative
variables was analyzed, and for this purpose, the t test was used
for repeated measurements and the Wilcoxon test in the
nonparametric or qualitative case.
The statistical significance of the intergroup and intragroup
comparisons at all levels of segmentation was analyzed using
parametric tests (t tests [for 2 samples], analyses of variance,
and Welch tests) and nonparametric tests (Mann-Whitney U
and Kruskal-Wallis tests), according to the distribution of the
sample.

Results
Patient Characteristics
A total of 44 patients diagnosed with COPD were included in
the study, randomly assigned to the control group or HappyAir
group; among them, 8 patients dropped out of the study for
different reasons. In the end, 36 patients completed the 12-month
follow-up process and were included in the final analysis (22
men and 14 women; median age 68.11 [SD 6.74] years). A
flowchart of participants in the study is shown in Figure 2.
Demographic and baseline characteristics are shown in Table
1. None of the variables showed differences between the groups
at baseline.
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Figure 2. Distribution of patients Consolidated Standards of Reporting Trials flow diagram.
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Table 1. Baseline and demographic characteristics of the study population.
Characteristic

Control group

Intervention group

P value

Age in years, mean (SD)

68.1 (7.0)

68.1 (6.6)

.97

Gender

.34

Male, n (%)

13 (59.1)

9 (40.9)

—a

Female, n (%)

6 (42.9)

8 (57.1)

—

Weight (kg), mean (SD)

68.4 (15.3)

70.1 (10.1)

.68

Height (cm), mean (SD)

162.9 (9.8)

161.7 (6.7)

.91

BMI (kg/m2), mean (SD)

26.07 (4.2)

26.50 (4.1)

.77

GOLDb classification
Level II

2 (1M/1F)

3 (1M/2F)

—

Level III

14 (10M/4F)

9 (4M/5F)

—

Level IV

3 (2M/1F)

5 (4M/1F)

—

FEV1 (%), mean (SD)

43.1 (13.6)

45.0 (15.3)

.95

FVCd (%), mean (SD)

72.6 (24.4)

78.6 (22.9)

.44

FEV1/FVC (%), mean (SD)

44.5 (12.2)

49.06 (12.0)

.81

Oxygen users, n (%)

10 (52.6)

9 (52.9)

.52

Oxygen hours per day, mean (SD)

10.8 (10.8)

10.0 (11.2)

.98

Smokers, n (%)

5 (26.3)

3 (17.6)

.43

Exsmokers, n (%)

11 (57.9)

11 (64.7)

.77

c

a

.28

: not applicable.

b

GOLD: Global Initiative for Chronic Obstructive Lung Disease.

c

FEV1: forced expiratory volume in the first second of expiration.

d

FVC: forced vital capacity.

Adherence
The results of adherence to the maintenance program measured
with the CAP questionnaire and adherence to physical activity
using the Morisky-Green questionnaire are detailed in Table 2.

Cuestionario Adherencia Percepción Questionnaire
Total CAP dimension results showed an improvement in
adherence during the follow-up period, which was statistically
significant at 12 months after pulmonary rehabilitation.
Differences observed at 6 months were 45.3 (SD 15.0) and 53.6
(SD 5.4) in the control group and HappyAir group, respectively.
Differences at 12 months were 44 (SD 13.6) and 56.1 (SD 4.0)
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in the control group and HappyAir group, respectively. The
results showed significant differences between the groups at 12
months (P=.004; Figure 3).

Morisky-Green Questionnaire
In the HappyAir group, 25% of patients were adherent at 12
months of follow-up versus 11% of patients in the control group.
The intergroup factor analysis showed statistically significant
differences in adherence to physical activity at 12-month
follow-up (P=.049). The intragroup factor analysis of exercise
adherence showed no statistically significant differences over
time (Figure 4).
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Table 2. Adherence and perception effects of the home rehabilitation program.
Control group (n=19),
mean (SD)

HappyAir group (n=17), mean Intragroup P value (95% CI), 12 ma vs 6 m
(SD)

Intergroup
P value

6m

12 m

6m

12 m

Control

HappyAir

6 m 12 m

Total

45.3 (15)

44 (13.6)

53.6 (5.4)

56.1 (4)

.69 (–5.3 to 7.9)

.05 (–5.01 to 0.075)

.16

.004

Adherence

21.7 (6.2)

21.1 (5.5)

24.7 (2.9)

25.7 (1.8)

.64 (–2.2 to 3.4)

.19 (–2.5 to 0.57)

—c

—

Perception

23.5 (9)

22.9 (8.1)

28.9 (4.2)

30.4 (2.5)

.74 (–3.3 to 4.5)

.14 (–3.4 to 0.54)

—

—

35.70

30.80

64.30

69.20

—

—

.11

.049

Variable

CAP

b

Morisky Green
Adherence PAc (%)
a

m: month.

b

CAP: Cuestionario Adherencia Percepción

c

Not applicable.

d

PA: physical activity.

Figure 3. Adherence to HappyAir program: total dimension of CAP questionnaire.
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Figure 4. Percentage of patients adherent to physical activity: Morisky Green questionnaire.

Usability of the HappyAir App
Most of the patients were able to start using the app and almost
all in the HappyAir group managed to be skilled and 100%
autonomous 15 days after beginning to use the platform. We
observed that the average number of physical exercise records
was 242 records per patient during the 10 months of follow-up,
which is almost a daily record. Records showed that
approximately 92% of patients from the HappyAir group
exercised daily, which reflects the high rate of use of the app.
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Physical Activity, Mood, and Fatigue
Patients in the HappyAir group performed a mean of 66 (SD
37.43) minutes of daily physical activity (95% CI 65.03 to
67.21). Most of the patients analyzed showed a relationship
between the feeling of tiredness experienced at the end of the
exercises and mood, being less tired, in general, in those patients
who were happy. Otherwise, when they finished tired, they felt
sad or very sad. The Kruskal-Wallis test showed a significant
effect (P=.001) between both variables (Figure 5).
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Figure 5. Relationship between mood state and physical activity.

Quality of Life
Patients showed an improvement in quality of life in the CAT
questionnaire, with a difference at 6 months during the follow-up
period compared with a baseline of 2.2 (SD 0.3) and 4.2 (SD
0.4) in the control group and HappyAir group, respectively.
This improvement was only significant in the HappyAir group
(P=.001; 95% CI –6.6 to –1.6).
No statistically significant differences between the two groups
were observed in the CAT at 6 months (P=.53; 95% CI –5.8 to
3.1) or at 12 months (P=.21; 95% CI –8.1 to 1.9). However, the
mean evolution graph (Figure 6) shows a difference of 3.6 points
between the HappyAir group and control group after 12 months
of follow-up, denoting a better quality of life in the HappyAir
group with respect to the baseline evaluation, since a 2-point
difference in the CAT questionnaire is established as the
clinically relevant difference in quality of life outcomes.
Regarding the SGRQ, patients in the HappyAir group showed
an improvement in quality of life after pulmonary rehabilitation
and over time in symptoms, impact, and total dimensions but
did not show significant differences in the activities dimension.
No statistically significant differences between the two groups
were observed in the SGRQ at 6 months (P=.77; 95% CI –10.2
to 13.9) or at 12 months (P=.79; 95% CI –13.2 to 17.0).
The differences in symptoms at 6 months follow-up compared
to baseline were 15.8 (SD 3.3) and 12.1 (SD 2.2) in the control
group and HappyAir group, respectively. These differences
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were significant both for the control group (P=.002; 95% CI
–27.7 to 4.8) and HappyAir group (P=.04; 95% CI –23.8 to
–0.2). The control group also showed differences in symptoms
at 6-month follow-up after pulmonary rehabilitation compared
with post–pulmonary rehabilitation results (14.9 [SD 2.1];
P=.01; 95% CI –26.9 to –1.6). The differences in impact at
12-month follow-up after pulmonary rehabilitation were 9.6
(SD 0.8) and 12 (SD 6.9) in the control group and HappyAir
group, respectively, compared with baseline. These differences
were only significant for the HappyAir group (P=.001; 95% CI
–22.1 to –1.1). The control group also showed differences in
impact at 12-month follow-up after pulmonary rehabilitation
compared to results at 6-month follow-up (10 [SD 0.7]; P=.04;
95% CI –19.8 to –0.09).
Total dimension results showed an improvement in quality of
life observed at both 6- and 12-month follow-up compared with
baseline. The difference at 6-month follow-up was 3.2 (SD 1)
and 6.4 (SD 1.2) in the control group and HappyAir group,
respectively. Only differences in the HappyAir group were
significant (P=.05; 95% CI –13.5 to 0.6). The difference at
12-month follow-up was 6.3 (SD 0.8) and 7.5 (SD 7.7) in the
control group and HappyAir group, respectively. Only
differences in the HappyAir group were significant (P=.04; 95%
CI –16.1 to 1.2). The EuroQOL-5D questionnaire showed no
statistically significant intragroup improvements and no
statistically significant differences between groups (Multimedia
Appendix 2).
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Figure 6. Quality of life: Chronic Obstructive Pulmonary Disease Assessment Test questionnaire.

Exercise Capacity, Perceived Dyspnea, and Fatigue
Patients showed an improvement in walking distance after
pulmonary rehabilitation, with differences in the 6MWT of 29
(SD 3) meters versus 42 (SD 14) meters in the control group
and HappyAir group, respectively. Only differences in the
HappyAir group were significant after pulmonary rehabilitation
(P=.001; 95% CI 6.8 to 79.0). At 12-month follow-up, a
decrease in walking distance was observed in both groups.
However, the HappyAir group, although not statistically
significant, was able to maintain a distance walked above the
baseline values (Multimedia Appendix 2). No statistically
significant differences between the two groups were observed
at 6 months (P=.38; 95% CI –34.8 to 88.3) or 12 months (P=.58;
95% CI –47.6 to 82.6).
Regarding dyspnea after pulmonary rehabilitation, patients in
both groups showed less dyspnea, with improvements of 0.4
(SD 0.5) and 1.1 (SD 0) in the control group and HappyAir
group, respectively, which were not statistically significant
(P=.05). Patients in both groups also showed less fatigue, with
improvements at 6-month follow-up compared with a
post–pulmonary rehabilitation of 0.2 (SD 0.7) versus 0.8 (SD
0.5) in the control group and HappyAir group, respectively,
which were not statistically significant (P=.05). Lung function
values showed no statistically significant differences between
the two groups (Multimedia Appendix 2).

Discussion
Principal Findings
This study examined the effectiveness of a pulmonary care app
designed to improve adherence to an integral 1-year maintenance
program applied after pulmonary rehabilitation. The challenge
was to design an effective intervention to maintain the effects
obtained in the initial treatment. Our main hypothesis that the
use of this web-based app would improve adherence to the
maintenance program was confirmed, in addition to
improvement in other variables such as quality of life, behavioral
change, and adherence to physical activity.
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Adherence, Perception, and Mood
The key to making integral care plans in COPD work, either in
a traditional way or through new technologies, is to consider in
its design, in addition to the functional dimension, an emotional
dimension [28]. This is because adherence is linked to a large
number of affective factors such as personalized follow-up
programs, social support, the patient’s state of mind, and even
marital status [21,28-30], so it would be very interesting to take
them into account to facilitate integration by patients.
Like other studies [31-33], our study showed a very positive
perception of the integrated care plan in the HappyAir group
compared with the control group, which is fully consistent with
the adherence results in the same group. Those patients who
believed that engaging in their treatment would help improve
their health were active and responsible in managing their care
plan. Their perception about the plan and its value in being
continued over time was very positive, and they showed good
physical ability, followed their daily care routines, had a positive
attitude, and became confident in self-management, which was
favorable to long-term adherence to their plan.
Thus, after analyzing the results of their adherence to the care
plan using a questionnaire and the online web-based app that
connected with their coach for additional support, we discovered
both study groups, the control group and HappyAir group,
progressed significantly at the beginning of the evaluation period
with a positive trend in the engagement in their integrated care
plan. What is significant in this study, is that, during the 10
months of monitoring, the control group no longer maintained
that difference; however, in contrast, a clear improvement in
adherence was observed in the HappyAir group.
These observations lead us to conclude that the integrated care
plan, designed to improve adherence, managed to establish a
more proactive and responsible attitude toward self-care and
improved adherence. We believe that this holistic approach in
integrated care with coach support is what has favored this
important change in patients from a passive attitude to taking
active responsibility in managing their care plan and following
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their treatment, a factor that is probably linked to behavior
change and adherence. Therefore, remote care can be a very
important and effective part of maintenance programs but only
if it is accompanied by the behavioral change necessary to
promote patient adherence [34].
Apart from that, it is important to consider COPD patients’
perceptions of the use of telehealthcare systems. Many patients
encounter barriers, such as limited health literacy, difficulties
in using technologies, and insufficient clinical support; they
feel that mHealth systems could never completely replace
face-to-face visits from a health care professional [35]. On the
other hand, there are patients who consider technology a
facilitator in the management of their disease, due to having a
greater responsibility for their own health and for integrating
personalized education [36,37].
In any case, when developing mHealth tools, it is important to
consider factors such as age, information technology experience,
education level, and possible comorbidities. Engagement with
patients in the design and testing is essential to make sure the
intervention is easy for older people [38-40].

Relation Between Mood and Physical Activity Level
Mood has a strong influence on adherence, so enjoying therapy
and overcoming depressive or anxiety states also facilitates
success and patient involvement. The feeling of achievement
improves self-efficacy [41,42]. Thus, in our study, the HappyAir
group was monitored for 1-year using the web-based app. Daily
exercise was recorded. This showed that the patients completed
an average of 66.12 minutes of physical activity daily, even
exceeding the recommendations of the World Health
Organization and American College of Sports Medicine [43,44]:
a minimum of 150 minutes of moderate intensity exercise per
week. In general, our patients exceeded the recommendation,
which could be interpreted as a positive motivational effect of
the HappyAir program. In addition, we observed an important
relationship between mood and tiredness expressed by the
patients at the end of the physical activity. This observation
showed that the better the mood was, the longer the exercise
period lasted; additionally, patients felt less or not tired at all
when their mood was positive. This shows that the emotional
and psychological states of the patients may be more important
factors in achieving adherence to physical activity than the
increase in physical capacity itself, corroborating the theory of
the study of Mantoani [5].

Social Support and the Role of Therapeutic Educator
Regarding the role of therapeutic educator in maintenance
programs, several studies have concluded that this is a very
important predictor of adherence [45,46], but not all
maintenance programs include it. An important and
differentiating aspect of our follow-up program was the figure
of the respiratory educator/physiotherapist whom patients could
contact at any time. All consultations made were classified into
two categories: a need for social support or technical issues,
such as with the computer web-based app, connections, or their
mobile device. Motivation and support provided by the
therapeutic educator were key to successful therapy and patient
adherence [31].
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Behavioral Change and Its Influence on Adherence
The key that determines the difference in adopting and
maintaining any habit lies in the way the initial decision making
is carried out, which must be a process shared with the patient:
a reasoned discussion about a process that allows that person
to be aware of their current health status and ascertains their
desire to maintain their health positively in the future. This
happens in a dialogue and analysis about the current situation
and the undesired alternative. To maintain an adequate level of
physical activity in unsupervised periods, when it is very easy
to become sedentary, patients must adopt behavioral changes
associated with physical abilities. In that sense, the therapeutic
educator has an important role to favor the commitment and
maintenance of the level of physical activity adopted during the
rehabilitation in the long term [34].
Both health professionals and patients consider face-to-face
appointments necessary and irreplaceable by technology. It
should be noted that the relationship established between the
two, also known as therapeutic alliance, largely determines the
success of the treatment. Scientific evidence supports the idea
that the quality of the health professional–patient relationship
is strongly related to patient satisfaction [12]. Thus, the
HappyAir web-based app used in this study included the option
of contacting the therapeutic educator, as needed, to achieve
the necessary personalized support. An analysis of the records
showed that approximately 65% of direct contacts requested
were for assistance in resolving technical issues and were not
related to clinical or social support on disease management
issues.
The results were favorable in terms of adopting positive habits
in self-care and from the patients’ point of view, about the
support they received in clinical, social, and therapeutic
guidance. Some recent studies, such as by Boer and colleagues
[47], highlighted patients’ perception of the usability and support
offered by mHealth systems. However, as in some of the studies
reviewed [48], the therapeutic educator reported an increased
workload compared with studies of periodic calls or more
time-spaced follow-up.

Quality of Life
According to published literature, during the development of
maintenance programs, clinical improvements in quality of life
last about 6 to 9 months [9,49]. Thus, our study conducted a
follow-up of greater duration than the usual ones in the literature,
where the usual follow-up period ranges from 3 to 6 months
[15,50-53], and was able to verify that at 1-year follow-up the
HappyAir group studied showed significant differences in
health-related quality of life over time from the values presented
prior to pulmonary rehabilitation until the evaluations carried
out at 6 and 12 months, with a gradual improvement in their
values, as shown objectively with the SGRQ and CAT
questionnaires.

Exercise Capacity, Perceived Dyspnea, and Fatigue
Patients in the HappyAir group showed a clinical improvement
in exercise capacity using the 6MWT at 6-month follow-up,
and they were the only group to maintain differences in this
outcome from baseline to 12 months. The effect of improvement
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at 6 months could be attributed to our integrated care plan, since
the control group did not present this outcome. But we cannot
know exactly because rehabilitation itself can sometimes be
responsible for this long-term effect, as shown in several studies
[9,10,49]. However, the differences maintained at 12-month
follow-up could be directly related to the comprehensive
maintenance program, since pulmonary rehabilitation programs
consisting of exercise and education have not improved the
quality of life and physical capacity after 9 months of follow-up
[30,54].

Future Research
After analyzing the results of this study and comparing them
with similar studies, it can be concluded that the direction to
follow for the design of programs that improve adherence in
the management of COPD should be focused on generating
behavioral changes and better perceptions in patients. So, the
idea is to act on the most essential aspect of the patients, their
person and their disease, to achieve awareness of it, generate a
proactive attitude, and empower the patient to make them
responsible for their care.
The development and use of mHealth systems and innovative
technology must be implemented and advanced, as they indicate
a promising future. They should be considered as the resources
needed to improve patient support and monitoring to learn more
about the individual or apply a personalized approach.
Moreover, they can generate better outcomes for each person
in health and social support, as well as provide further
information to apply innovative care and therapeutic techniques
in patient management by health care teams, offering resources
to those people who live in remote locations with low access
to ongoing care management.

Jiménez-Reguera et al
number of patients included in the control group was too small
to extrapolate the results to a more heterogeneous population.
However, the sample was in concordance with the majority of
similar studies. Another limitation is not having assessed
exercise capacity with a gold standard test, such as an
incremental exercise test. We chose instead to use simple field
tests commonly used in the clinical setting in order to facilitate
the implementation of the program in the future. In relation to
this, the long-term results achieved by patients does not reflect
the increase in daily physical activity observed by the HappyAir
integrated care plan. Finally, this study was designed for those
patients who would adapt to using a mobile phone. If they had
low-level technical skills, this would be a limitation that would
need addressing with other technology or support (eg, voice
technology).

Conclusions
This study showed the development of the HappyAir integrated
care plan after pulmonary rehabilitation, which uses a web-based
app accessible by a mobile device and involves periodic
therapeutic educator (coach) support. This has been shown to
be effective in improving patient adherence to their self-care
plan and treatment and consequently their state of health and
attitude, with a resulting change in their perception of the disease
and their engagement on their care, key factors to achieve
positive health outcomes. Internet-enabled and telehealth
web-based apps can serve as a means to transform and reinvent
the way patients and health care professionals interact. However,
this study shows the development and preliminary evaluation
of a novel mHealth web-based platform in a reduced sample,
which limits the generalization of our results. Further research
is needed to integrate HappyAir into larger study populations
with COPD.

Limitations
One of the limitations of this study is the small number of
patients included. Although we calculated the sample size, the
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Abstract
Background: Despite the increasing availability of mobile health services, clinical engagement remains minimal.
Objective: This study aims to identify and weight barriers to and drivers of health app use among health care professionals
(HCPs) from the United Kingdom.
Methods: A discrete choice experiment was conducted with 222 HCPs using a web-based survey between March 2019 and
June 2019. Participants were recruited to take part via social media and asked to choose their preferred option of 2 hypothetical
health apps to prescribe to a hypothetical patient or to prescribe neither. Choices were characterized by differing levels of patient
age, cost, published evidence bases, whether they had a National Health Service (NHS) stamp of approval, personal familiarity
with the technology, and whether they were recommended by a fellow HCP. The results were analyzed using a mixed logit model,
with subgroup analyses to account for heterogeneity.
Results: We received 230 responses, a total of 96.5% (n=222/230) of respondents understood the survey task and passed the
test of rationality. The median age was between 36 and 45 years, and 62.6% (n=139/222) of the health care providers responding
to the survey had previously recommended the use of health apps to patients. Health apps were most likely to be prescribed to
patients if they had an NHS stamp of approval or if they were recommended by another HCP (both P<.001). Published studies
detailing clinical effectiveness were important (P<.001), but it would take five published studies to have the same impact on
prescribing behavior as an NHS stamp of approval and two studies to be as convincing as having used the technology personally.
Increasing patient age and costs resulted in significant reductions in digital health prescribing (P<.001), none more so than among
allied health professionals. Willingness-to-pay for health apps increased by £124.61 (US $151.14) if an NHS stamp of approval
was present and by £29.20 (US $35.42) for each published study. Overall, 8.1% (n=18/222) of respondents were reluctant to use
health apps, always choosing the I would prescribe neither option, particularly among older HCPs, nurses, and those who do not
use health apps personally. Subgroup analyses revealed significant differences in preferences among HCPs of differing ages and
clinical backgrounds.
Conclusions: An NHS stamp of approval, published studies, and recommendations from fellow HCPs are significant facilitators
of digital prescribing, whereas increasing costs and patient age are significant barriers to engagement. These findings suggest
that demonstrating assurances of health apps and supporting both the dissemination and peer-to-peer recommendation of
evidence-based technologies are critical if the NHS is to achieve its long-term digital transformation ambitions.
(JMIR Mhealth Uhealth 2020;8(7):e17704) doi:10.2196/17704
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digital health; mHealth; discrete-choice; preferences; mobile phone
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Introduction
Increasing public expectations of National Health Service (NHS)
care, a rapidly aging population, and an ever-increasing
prevalence of long-term and comorbid conditions mean that
health care systems are working harder than ever. Adapting the
way patients and health care professionals (HCPs) communicate
and collaborate in promoting health and well-being is, therefore,
essential if the future expectations of high-quality patient-centric
care are to be realized.
New digital technologies, which are generally low cost and
widely accessible to 95% of adults in the United Kingdom who
own a smartphone [1], have the potential to be a valuable
strategic tool in this transition. These technologies have the
potential to deliver significant improvements in disease
management by empowering patients to monitor and manage
their long-term conditions [2], encourage the promotion of
health and well-being, and provide care outside of traditional
health care settings. Furthermore, the highly personalized
real-world data captured by digital health technologies have the
potential not only to improve service planning by aligning
capacity more closely with demand [3] but also provide a
first-of-a-kind opportunity to understand real-world condition
management, enabling both informed decision making and the
delivery of personalized care [4-6].
From 2024, patients in England will have the right to access
digital primary care services under the NHS long-term plan [7].
By the end of the 10-year period covered by the plan, it is
envisaged that digital care will become standard care, with
people increasingly being cared for and supported at home using
remote monitoring (via wearable devices), electronic services,
and digital tools. Although the rollout of e-services including
the electronic prescription service (EPS) has widely been a
success, with 93% of England’s 7300 general practitioner (GP)
practices enrolled and more than 67% of prescriptions delivered
via EPS [7], clinical engagement with digital health
technologies, despite a suggested appetite for digital health
[8-10], is to date minimal [11,12]. A survey of nurses in
Catalonia demonstrated that only 6.5% of those included
frequently recommended digital technologies as part of routine
patient care [11], with similar studies in France [13], Ireland
[14], Norway [15], Germany [16], Belgium [17], and Australia
[18] also highlighting a hesitance among health professionals
to engage with and recommend digital health technologies in
routine practice.
Being the gatekeepers of health services, understanding the
perspectives of HCPs is crucial to achieving the long-term plans
of the NHS for digital transformation, and the effective delivery
and uptake of safe and high-quality digital solutions, which
have proven to be clinically effective. However, to date, a
paucity of evidence regarding HCP preferences for digital health
solutions limits our ability to realize any potential such
technologies may deliver.
On the basis of the combined results of a qualitative pilot study
[19] and a targeted literature review [8-18,20,21], we conducted
a discrete choice experiment (DCE) among 222 HCPs in the
United Kingdom to determine priorities, trade-offs, and
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willingness-to-pay (WTP) for several common characteristics
of digital health technologies.

Methods
Ethics Approval and Consent to Participate
The study did not require ethical approval as the form of the
study was opinion seeking for the purpose of market research,
with the subject matter limited to topics that are strictly within
the professional competence of the participants. In addition, no
vulnerable groups were included, the data were completely
anonymous, there was no risk of disclosure, and the data
collected were not sensitive in nature. We also submitted an
inquiry to the NHS Health Research Authority, which confirmed
that ethical approval was not required.

Availability of Data and Materials
The data that support the findings of this study are available
from the authors upon reasonable request.

Face-to-Face Discussions and Ranking Exercise
We followed methodological guidelines from the International
Society for Pharmacoeconomics and Outcomes Research [22].
First, a pragmatic literature review was conducted to identify
stated preferences regarding the use of digital health. There
were no time or geographical restrictions applied. The search
terms used are provided in Multimedia Appendix 1.
Subsequently, we invited 10 HCPs from the Northwest of
England to participate in face-to-face discussions, of which 8
agreed. We asked respondents a single question, “What matters
to you when considering the use of health-apps with your
patients?” Combining the findings with the results of our
targeted literature review, we created a ranking exercise
provided in Multimedia Appendix 2. In total, 30 HCPs were
invited via email and social media to take part in the ranking
exercise, of which 28 accepted the invitation (93% participation
rate). During the ranking exercise, 9 attributes, each identified
through the initial face-to-face discussions and literature review,
were ranked on a scale from 1 (most important) to 9 (least
important) by a cohort of 85 HCPs from the United Kingdom.
In addition to the face-to-face discussions, we also invited HCPs
to provide responses on the web, of which 57 HCPs from the
United Kingdom contributed. Further details of this exercise
are provided elsewhere [19]. Following the conclusion of the
ranking exercise, the 6 highest ranked attributes were selected
for inclusion in the discrete choice experiment (DCE).

Discrete Choice Experiment
A DCE, designed to elicit the preferences of HCPs for digital
health prescribing, and including the attributes identified during
the literature review, face-to-face discussions, and ranking
exercise [19], was provided to HCPs between March and June
2019 (sample survey instrument is provided in Multimedia
Appendix 3). The DCE survey was provided digitally, using
Google Forms (Google, Alphabet Inc) and disseminated using
social media (LinkedIn, Twitter, and Facebook). All participants
consented to participation by submitting the survey on the web
after being provided with a study information sheet.
Demographic information was collected for all respondents.
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DCE methodology is well described [23-25], and given the
increasing emphasis on shared decision making and value-based
care, it is used extensively to measure the preferences of both
patients and HCPs for the delivery of health care. In DCEs,
respondents are given a hypothetical scenario, typically
comparing one option to another, and asked to choose which
they prefer. This process is repeated with the values (levels) of
the characteristics (attributes) randomly changing each time.
The choices respondents make can be used to infer preferences
for each level of each of the attributes included. In our DCE,
all attributes and levels were identified during the face-to-face
discussions and ranking exercises and are provided in Table 1.
All respondents were HCPs working in the United Kingdom.
We included qualified nursing and medical staff of all grades
(nurse, GP, secondary care physician, and allied health
professional), from primary, secondary, and tertiary care
settings. We stated clearly in the description of the survey and
advertisements that the survey was only to be answered by HCPs
based in the United Kingdom; however, we also included a
screening question as the first question of the survey, where
respondents were asked to provide their job title. Responses
from those who were not HCPs were removed at this point.
Each respondent received 16 discrete choice tasks plus a test of
rationality to gauge their understanding of the survey. In the
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test of rationality, one option was clearly superior to the
alternative in every domain, including a lower price, a greater
number of studies, and an NHS stamp of approval. If
respondents failed the test of rationality, by selecting the inferior
option, their responses were excluded from the formal analysis.
Each question asked respondents to choose between 2 digital
health technologies, each characterized by different levels of
the attributes included (Multimedia Appendix 3), in addition to
an opt-out I would prescribe neither option. This option was
important to highlight those who were consistently reluctant to
engage with digital health technologies, regardless of the
characteristics of the technologies under consideration. As the
full factorial design, whereby each respondent is provided with
each possible combination of levels for each attribute, would
have necessitated (33×43=1728) choices per respondent, a
D-optimal design was used with 2 blocks of 16 possible
questions. This approach was used to maximize statistical power
while minimizing the cognitive burden to respondents. The
surveys were written in language that could be understood by
a 10-year old. The DCE was pilot tested in a sample of 10 HCPs
not involved in the main study to gauge interpretation and
response times, during which period a researcher was available
to answer any questions. Minor changes were subsequently
made to clarify wording and graphics.

Table 1. Attributes and levels of the discrete choice experiment.

a

Attribute

Levels

Number of studies concerning safety and effectiveness

0, 1, 2, or 3

Does the app have an NHSa stamp of approval?

No or yes

Cost of the technology to the NHS, £

0, 5, 25, or 75

You have personally used the app yourself?

No or yes

Age of the patient (years)

18, 35, 55, or 75

The app has been recommended by other HCPsb

No or yes

NHS: National Health Service.

b

HCPs: health care professionals.

Data Analysis
We used a mixed logit model to estimate preferences for the
different levels of attributes associated with digital health
technologies, thereby determining which increased or decreased
utility and subsequently increased/decreased the likelihood of
recommending these technologies to patients. Dummy coding
was used for all categorical variables, with the number of
published studies, patient age, and the cost of the app coded as
linear continuous variables. We first estimated the main effects
model and then estimated the effects for subgroups based on
factors such as years of experience as an HCP, current digital
engagement, and clinical role (eg, GP, secondary care physician,
and allied health professional). WTP analyses were performed
to determine how HCPs were willing to trade-off one attribute
for another. CIs for WTP estimates were estimated via joint
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distributed bootstrapping. All analyses were performed using
Stata 14 (StataCorp LP) and deemed statistically significant at
the 5% level (ie, P<.05). Although sample size calculations
represent a technical challenge in DCEs, we used Johnson and
Orme’s approach [26] to estimate our minimum sample size,
which was equal to 42 respondents per block.

Results
Characteristics of Participants
Between March 2019 and June 2019, 250 responses were
received, of which 20 were excluded because of not being from
HCPs. A further 8 respondents were excluded because of failing
the test of rationality, suggesting an understanding rate of 96.5%
(n=222/230), and a complete dataset of 222 respondents. Table
2 demonstrates the demographics of those completing the DCE.
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Table 2. Characteristics of health care professionals completing the discrete choice experiment (N=222).
Characteristic

Value, n (%)

Age (years)
<26

5 (2.3)

26-35

34 (15.3)

36-45

74 (33.3)

46-55

76 (34.2)

56-65

27 (12.2)

66-75

5 (2.3)

>75

1 (0.5)

Have you used health apps personally?
Yes

169 (76.1)

No

53 (23.9)

Have you used health apps with patients?
Yes

139 (62.6)

No

83 (37.4)

Role
Allied health professional

86 (38.7)

Community caregiver

5 (2.3)

Dentist

3 (1.4)

General practitioner

32 (14.4)

Nurse

27 (12.2)

Pharmacist

1 (0.5)

Secondary care physician

40 (18)

Other

28 (12.6)

Barriers and Facilitators to Health Care Professionals
Prescribing Digital Health Technologies
In the discrete choice analysis, all attributes were statistically
different from 0, suggesting importance with respect to digital
health prescribing and the decision to prescribe to patients.
Table 3 illustrates the net effect on the preferences of HCPs for
each characteristic. A positive coefficient represents a facilitator,
and a negative coefficient represents a barrier to digital health
prescribing.
Having a stamp of approval from the NHS was the most
important factor in encouraging mobile health (mHealth)
prescribing (β=2.36, 95% CI 2.08-2.64), followed by a
recommendation from a fellow HCP (β=1.28, 95% CI 1.07-1.49)
and having used health apps personally (β=1.04, 95% CI 0.83
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to 1.26). Although having published studies to demonstrate
safety and effectiveness was important (β=.55, 95% CI
0.44-0.67), it would take 5 published studies to be as convincing
as an NHS stamp of approval and 3 to be as convincing as a
recommendation from a fellow HCP. Patient age (β=−0.02,
95% CI −0.01 to −0.02) and the cost of the app (β=−0.02, 95%
CI −0.02 to −0.02) were both statistically significantly associated
with a reduced likelihood of prescribing digital health
technologies, suggesting that as patient age (per year) and cost
(per £1) increase, prescribing of digital health technologies can
be expected to fall. Finally, the opt-out option was also
statistically significant; regardless of a high number of clinical
studies, recommendations by HCPs, or having a stamp of
approval, 8.1% (n=18/222) of respondents chose to prescribe
neither app, suggesting a reluctance to utilize health apps among
a considerable number of respondents.
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Table 3. Preferences for digital health technologies as reported by health care professionals.
Attribute

Coefficient (β), mean (SD)

95% CI

NHSa stamp of approval (yes)

2.36b (1.51)

2.09-2.64

c

a

b

Health app recommended by HCP (yes)

1.28 (0.76)

1.07-1.49

Used health apps personally (yes)

1.04b (0.82)

0.83-1.26

Published study (per additional study)

.555b (0.29)

0.44-0.67

Patient age (per additional year)

−0.018b (−0.01)

−0.02 to −0.01

b

Cost (per additional £1)

−0.019 (−0.02)

−0.02 to −0.02

Alternative specific constant

1.25b (1.58)

0.84-1.65

Observations

10,656 (N/Ad)

N/A

Log likelihood

−1226.3 (N/A)

N/A

NHS: National Health Service.

b

Significant at 5% level. The table represents beta coefficients and CIs from mixed logit regression. The regression coefficients for each attribute level
represent the mean part-worth utility of that attribute level in the respondent sample. A positive value denotes utility/satisfaction, and a negative value
denotes disutility/dissatisfaction.
c

HCP: health care professional.

d

Not applicable.

Differences in the Preferences of Health Care
Professionals for Digital Health Prescribing:
Subgrouping by Clinical Role and Digital Familiarity
Multimedia Appendix 4 demonstrates the varying perceptions
toward digital health prescribing among HCPs with varying
clinical roles, whereas Multimedia Appendix 5 breaks down
perceptions by digital familiarity and current use of digital health
prescribing.
Increasing patient age had a stronger negative impact on digital
prescribing among allied health professionals when compared
with secondary care physicians and GPs, whereas among nurses,
patient age did not impact digital health prescribing behavior
at all. Similarly, a recommendation to use digital health
prescribing from another HCP was shown to be highly
influential in promoting digital prescribing among nurses and
secondary care physicians, but significantly less so among GPs
and allied health professionals (Table 4), which provides the
relative attribute importance for each attribute and for each
subgroup of HCPs under consideration and shows that an NHS
stamp of approval, a single published study, and a
recommendation from other HCPs were 25, 21, and 17 times
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more likely to impact digital prescribing than patient age among
nurses.
Having an NHS stamp of approval was the most influential
factor in promoting digital prescribing across all subgroups.
Having published studies to demonstrate safety and clinical
effectiveness was also important to respondents, and
exceptionally so among younger professionals and those
unfamiliar with prescribing digital health technologies to
patients. However, such studies were less important to allied
health professionals who believe that cost is the most important
factor in the decision to prescribe or not to prescribe health apps
to patients.
Finally, reluctance to use health apps varied considerably among
the HCP groups under analysis. Older clinicians (aged >46
years), nurses, allied health professionals, and those who do not
currently use health apps personally, all things being equal, are
far more likely to opt out of prescribing digital health
technologies to patients. Conversely, the most digitally enabled
groups were secondary care physicians, GPs, and those who
use digital health technology to manage their own health and
well-being (Multimedia Appendix 5).
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Table 4. Relative attribute importancea.
Group

Value, n

Characteristics of health apps
Published study

All

NHSb stamp
of approval

Cost

Used health apps Patient age
personally

Recommended by
another HCPc

222

7

10

6

4.4

4.3

5.4

Yes

169

7.2

10

5.8

4.8

4.6

5.5

No

53

7.5

10

3.9

1.6

3.1

3.9

Use health apps personally

Previously prescribed health apps to patient
Yes

139

6.2

10

6.3

4.5

4.3

4.8

No

83

8.8

10

6

3.5

3.3

5.1

>46

113

5.8

10

7.1

4

4.1

5.2

<46

109

9.1

10

5.4

4.6

5.3

5.4

General practitioner

32

6.8

10

5.6

2.2

3.6

3

Allied health professional

86

5.1

10

6.2

4.3

6.3

4.7

Secondary care physician

40

6.7

10

2.6

6.3

5.8

7.4

Nurse

27

8.3

10

0.5

3.3

0.4

6.6

Age (years)

Role

a

Standardized relative attribute importance (RAI) for each attribute was calculated across the subgroups to allow for across subgroups comparisons.
First, an RAI was calculated for each attribute by taking the difference between the most and least preferred levels. The RAI was then standardized
across subgroups by dividing it by the RAI of the most important attribute across the subgroups (NHS stamp of approval) and multiplying it by 10. The
resulting number indicates the relative importance of each attribute across the subgroups (where a higher number indicates a relatively more important
attribute).
b

NHS: National Health Service.

c

HCP: health care professional.

Trade-Offs: Willingness-To-Pay for the Attributes of
Digital Health Technologies
HCPs expressed a WTP of £124.61 (US $152.02) for a digital
health technology with an NHS stamp of approval; however,
this varied from £119.14 (US $145.35) among those already
familiar with prescribing digital health technology to patients,
up to a maximum of £1616 (US $1971.45) among nurses, as
shown in Table 5. The fact that nurses are willing to trade-off
up to £1616 (US $1971.45) of NHS funds for a digital health
technology with an NHS stamp of approval signifies the
relatively low importance placed on cost and the high ranking
of a stamp of approval by nurses. Respondents were willing to
pay £29.20 (US $35.62) for each published study of
effectiveness or safety, which again varied from £20.79 (US
$25.36; allied health professionals) to £449.50 (US $548.37;
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nurses). Finally, HCPs had a WTP of £67.30 US $82.10) for
digital health technologies that came recommended by other
HCPs, varying from £39.84 (US $ 48.60) among GPs, to
£1061.50 (US $1294.99) among nurses. Using the WTP
estimates provided, it is possible to estimate WTP for various
types of digital health technologies with varying features. For
example, a technology with no stamp of approval that is
recommended by a fellow HCP and has a single study behind
it would have a WTP of (£124.61 [US $152.02]×0)+(£67.30
[US $82.10])+(£29.20 [US $35.62]×1)=£96.50 (US $117.73).
Similarly, a health app with an NHS stamp of approval, with
an evidence base consisting of 3 studies, but which is not
recommended by a HCP would have a WTP of (£124.61 [US
$152.02]×1)+(£67.30
[US
$82.10]×0)+(£29.20
[US
$35.62]×3)=£212.21 (US $258.89).
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Table 5. Willingness-to-pay by health care professional subgroup.
Group

Value, n

Willingness-to-pay according to characteristics of health apps, £ (US $)
Published study

NHSa stamp of approval

Used health apps person- Recommended by another
ally
HCPb

222

29.20 (35.62)

124.61 (152.02)

54.81 (66.87)

67.30 (82.10)

Yes

169

31.11 (37.95)

129.44 (157.91)

62.11 (75.77)

71.28 (86.96)

No

53

48.56 (59.24)

194.38 (237.14)

31.19 (38.05)

76.44 (93.25)

All
Use health apps personally

Previously prescribed health apps to patients
Yes

139

24.48 (29.86)

119.14 (145.35)

53.43 (65.18)

57.57 (70.23)

No

83

36.89 (45.00)

125.42 (153.01)

43.37 (52.91)

64.11 (78.21)

>46

113

20.25 (24.70)

105.00 (128.10)

41.75 (50.93)

54.21 (66.13)

<46

109

42.35 (51.67)

140.00 (170.79)

64.59 (78.80)

76.29 (93.07)

32

30.28 (36.94)

134.44 (164.01)

29.56 (36.06)

39.84 (48.60)

Allied health professional 86

20.79 (25.36)

121.38 (148.08)

52.79 (64.40)

57.38 (70.00)

Secondary care physician 40

63.50 (77.47)

284.75 (347.38)

178.13 (217.31)

209.75 (255.89)

Nurse

449.50 (548.37)

1616.00 (1971.45)

526.00 (641.70)

1061.50 (1294.99)

Age (years)

Role
General practitioner

a

27

NHS: National Health Service.

b

HCP: health care professional.

Discussion
Principal Findings
In this first-of-its-kind study, examining the barriers and drivers
of digital health prescribing among a broad sample of HCPs
from the United Kingdom, we found that the factors most
influential in digital prescribing behaviors are an NHS stamp
of approval, a published evidence base, cost of the technology,
and recommendation by other HCPs. Respondents expressed a
WTP of more than £100 for technologies with a stamp of
approval from the NHS and were willing to pay approximately
an extra £30 for every additional published study. The strength
of this preference varied significantly among our heterogenous
cohort, influenced by clinical role, age, and current level of
digital literacy. This suggests that a one-size-fits-all approach
to increasing digital health adaptation is unlikely to be successful
in increasing the uptake of digital health in routine practice.
A recommendation from a HCP can go a long way in
encouraging patients to use digital health technology. Although
previous research suggests there is an appetite for digital health
technologies among HCPs [8-10], engagement is minimal
[11,12], with 2 studies in Catalonia and Belgium, respectively,
giving utilization rates of 0% [11] and 33% [17], and others
from across the globe suggesting a similar picture [13-16]. Our
finding that 62.6% of respondents have to date recommended
digital health technology to patients in routine practice and that
92% would rather prescribe a digital health technology than not
is an interesting and atypical finding in the context of existing
literature. One explanation may be the recent advocation for
digital medicine by the English pharmaceutical regulator, the
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National Institute for Health and Care Excellence (NICE), such
as recommending digital technology as a first-line treatment
for children with mild depression [27] and increasing advocacy
for digital prescribing from patient groups and charities, such
as Age UK’s recommendation for digital services for adults
experiencing from loneliness [28].
The latter is of interest, given the strong tendency of our sample
to reduce digital prescribing as patient age increased, in line
with a recent study conducted among chronic obstructive
pulmonary disorder specialists in Canada [21]. This behavior
prevails despite evidence suggesting that older individuals are
increasingly accessing digitally enabled services [29-32]. If
these findings are indicative of the underlying preferences of
HCPs, additional effort may be required to promote digital
engagement in elderly patients, particularly among allied health
professionals, secondary care physicians, and younger HCPs
(<46 years), where a negative impact of increasing patient age
was most significant.
We also found that the age of a HCP may also predict digital
engagement, with those over the age of 46 years considerably
more likely to opt out of providing digital health technology,
all things being equal, than any other group. A mixed methods
cross-sectional study conducted in the Czech Republic observed
a similar pattern [20]. The findings of these studies combined
suggest that older professionals, much like older members of
the general population [33], may be more skeptical of mHealth
and may, therefore, require additional support to ensure the
NHS long-term digital vision becomes a reality. Combined with
nurses and those who do not currently use health apps
personally, if the NHS digital strategy is to become a reality,
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these groups could represent an ideal target for workforce
development. Examples include continuous professional
development, the development of specialist digital skills, such
as those provided by NHS Digital’s digital academy, and the
creation of digital champions, which have previously been
shown to be highly effective in expanding and supporting the
use of digital health technologies in routine practice [34,35].
A 2019 study of Irish chronic obstructive pulmonary disorder
specialists found a need for a strong evidence before considering
the adaptation digital health technology in clinical practice, with
published studies seen as a surrogate for safety [14], whereas
findings similar to that from this study were observed among
Dutch dermatologists [10], Norwegian GPs [15], and Belgian
family physicians [17]. The same was observed in this study.
However, despite the assertion from regulators that mHealth
randomized controlled trials (RCTs) are not the only method
available for evaluating digital health technologies [36,37], part
of the preference for published studies that we observed may
have been rooted in a desire for gold-standard evidence in the
form of an RCT. A limitation of our study is that we did not
specify which type of evidence was provided with health apps,
which some respondents may have assumed to be RCTs, as
opposed to naturalistic studies, case-control, or qualitative
studies. Each of these study types is now considered acceptable
forms of evidence for the right type of health app under NICE’s
evidence standards framework. However, it is unclear whether
this notion of not all apps being equal [19] is accepted by HCPs
who have the ultimate responsibility for patient well-being. This
is a question that future research should aim to address before
developers of health apps to invest too heavily in evidence
generation, particularly considering the WTP estimates
suggested by this analysis (£29.20 extra for each additional
study and £124.61 for an NHS stamp of approval). Advocates
of digital health such as the Organisation for the Review of Care
and Health Applications (ORCHA), NHS Digital, NICE, and
the Medicines and Healthcare Products Regulatory Agency are
likely to play a key role in this process, ensuring that HCPs are
well informed of the benefits that health apps and digital health
more broadly can deliver, know-how and where to access
technologies that have been proven to be effective, and are
aware of what level of evidence is appropriate for each kind of
technology available.
Our pilot study suggested that HCPs value an NHS stamp of
approval above all else [19], a finding echoed in a study among
Catalonian nurses [11]. This was also observed in this analysis,
with every group of HCPs, regardless of age, professional role,
or personal digital literacy, prioritizing this characteristic above
all else. This finding, although both consistent and significant,
should be interpreted with caution, as it is not abundantly clear
what respondents of the survey consider as an NHS stamp of
approval, which could vary from inclusion on a clinical
commissioning group website, NHS choices or the NHS apps
library, or inclusion within Egton medical information systems
or SystmOne. Historically, it has been a difficult task for
developers to achieve inclusion in the NHS apps library, and
to date, only 76 digital health technologies have been listed.
This may be explained by a misalignment in the evidentiary
requirements for these technologies, which until recently have
https://mhealth.jmir.org/2020/7/e17704
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applied a one-size-fits-all approach to evidence, making
approval difficult. As existing assessment processes such as the
NHS Digital Assessment Portal begin to incorporate
proportionate evidentiary requirements [36-38], these stamps
of approval may be expected to increase. However, it is
uncertain whether this is what HCPs value and, ultimately,
whether this will have any impact on the digital prescribing
behaviors of HCPs. Further research should aim to identify
precisely what an NHS stamp of approval should look like. It
is also important that we understand how this can be conveyed
to HCPs to provide reassurance that technologies with an NHS
stamp of approval are both safe and effective.
Our study has several strengths. First, to the best of our
collective knowledge, the combination of qualitative pilot testing
followed up by the quantitative assessment of relative
preferences using the DCE methodology make this research the
first-of-its-kind when considering attitudes toward digital health.
Second, the low rate of failures during the rationality test
suggests that participant understanding of the survey was very
high, with just 3.5% failing to progress. This lends support for
the responses received being the true beliefs of the HCPs
involved, rather than stochastic variation, which can be expected
in the event of misunderstanding the survey. Finally, although
our participants could be considered an anomalous group of
highly digitally engaged HCPs, our subgroup analyses, which
adjusted for digital familiarity and personal perceptions around
the use of digital technologies, found no significant differences
between those who personally use health apps and those who
do not, and more importantly, those who currently recommend
health apps to patients and those who do not. Therefore, the
findings of this study can be considered representative of
underlying preferences as vignettes from all levels of digital
engagement were included.
The findings of our study should also be viewed in the context
of several limitations. First, although we rigorously followed
methodological guidelines for eliciting preferences, our study
was not large enough to capture all relevant attributes that factor
into the decision to provide or not to provide health apps to
patients. For example, a systematic review conducted in 2018
highlighted that excessive data creation and burden in the
analysis would be a significant deterrent to GPs recommending
health apps to patients [12]. Similarly, a survey of Belgian
family physicians suggested that additional time taken to
download and explain the technologies to patients may limit
the ability of HCPs to recommend health apps [17]. As neither
of these attributes were included in this study, our results cannot
be considered definitive, and further research is required to
understand the role of these attributes relative to those examined
in this study. Second, the sample sizes for our subgroup
comparisons were limited, which makes robust, precise
conclusions surrounding the respondents’ WTP or comparisons
between subgroups difficult. Third, a stamp of approval may,
in practical terms, be many things, from a listing on NHS
choices to recommendations via local trust websites or an actual
NHS badge provided on app stores such as Google Play, App
Store, and ORCHA. There is currently no standard for an NHS
stamp of approval, and further research is required on this
subject to determine how this may look in practice. Similarly,
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as mentioned previously, our lack of clarity regarding the details
of what we meant by a published study, and the fact that not all
studies in mHealth are RCTs, may have led people to value this
more highly than if explained in greater detail. Finally, although
stated preference techniques are a useful tool in understanding
the perspectives of HCPs, nothing provides greater insights than
real-world utilization. This study should, therefore, be seen as
indicative until a sufficient body of real-world evidence has
been generated that can adequately demonstrate facets of health
apps used most commonly in routine practice.

Leigh et al

Conclusions
This is the first study to quantitatively determine factors
associated with health app prescribing among HCPs in the
United Kingdom. The findings suggest that having an NHS
stamp of approval, published studies, and recommendations to
use digital health technology from fellow HCPs are the greatest
facilitators of digital prescribing among HCPs, whereas
increasing costs and patient age are significant barriers to
engagement. These findings suggest that demonstrating
assurances and supporting both the dissemination and
peer-to-peer recommendation of evidence-based technologies
that meet health challenges are critical if the NHS is to achieve
its digital transformation ambitions.
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Abstract
Background: With the rapid development of information technology and mobile devices, an increasing number of mobile
medical services and platforms have emerged. However, China’s current mental health situation necessitates further discussion
and research on how to provide more patient-centered services in the face of many challenges and opportunities.
Objective: This study aims to explore the attitudes and preferences of mental health service stakeholders regarding mobile
mental health services and discuss the challenges and opportunities faced by mobile technology developers in China.
Methods: A web-based survey was conducted by following the Checklist for Reporting Results of Internet E-Surveys (CHERRIES)
checklist. A total of 586 valid questionnaires were collected. Respondents included 184 patients or their family members, 225
mental health professionals, and 177 people from the general population. Data analysis was completed using SPSS 24.0.
Results: Among the various problems perceived regarding the current mental health medical environment, difficulty in finding
appropriate psychologists and limited visit times ranked highest. Social media (n=380/586, 64.9%) was the most preferred platform
among all participants, whereas professionals showed a higher preference for smartphone apps (n=169/225, 75.1%). Professional
instruction, psychological consultation, and mental health education (ranked top 3) were the most commonly identified needs.
Mental health professionals generally emphasized more on treatment-related mobile mental health service needs, especially
medication reminders (χ22=70.7; P<.001), symptom monitoring (χ22=24.0; P<.001), and access to mental health resources
(χ22=38.6; P<.001). However, patients and their family members focused more on convenient web-based prescriptions (χ22=7.7;
P=.02), with the general population interested in web-based psychological consultation (χ22=23.1; P<.001) and mental health
knowledge (χ22=9.1; P=.01). Almost half of the participants regarded mobile mental health services as highly acceptable or
supported their use, but less than 30% of participants thought mobile mental health services might be very helpful. Concerns
about mobile mental health mainly focused on information security. Service receivers also suspected the quality and professionalism
of content, and mental health professionals were worried about time and energy consumption as well as medical safety.
Conclusions: In terms of service flow, mobile services could be used to expand service time and improve efficiency before and
after diagnosis. More individualized mobile mental health service content in more acceptable forms should be developed to meet
the various needs of different mental health stakeholders. Multidisciplinary training and communication could be incorporated
to facilitate the integration and cooperation of more well-rounded service teams. A standard medical record system and data
format would better promote the development of future intelligent medical care. Issues such as ensuring service quality, solving
safety risks, and better integrating mobile services with regular medical workflows also need to be addressed.
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Introduction
Background
Of the 1.39 billion people in China, more than 16 million are
affected by severe mental disorders [1]. The number of people
who require professional intervention for any mental disorder
is even higher, estimated at 230 million [1], that is,
approximately 1 in 8 people in China have psychological
problems and would likely benefit from psychological
counseling. The mental health system in China is also facing
many challenges, such as a low service utilization rate,
unevaluated treatment effectiveness, limited access, and
unbalanced allocation of resources [2].
There has been an explosive growth of app markets worldwide
since 2015, with Android and iOS platforms releasing more
than 165,000 health-related apps, approximately 7% of which
target mental health issues [3]. The worldwide emergence of
mobile apps in the field of mental health can be divided into 4
categories: evaluation, tracking or monitoring, treatment, and
multitargets [4]. Many studies have reported the benefits of
mobile mental health apps, such as improving symptoms and
reducing recurrence [5]. However, there are still a number of
problems related to service quality, data privacy,
interoperability, etc. Stronger cooperation with medical
institutions and more rigorously validated evidence regarding
its effectiveness in addressing significant clinical symptoms are
also necessary [6]. More research is needed to promote the
formulation of standards and suggestions for better mobile
mental health services, especially in the large untapped market
of China.
In April 2018, the general office of the State Council of China
promulgated the Opinions on Promoting The Development of
Internet + Medical Health, and encouraged medical institutions
to expand the space and content of medical services using the
internet and other advanced information technologies. To
improve the efficiency of medical services, this policy aims to
build a smoother service process that covers prevention,
diagnosis, and recovery while integrating web-based and offline
medical services and to explore typical mobile health
demonstrations based on artificial intelligence (AI) and
intelligent health equipment that could realize real-time
monitoring and evaluation of personal health conditions, such
as chronic disease screening, early warning, and proactive
intervention [7]. In December 2018, 10 ministries and
committees of China jointly issued the National Pilot Program
for the Construction of a Psychosocial Service System, which
explicitly calls for psychological service networks and assistant
service platforms for the whole society and encourages the use
of information technologies, such as hotlines, networks, apps,
and public accounts on social media platforms, to carry out
science publicity and mental health assessment of common
mental disorders, including depression and anxiety [8].
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Objectives
As mentioned, the use of advanced devices and technologies to
provide more convenient mental and psychological services are
not only urgent needs of the government and the public, but
also inevitable trends of social development. However, whether
the mobile services provided by enterprises, technology
companies, or medical institutions can truly fulfill the needs of
patients, family members, physicians, and the general population
remains to be determined. Current studies on attitude or
acceptance are mainly from countries with advanced electronic
health (eHealth) experience, such as the United States, Australia,
or Canada, which cannot represent the situation in China [9].
This study aimed to explore the needs and preferences for
mobile mental health services of different stakeholders,
including patients and family members, mental health
professionals, and the general population, and to discuss
challenges and opportunities for better mental health services
based on China’s mental health situation.

Methods
Questionnaire Survey
An open web-based survey was designed following the Checklist
for Reporting Results of Internet E-Surveys (CHERRIES)
checklist [10], with an expert panel consisting of 4 clinical
psychiatry professionals (HT, HX, YQ, and JC), and 2 academic
mental health researchers (ZT and YT). The study was approved
by the Institutional Review Board of the Second Xiangya
Hospital, Central South University. The web-based survey was
developed and tested by a well-known web-based survey tool
called Survey Stars, which generated Quick Response (QR)
codes and links to the questionnaire for distribution. Two
versions of the questionnaire could be generated by the first
appearing question asking what the participant’s role is: 1
questionnaire comprising 14 items targeted patients, family
members, and the general population and 1 questionnaire
comprising 12 items targeted mental health professionals. Each
questionnaire started with a request for informed consent, a
brief introduction of the researchers and aims, a notice of less
than 5-min time consumption for participation, and information
regarding privacy, which stated that no identifiable personal
data would be collected and that all data would be under strict
protection and accessible only to the researchers. The content
of the questionnaire was designed based on existing mobile
mental health services in China and the designers’ clinical
experience, which consisted of 3 parts: (1) demographic
characteristics, including gender, age, marital status, education,
and economic status of the patients, family members, and the
general population; mental illnesses that the patients, family
members, and the general population focus on or are interested
in; sex, age, and job title of mental health professionals; mobile
device usage frequency and attitude toward current mental health
services for all participants; (2) preference for web-based service
platforms and service categories; and (3) perceived acceptance
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and helpfulness of, willingness to pay for or provide, and
concerns about mobile mental health care (Multimedia Appendix
1). Single-choice, multiple-choice, and ranking questions were
designed to fit the content. Ranking questions were
automatically presented in a random order in the questionnaire
to prevent bias.

Participants and Procedure
With the aim of understanding the differences in needs and
preferences between different stakeholders to help bridge
discrepancies and increase acceptance for future mobile services,
the sample was divided into 2 major groups: service providers
and service demanders. Service providers consisted of mental
health professionals, who are the most direct providers and are
considered to have some authority and knowledge concerning
what kinds of services are necessary and beneficial. Service
demanders were divided into 2 types: (1) patients with mental
illness from mental health institutes and their family members;
and (2) individuals in the general population. Recent
epidemiological data suggest that most mental disorders have
become increasingly common across China in the past 30 years
[1]. However, less than 7% of patients with mental disorders
have pursued mental health care, which indicates that there are
a multitude of unmet mental health needs among the general
population and suggests the necessity to research their potential
needs and preferences [11]. On the other hand, patients in
contact with mental health care generally have severe symptoms
and represent the largest proportion of mental health service
demanders [11]. For the above reason, the attitudes of different
service demanders were collected separately, with the
assumption that there may be possible differences in needs and
preferences between patients who have identified the need to
see psychiatric doctors and the general population that might
also have unidentified mental health needs.
Participants were recruited voluntarily, and the questionnaire
was accessible to all visitors who opened the link or scanned
the QR code. Incomplete responses and multiple entries (via
Internet Protocol Address) were automatically checked by the
Survey Star website to guarantee valid responses. A total of 586
completed questionnaires with the correct participation time
were collected in July 2018 from the most popular social media
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platform in China, WeChat. The respondents included 184
patients and family members, 225 mental health professionals,
and 177 people from the general population. Data from mental
health professionals and the general population were mainly
collected by sharing internet links on the authors’ WeChat. Data
from patients and family members were mainly collected at a
psychiatric outpatient department of a large general hospital
through researchers’ face-to-face invitation to scan the QR code
and fill out the questionnaire after participants demonstrated a
willingness to participate and gave consent. A primary analysis
demonstrated very similar results between patients and family
members; thus, further analysis was conducted with these 2
groups of data merged as one.

Statistical Analysis
Data analyses were performed using IBM SPSS version 24.0
(IBM Corp). Descriptive statistics were used to describe the
study sample. Chi-square tests for single- and multiple-choice
questions were applied to analyze whether the reported
differences between the 3 groups were significant. Independent
sample median tests were used for the preference ranking
questions.

Results
Demographic Characteristics and Mobile Product Use
The basic information of all participants is presented in Tables
1 and 2. The general population tended to have a high proportion
of women, young adults, higher education, good financial
conditions, and expressed interest in common mental health
issues, such as depression, anxiety, obsessive-compulsive
disorder, and sleep disorders, whereas patients and family
members were more concerned about severe illnesses, such as
schizophrenia and mood disorders.
With regard to mobile device use, 83.2% (n=133/184) of patients
and family members, 92.4% (n=208/225) of mental health
professionals, and 91.5% (n=162/177) of respondents from the
general population reported high or relatively frequent use. A
significant difference of P<.001 between patients and family
members and the 2 other groups was detected. The results are
shown in Table 3.
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Table 1. Demographic characteristics of the patients, family members, and the general population (N=361).
Characteristic

Patients and family members (n=184), n
(%)

General population (n=177), n (%) Chi-square (df)

Gender
Male

83 (45.1)

55 (31.1)

Female

101 (54.9)

122 (68.9)

Age (years)
<18

9 (4.9)

1 (0.6)

18-25

33 (17.9)

51 (28.8)

26-30

48 (26.1)

62 (35.0)

31-40

40 (21.7)

33 (18.6)

41-50

39 (21.2)

18 (10.2)

51-60

14 (7.6)

11 (6.2)

>60

1 (0.5)

1 (0.6)

Marital status
Single

76 (41.3)

94 (53.1)

Married or living with partner

102 (55.4)

74 (41.8)

Divorced

5 (2.7)

7 (4.0)

Widowed

1 (0.5)

2 (1.1)

Education level
Elementary school and below

3 (1.6)

0 (0.0)

Junior high school

29 (15.8)

7 (4.0)

High school

43 (23.4)

9 (5.1)

Vocational school

40 (21.7)

26 (14.7)

Bachelor degree

54 (29.3)

85 (48.0)

Postgraduate and above

15 (8.2)

50 (28.2)

Economic status
Very poor

22 (12.0)

6 (3.4)

Fairly poor

30 (16.3)

7 (4.0)

Moderate

106 (57.6)

138 (78.0)

Fairly good

23 (12.5)

25 (14.1)

Very good

3 (1.6)

1 (0.6)

Disease focused/interested
Schizophrenia

62 (33.7)

60 (33.9)

Bipolar disorder

32 (17.4)

37 (20.9)

Depressive disorder

29 (15.8)

128 (72.3)

Anxiety disorder

19 (10.3)

113 (63.8)

Obsessive-compulsive disorder

8 (4.3)

72 (40.7)

Phobia

1 (0.5)

33 (18.6)

Panic disorder

3 (1.6)

18 (10.2)

Eating disorder

0 (0.0)

10 (5.6)

Sleep disorder

13 (7.1)

86 (48.6)

Paranoid mental disorder

3 (1.6)

38 (21.5)

Schizoid affective disorder

3 (1.6)

16 (9.0)
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P value

7.5 (1)

.006

21.1 (6)

.001

7.0 (3)

.06

69.5 (5)

<.001

29.4 (4)

<.001

N/Aa

N/A
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Characteristic

a

Patients and family members (n=184), n
(%)

Tan et al
General population (n=177), n (%) Chi-square (df)

Mental disorder caused by epilep- 1 (0.5)
sy

13 (7.3)

Mental retardation with mental
disorders

1 (0.5)

15 (8.5)

Other

9 (4.9)

8 (4.5)

P value

Not applicable.

Table 2. Demographic characteristics of mental health professionals (n=225).
Characteristic

Mental health professionals, n (%); (n=225)

Gender
Male

85 (37.8)

Female

140 (62.2)

Age (years)
<18

0 (0.0)

18-25

22 (9.8)

26-30

53 (23.6)

31-40

82 (36.4)

41-50

44 (19.6)

51-60

23 (10.2)

>60

1 (0.4)

Job title
Chief physician/chief nurse

17 (7.6)

Deputy chief physician/deputy chief nurse

25 (11.1)

Attending physician/supervisor nurse

64 (28.4)

Resident physician/nurse

57 (25.3)

Assistant physician/nurse

22 (9.8)

Medical related major student

28 (12.4)

Other

12 (5.3)
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Table 3. Frequency of mobile device use and perceived problems of mental health services in China (N=586).
Characteristic

Patients and family members (n=184), n (%)

Mental health professionals (n=225), n (%)

General population
(n=177), n (%)

Frequency of mobile device use
Very often

75 (40.8)

131 (58.2)

106 (59.9)

Fairly often

78 (42.4)

77 (34.2)

56 (31.6)

Moderate

24 (13.0)

13 (5.8)

15 (8.5)

Not often

7 (3.8)

1 (0.4)

0 (0.0)

Almost not use

0 (0.0)

3 (1.3)

0 (0.0)

Perceived difficulties of mental health services in China
Difficult to find a suitable psycholog- 49 (26.6)
ical counselor or institution

105 (46.7)

115 (65.0)

Limited visit time with the doctor

80 (43.5)

99 (44.0)

84 (47.5)

Heavy economic burden

67 (36.4)

84 (37.3)

64 (36.2)

Heavy transportation burden for non- 50 (27.2)
local patients

100 (44.4)

34 (19.2)

Difficult to make an appointment to
a fixed doctor

29 (15.8)

71 (31.6)

42 (23.7)

Lack of simpler procedures for regu- 40 (21.7)
lar medicine purchase

77 (34.2)

23 (13.0)

Extremely long waiting time

47 (25.5)

39 (17.3)

32 (18.1)

Difficult to make appointments

46 (25.0)

35 (15.6)

28 (15.8)

Other

8 (4.4)

16 (7.1)

4 (2.3)

Preference for platforms
Social media (WeChat or QQ)

134 (72.8)

123 (54.7)

123 (69.5)

Smartphone apps

78 (42.4)

169 (75.1)

104 (58.8)

Text message

25 (13.6)

19 (8.4)

9 (5.1)

Phone call

35 (19.0)

45 (20.0)

16 (9.0)

Websites

21 (11.4)

36 (16.0)

30 (16.9)

Other

5 (2.7)

6 (2.7)

5 (2.8)

Perceived Problems With Mental Health Services
Regarding the current inconvenience of or the unmet needs for
mental health services, the difficulty of finding a suitable
psychologist (n=269/586, 45.9%) and the limited visit time with
the doctor (n=263/586, 44.9%) were most frequently mentioned
(χ218=142.2; P<.001). Mental health professionals were more
concerned about finding proper psychologists (n=105/225,
46.7%), the difficulty for patients from rural areas to visit the
doctor (n=100/225, 44.4%), the limited visit time (n=99/225,
44.0%), the economic burden (n=84/225, 37.3%), the
inconvenience of regular medicine purchase (n=77/225, 34.2%),
and the difficulty of regularly seeing the same doctor (n=71/225,
31.6%). Patients and family members complained more about
the limited visit time (n=80/184, 43.5%) and economic burden
(n=67/184, 36.4%). Compared with the 2 other groups, they
also expressed more dissatisfaction with the length of the waiting
time (n=47/184, 25.5%) and the difficulty of making
appointments (n=46/184, 25.0%). The general population
emphasized psychological consultation (n=115/177, 65.0%),
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Chi-square
(df)

P value

33.8 (8)

<.001

142.2 (18)

<.001

83.0 (12)

<.001

limited visit time in the clinic (n=84/177, 47.5%), and economic
burden (n=64/177, 36.2%). The results are shown in Table 3.

Preference for Web-Based Service Platforms
Among the frequently used platforms for web-based health
services in China, there are social media such as WeChat and
QQ, smartphone apps, text messages, phone calls, and websites.
Social media (n=380/586, 64.8%) and apps (n=351/586, 59.9%)
were most commonly chosen by the respondents. A total of
72.8% (n=134/184) of patients and family members reported a
willingness to use social media and 42.4% (n=78/184) for apps,
whereas 54.7% (n=123/225) of mental health professionals were
more interested in the former and 75.1% (n=169/225) in the
latter; the figures were 69.5% (n=123/177) and 58.8%
(n=104/177), respectively, for the general population. The results
are shown in Table 3.
There were significant differences in the preference toward
mainstream social media among the 3 groups of participants
(χ22=17.0; P<.001). The higher interest in specific apps among
professionals was statistically significant compared with other
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participants (χ22=45.3; P<.001). With regard to more traditional
means of communication, a higher proportion of patients and
family members chose text messages compared with other
groups (χ22=8.1; P=.02), and the general population was less
interested in using phone calls for mental health services
(χ22=10.5; P=.01). No significant difference in attitude toward
websites was detected (χ22=2.6; P=.28).

Preference for Categories of Mobile Mental Health
Services
A multichoice ranking question was provided to determine
whether there are differences among respondent groups
regarding various categories of mobile mental health services.
A total of 11 options were provided for ranking in the
questionnaire including 9 categories of services, others, and not
selected as the eleventh option. Table 4 presents the statistical
differences of the priority given by the 3 groups for each
category of mobile mental health service. Figure 1 provides a
more visualized comparison of the median of each category’s
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ranking among the 3 groups. Numbers on the X axis correspond
to the categories listed in Table 4. A smaller ranking number
in the table or figure indicates a higher priority. Among all
categories, the need for web-based professional instruction,
web-based psychological consultation, mental health knowledge,
and guidance for a healthy lifestyle ranked high, on average.
Except for guidance for a healthy lifestyle, all other items were
significantly different among the 3 groups. Mental health
professionals generally emphasized many items, especially
medication reminders (χ22=70.7; P<.001), symptom monitoring
(χ22=24.0; P<.001), mental health resources (χ22=38.6; P<.001),
and peer support (χ22=19.0; P<.001). The general population
attached much more importance to web-based psychological
consultation (χ22=23.1; P<.001) and mental health knowledge
(χ22=9.1; P=.01) but less importance to other demands, whereas
patients and family members tended to focus more on convenient
web-based prescription (χ22=7.7; P=.02).
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Table 4. Preferences for categories of mobile mental health services among the 3 groups.
Categories

Rankinga
25th percentile

Median

Patients and family members

2

5b,c

11

Mental health professionals

2

4b

9

General population

3

6c

11

Web-based psychological consultation
Patients and family members

2

6c

11

Mental health professionals

3

7c

11

General population

2

3b

11

Mental health knowledge
Patients and family members

3

7c

11

Mental health professionals

2

5b

8

General population

2

4b

11

Guidance for healthy lifestyle
Patients and family members

3

6

11

Mental health professionals

3

6

11

General population

2

5

11

Medication reminder and side effects monitoring
Patients and family members

3

7c

11

Mental health professionals

2

4b

7

General population

6

11d

11

Symptom monitoring
Patients and family members

3

9c

11

Mental health professionals

3

5b

9

General population

4

9c

11

Collection of mental health resources
Patients and family members

5

11c

11

Mental health professionals

3

6b

11

General population

5

11c

11

Web-based prescription
Patients and family members

3

7b

11

Mental health professionals

4

9b

11

General population

5

11c

11

Web-based peer support

XSL• FO
RenderX

P value

6.6 (2)

.04

23.1 (2)

<.001

9.1 (2)

.01

1.9 (2)

.38

70.7 (2)

<.001

24.0 (2)

<.001

38.6 (2)

<.001

7.7 (2)

.02

19.0 (2)

<.001

75th percentile

Web-based professional instruction

Patients and family members

5

11c

11

Mental health professionals

5

8b

11

General population

5

11c

11
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a

The presence of b, c, and d of the median column indicates whether there are statistically significant differences in the median ranking among the 3
groups in each category. The same letter indicates no significant difference between groups; otherwise, there are significant differences. No b, c, or d
means no significant difference was detected among all 3 groups.
b

No significant differences between groups for these numbers.

c

No significant differences between groups for these numbers.

d

No significant differences between groups for these numbers.

Figure 1. Median comparison of the ranking of different categories of mobile mental health services among the 3 groups. The X-axis: 1. Web-based
professional instruction; 2. Web-based psychological consultation; 3. Mental health knowledge; 4. Guidance for healthy lifestyle; 5. Medication reminder
and side effects monitoring; 6. Symptom monitoring; 7. Collection of mental health resources; 8. Web-based prescription; 9.Web-based peer support.
The Y-axis represents the median ranking of each category of the 3 groups.

Acceptability and Concerns
Tables 5 and 6 show the acceptance and concerns regarding
mobile mental health services. Nearly half of the participants
regarded mobile mental health services as highly acceptable or
recommended their use. However, in regard to perceived
helpfulness, <30% of participants thought mobile mental health
services might be very helpful, and almost half of them
considered such services fairly helpful.
Most service receivers had an above moderate level of
willingness to pay for mobile mental health services. The risk
of leaked personal information and the professionalism of
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web-based services were frequently chosen as concerns with
regard to these web-based services.
A total of 76.0% (n=171/225) of mental health professionals
believed that mobile mental health services can be fairly or very
beneficial to their clinical work. Given proper payment, most
mental health professionals showed willingness to provide these
services. However, almost half of the mental health professionals
were concerned about the potential disadvantages of web-based
services that were listed on the questionnaire, especially the
danger of leaked personal information, insufficient time and
energy investment, and medical safety.
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Table 5. Acceptance of and concerns regarding web-based services of patients, family members, and the general population (n=361).
Characteristic

Patients and family members (n=184), n (%)

General population (n=177), n (%)

Very willing to accept

89 (48.4)

74 (41.8)

Fairly willing to accept

50 (27.2)

53 (29.9)

Indifferent

38 (20.7)

42 (23.7)

Tend to not accept

7 (3.8)

7 (4.0)

Not accept

0 (0.0)

1 (0.6)

Very helpful

50 (27.2)

46 (26.0)

Fairly helpful

88 (47.8)

84 (47.5)

Indifferent

39 (21.2)

41 (23.2)

Tend to not be helpful

7 (3.8)

5 (2.8)

Cannot be helpful

0 (0.0)

1 (0.6)

Very willing

33 (17.9)

29 (16.4)

Fairly willing

64 (34.8)

60 (33.9)

Indifferent

68 (37.0)

64 (36.2)

Tend to not be willing

18 (9.8)

19 (10.7)

Not willing

1 (0.5)

5 (2.8)

Leakage of personal information

105 (57.1)

127 (71.8)

Difficult to learn on mobile devices

60 (32.6)

77 (43.5)

Difficult to keep recording and learning

66 (35.9)

84 (47.5)

Not able to truly solve my problems

86 (46.7)

82 (46.3)

Not professional or authoritative enough

71 (38.6)

98 (55.4)

Other

6 (3.3)

7 (4.0)

Acceptance

Perceived helpfulness

Willingness to pay

Concerns
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Table 6. Acceptance of and concerns with web-based services among mental health professionals (n=225).
Characteristic

Mental health professionals (n=225), n (%)

Support to use
Very support

103 (45.8)

Fairly support

69 (30.7)

Indifferent

32 (14.2)

Tend to not support

15 (6.7)

Not support

6 (2.7)

Helpfulness to patients and family members
Very helpful

65 (28.9)

Fairly helpful

104 (46.2)

Neither helpful nor unhelpful

51 (22.7)

Tend to not be helpful

3 (1.3)

Cannot be helpful

2 (0.9)

Helpfulness to work
Very helpful

67 (29.8)

Fairly helpful

104 (46.2)

Neither helpful nor unhelpful

49 (21.8)

Tend to not be helpful

3 (1.3)

Cannot be helpful

2 (0.9)

Willingness to provide with payment
Very willing

80 (35.6)

Fairly willing

62 (27.6)

Indifferent

72 (32.0)

Tend to not be willing

8 (3.6)

Not willing

3 (1.3)

Concerns
Leakage of personal information

125 (55.6)

Increased workload

105 (46.7)

Not enough time and energy

145 (64.4)

Medical safety is not guaranteed

132 (58.7)

Unnecessary disturbance

107 (47.6)

Other

4 (1.8)

Discussion
What service providers prioritize may not be urgent from the
perspective of service receivers. However, few studies have
shed light on the needs concerning electronic-mental health
(e-mental health) services from different stakeholders’
perspectives. Considering the current status of mental health in
China and the fast-emerging eHealth trend worldwide, in-depth
discussion is needed regarding the underlying contradiction
between supply and demand in the current Chinese mental health
services as well as the opportunities to solve these challenges
and provide better patient-centered services through eHealth
technologies.
https://mhealth.jmir.org/2020/7/e16215

XSL• FO
RenderX

Acceptance and Preferences
In comparison with previous studies on acceptance and preferred
mobile mental health services, the findings of this study shared
some similarities, as expected. First, e-mental health services
have been proven to be generally acceptable with a high
willingness to use, even though they are not perceived to be as
helpful as face-to-face services [12]. The results of this survey
also indicate a high willingness to try such services alongside
a relatively prudent expectation of e-mental health service
helpfulness. Second, professional support has proved to be the
most critical facilitator of user acceptability because both
face-to-face and professionally guided web-based services are
preferred over unguided self-help services [12]. The results of
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16215 | p.866
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
this study also show the high demand for services involving
professional participation, such as professional medical
instructions and psychological counseling.
This study adds to the body of literature in a few substantial
ways. First, some studies have shown that low e-mental health
awareness (e-awareness) and the digital divide of patients with
severe mental illness might hinder the future use and perceived
helpfulness of mobile services [13,14]. However, other studies
have demonstrated that the internet is a significant resource for
seekers of mental health knowledge and that the internet
behavior of patients with psychosis is not very different from
that of the general population [15]. The results of this survey
supported the latter finding. The frequency of mobile device
usage by patients and family members in this study was lower
than that in the other 2 groups, but the respondents indicating
above-average usage still accounted for 83.2%, and no
significant difference in acceptance or willingness to use was
found. There is still much space for developers to explore how
to take full advantage of the cyber world and create more
acceptable services for mental health seekers, regardless of the
severity of their illness.
Second, previous studies have found that the vast majority of
respondents preferred traditional face-to-face services to mobile
mental health services, which put traditional medical services
and mobile medical services on opposing sides [16]. However,
the advantage of mobile medical services lies in their ability to
assist and optimize traditional services rather than replace them.
According to the reflection on current medical problems in
China from this study, there are still many unmet needs,
especially in terms of accessibility, service time, economic
burden, and distance to institutions. This indicates that mobile
mental health services have great potential to solve these medical
needs that cannot be met at present, such as by offering more
professional medical instruction and health education. Therefore,
mobile health services need not be considered in opposition to
traditional medical treatment but as advantageous to complement
existing mental health services.
Third, to our knowledge, this is the first study on the preference
for different types of mobile medical services and the first to
compare among different stakeholders. Therefore, it is difficult
to compare our findings with those arising from other countries’
situations, but the results of this study still provide valuable
indications for the future development of mobile mental health
services. This survey showed that mental health professionals
generally place more emphasis on symptoms and treatment,
such as monitoring and access provision, whereas service
demanders are more focused on psychological counseling and
convenient prescription. The emphasis of professionals on
medical issues might be due to their tendency to diagnose and
provide treatment plans based on symptoms, whereas
psychological counseling services are not commonly integrated
with current mental health institutions in China [2]. The higher
requirements of patients and their family members for
convenient prescription might be the result of the imperfect
hierarchical diagnosis and treatment system in China [2], which
leads to large provincial medical institutions often being
crowded and inconvenient for rural patients to access. The
obvious lower requirements of service demanders for monitoring
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and access provision could be due to the low adherence to
medication, as shown in other research studies [17], but might
also be due to the fact that service demanders believe they can
monitor their symptoms and medications without additional
mobile tools and instead give higher priority to items that they
cannot accomplish alone, such as professional instruction and
counseling. In short, this result reflects that the functions
professionals think are important for mental health might not
be considered of the same importance by patients and family
members. This indicates that service developers should pay
more attention to the different needs of different stakeholders
and try to meet these differentiated needs in a more acceptable
manner.

Challenges
The urgent needs for professional instruction and psychological
therapy seems to be intrinsic for patients and family members
with mental illnesses, but many underlying problems in the
current Chinese mental health environment provide no simple
solution to these seemingly simple needs. eHealth services seem
to be a promising solution, but there are some systemic
challenges to be solved that are critical for their application and
further development.
First, mental health human resources in China are limited. Due
to the lack of social workers and family physicians and the
imperfect hierarchical diagnosis and treatment system, patients
are used to crowding into first-class hospitals for treatment.
However, limited human resources and heavy work burdens
make it difficult for physicians and nurses in hospitals to provide
personalized and continuous disease management, which leads
to the urgent need for more professional instruction, as shown
in this study [2].
Telemedicine services seem to be a promising solution to help
patients who lack convenient access to local services to obtain
high-quality mental health services. The authors conducted a
rough search on 2 App Store optimization websites, Kuchuan
[18], and Chandashi [19] to obtain the number of recent mobile
mental health apps available at the time of writing this paper.
The results shown there are 222 of these apps in the App Store
and 621 in the Android markets on psychology (心理 in
Chinese), and 212 and 121,560, respectively, on psychological
counseling (心理咨询 in Chinese). These results are in
accordance with an industry report, where most of the
high-ranked mental health service platforms provide web-based
counseling [20]. These platforms continue to gather well-known
psychiatrists and psychologists as much as possible to improve
their popularity and professionalism [20]. There are also clinical
trials demonstrating the effectiveness of mental health services
provided on social media, such as WeChat [21].
However, there are several challenges that require further
attention. On the one hand, the time consumption and workload
disruption might hinder the sustainable willingness of more
professionals to provide such services, as Granja and Janssen
noted [22], which was also shown in this study as a major
concern of professionals. On the other hand, the current lack of
systematic training and standardized entry threshold for
psychological counselors in China also leads to a lack of
professional psychological counselors, which consequently
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makes psychological therapy an urgent need for the general
population [2]. Additionally, there is no explicit regulation on
the pricing of the psychological counseling industry in China.
Current web-based psychological consultation fees are mostly
hundreds of yuan, some even more than 2000 yuan (or
approximately US $285) per hour, and none of these services
are currently covered by medical insurance [23]. As a newly
emerging industry, the medical and ethical safety of the
web-based services provided by commercial companies is also
awaiting further perfection of relevant laws and regulations. As
a result, it is still doubtful whether a high-threshold
unguaranteed psychological counseling can truly alleviate so
many patients’ urgent needs.
Second, professional mental health publicity and education
resources for the general population are insufficient. The various
kinds of mental health information that flood the internet are
not necessarily effective or safe. First, nonindividualized health
education information is not as helpful as what personal
physicians or counselors can provide for patients to solve their
mental health problems [24]. Second, some negative unregulated
psychology websites may completely misguide patients and
even lead to death [25]. Service providers need to come up with
more individualized and authorized health education, which
can not only guarantee the effectiveness of information but also
help information seekers avoid being inundated and misled by
the massive amount of information.
Third, the inconformity of medical information impedes the
development of medical big data. For a long time, the
inconsistency of data standards and the irregularity of data
formats have been important factors hindering the development
of big data in China [26]. Medical systems in different regions
and hospitals have different standards and formats in China,
resulting in many data deficiencies and great difficulties in data
cleaning. These information islands also hinder physicians from
gathering information about the medical history of patients,
which consequently affects treatment effectiveness. In addition,
the lack of records of symptoms and medication use from daily
life, such as mood fluctuations of patients with bipolar disorder
and metabolic indicators of patients with schizophrenia, make
it difficult to understand the course of patients’ disease in the
short visit time with inconsistent information [27]. These are
also urgent needs for professionals, as shown in this study.
Although there have been many mobile apps aiming at offering
ecological momentary assessment (EMA), which monitors
adverse events and might help physicians understand the course
of the disease, whether patients will accept such apps and how
to guarantee adherence are problems that need to be resolved
[27]. Nonetheless, if information from this monitoring system
is summarized and reported to the health information systems
in medical institutes in a unified and continuous manner, it
might greatly facilitate diagnosis, treatment adherence, and
rehabilitation.

Opportunities
The survey showed that all groups generally have high
acceptance for mobile mental health services, with different
preferences. However, the application of mobile mental health
in China still faces many challenges along with great
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opportunities to improve the current service flow, service
content, and service quality. The following are some suggestions
for the application of mobile mental health in China based on
the worldwide trends of mobile health and China’s national
conditions.

Optimize Service Flow for Different Stakeholders and
Different Needs
To reduce the threshold and obstacles for the public to positively
seek and accept mental health services, professional mobile
platforms could be equipped to establish more coherent service
flows. For the general population, there could be platforms
providing mental health education, early symptom screening,
self-help psychological intervention, and smooth referral
services to professional psychological counseling or psychiatric
institutions. For patients with severe disorders who need more
systematic diagnosis and treatment, mobile devices can be used
to provide pretreatment guidance before a formal visit by asking
patients to fill in disease-related information in advance, which
could not only provide more referential information for
physicians in the very limited outpatient visit time but also
expand the content of service and enhance the sense of being
cared for. After the first visit with a clear diagnosis, web-based
prescription and drug delivery services after video conferences
could be used to change repeated brief follow-ups to high-quality
web-based instruction, with all the information gathered from
previous visits and daily EMA data on mobile platforms.
Transforming the repetitive and tedious routine through
web-based services might help reduce the travel time and
economic burden of patients and relieve the crowded
environment in large medical institutions.
It should be emphasized that to ensure the acceptance and
perceived usability among professionals, all of these mobile
services should be optimized in the current mental health service
mode without disturbing the regular workflow or increasing the
burden of staff [20]. In addition, mobile mental health services
should be integrated into people’s daily life habits as much as
possible through common social media such as WeChat or QQ,
which are preferred platforms for service demanders. The
preference of professionals for using specialized smartphone
apps rather than social media might be due to privacy, energy,
and time concerns, which calls for careful design of service
platforms. For example, a special processing mechanism that
allows service requests to be transferred to professionals only
when the background robot or assistants are not capable of
dealing with them can be established. With specialized methods
for information receiving channels and processes, structured
information gathering and convenient disease management
could be ideally realized to meet both scientific and clinical
research needs.

Provide Individualized Service Content in Acceptable
Forms
Psychological Consultation
Psychological intervention is one of the services of most concern
for the public, patients, and family members. Web-based
psychological intervention services may be self-helped or
professionally guided, synchronous, or asynchronous [28].
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16215 | p.868
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Recently, another promising method that combines
psychological consultation with AI-supported chatbots has
become popular, providing companionship, listening,
interpersonal skills, cognitive correction, and behavioral
activation, even though there is a long way before such chatbots
become natural and humanized enough [29,30]. With limited
accessible services in China, self-help services might be
cost-efficient, but human-supported services may have higher
acceptance and adherence [24]. One possible solution worth
exploring might be to integrate the convenience of a chatbot
with auxiliary human support from trained service assistants
without creating more workload to the currently limited
professional mental health human resources. In addition, there
should be different forms of services for illnesses of different
severities. For common mild psychological problems in the
general population, priority could be given to easier access to
self-help services, such as mindfulness meditation exercises,
self-help cognitive behavioral therapy, and telepsychological
counseling. What is important is that these platforms are
regulated properly, and referral links to reliable mental health
institutions should be provided. For patients with more severe
problems, there should be more disease-specific or even
individualized psychological therapy services that are provided
by authorized organizations and closely linked with stepped
mental health systems from the community to the hospital level.
Technologies integrated with virtual reality (VR), augmented
reality (AR), or serious games can also be used to provide more
vivid therapy scenes, such as for patients with cognitive
impairment or specific phobia.
Psychological Education
At present, there are many search engines on the internet that
provide a variety of mental health knowledge, but most of them
are delivered either as a professional reference or with
unguaranteed quality, which might lead to inaccurate
self-diagnosis [28]. Additionally, website information is usually
provided passively by users searching for possible relevant
content and does not target individuals, thus having limited
potential to solve problems properly. Smartphone apps, emails,
or text messages can be easily ignored, and may not be
interesting enough to ensure adherence without further human
interaction. More individualized and professional education
methods should be emphasized. For the general population,
educational knowledge related to a healthy lifestyle and mental
health could be actively provided using public web-based spaces
such as social media and official group chats or chatrooms that
belong to schools, organizations, or institutions, to increase the
dissemination of mental health knowledge and decrease the
sensitivity to discussing such issues. Content combined with
current news or interesting practical skills or provided in the
form of short videos or games may be more acceptable. For
patients with more health care requirements, mobile platforms
provided by strictly selected mental health institutions can be
used to provide systematic, individualized content for patients
in different stages of disease.
Professional Instruction and Peer Support
The lack of mental health human resources and limited visit
time at clinics in China leads to individualized professional
instruction for disease-related questions being the most
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important requirement of patients and family members. A
stepped health care system could be introduced to mental health
institutions by integrating AI technology and human
professionals. After learning and training, the AI robot could
be used to complete the screening and identification work and
automatically answer some simple professional questions, but
as a guarantee, medical assistants could be equipped to solve
more complex problems that the robot cannot address. Important
decision-making problems, such as prescription or emergencies,
including suicide or self-injury, can be referred to a physician.
With the help of mobile technology and AI, the burden of
physicians could be reduced, and more personalized services
could be provided.
Peer support has been considered an important way of improving
mental health that provides more perspectives and support for
patients and family members. Mobile devices are widely used
social tools and educational platforms for peer support in
synchronous or asynchronous forms, but the activation of,
commitment to, access to, and effectiveness of mobile peer
support apps await further research [31,32]. The unfamiliarity
of peer support and its benefit, deeply rooted stigma, and
relatively limited authority might have caused the lower
preference in this study, and more peer-based apps and risks
need to be discussed.
Symptom Management and Service Information
Symptom monitoring and medication reminders provided by
mobile tools were not as prioritized by patients and family
members as they were by mental health professionals.
Professionals might habitually pay more attention to symptoms
and side effects and hope to have a more comprehensive
understanding of the variation of medical indicators. However,
patients might think these are redundant and even reminders of
pain. A mutually beneficial approach is necessary. Motivational
research has proven that external and intrinsic factors, such as
the sense of accomplishment and control, increase of personal
benefit, and formation of habits, could facilitate adherence to
mobile services [33]. This reminds us that these monitoring
functions could be delivered in more interesting, interactive,
and rewarding forms, such as games, or integrated into the
conversational context on a regular basis, rather than simply
requiring patients to provide information and complete complex
missions. A passive data collection function embedded in mobile
phones or wearable devices could also be utilized to ensure
service adherence and acceptance.
In the past 15 years, China’s mental health services have greatly
improved with the conduction of a national program named
Central Government Support for the Local Management and
Treatment of Serious Mental Illness Project or the 686 Program
that was initiated in 2004 [2]. Many financial subsidy policies
have also been put forward for patients with severe mental
diseases, especially for impoverished patients, to obtain
affordable, even free treatment and rehabilitation services [2].
However, the accessibility of this service information is the key
factor that determines whether patients can truly obtain help.
In this study, service providers prioritized this, but service
demanders did not. This might be because service demanders
believe that they have the ability to freely and conveniently
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access the internet and obtain all needed information. The
internet helps patients gain relevant information quickly, but
providing this information in more authoritative and integrated
platforms might improve the efficiency of accessing high-quality
medical services without being misled by advertisements or
unrelated information in the broad cyber world.

Increase the Quantity of Mental Health Services
Considering the current divided training system between
psychiatry and psychology in China [34], web-based continuing
education could help provide more convenient multidisciplinary
training in fields such as psychiatry, psychological therapy,
social work, and vocational rehabilitation. Technological
innovations, such as AR and VR, can also contribute to more
vivid and realistic education scenarios and help increase learning
efficiency. Multidisciplinary communication facilitated by
mobile technologies could also be incorporated to facilitate the
integration and cooperation of more well-rounded service teams.
Another important aspect of quality improvement depends on
the interconnection of various health data, especially medical
records from different medical information systems. It is
necessary to establish unified clinical and scientific data
standards that are consistent with electronic medical records
and other major health information systems to increase the
efficiency of big data scientific research and promote the
continuous development of intelligent medical services. In
addition, mobile mental health services should be combined
with medical records as much as possible to avoid information
islands, help promote more coherent service processes, and
increase adherence. With regard to the suspicions of service
quality as reflected in this survey, it is vital to continuously
research the acceptability, usability, and effectiveness of all
fast-emerging types of exploration in this constantly evolving
world of technology.

Limitations
There are some limitations to this study. First, respondents
representing mental health professionals and the general
population were collected from the social media accounts of
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the researchers, and the respondents representing patients and
family members are mainly collected from one mental health
department of a provincial hospital. The similar background of
the participants limits this survey in gathering perspectives from
community-level medical institutes or patients with limited
resources or literacy. Multicentered research is needed for a
more well-rounded understanding. Second, this study is
conducted with the prerequisite that all participants have
smartphones and use WeChat and thus cannot address the needs
of people who do not frequently use smartphones or WeChat.
However, with the rapidly increasing number of cyber citizens
and the large number of WeChat users in China, understanding
the needs of this part of the public first is more feasible and
promising. Third, it was unpractical to conduct an assessment
on cognitive ability before consent was obtained for a
questionnaire, and there is a possibility that some patients did
not fully understand the questionnaire items. However, as the
results of patients and family members are very similar, we tend
to believe that there is only a minor possible influence.

Conclusions
This study investigated the preferences, acceptance, and
concerns regarding mobile mental health services of different
mental health stakeholders and discussed the potential of mobile
health services to relieve the urgent mental health needs of
current China. Psychological therapy, professional instruction,
and mental health education are most needed, which reflects
the current problems of mental health services in China, such
as the severely imbalanced supply and demand, doubtful and
insufficient public education materials, incoherent mental health
services flow, and the lack of standardization of medical
information. However, challenges always accompany
opportunities. With the high acceptability of mobile health
services, mobile technologies have the potential to build a
smoother mental health workflow, enrich urgently needed
service categories, and improve the overall service quality. More
practice and research are needed in the future to continuously
maximize the advantages of technology while avoiding privacy
risks and medical security issues.
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Abstract
Background: The coronavirus disease (COVID-19) pandemic, caused by the novel severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2), has resulted in the self-quarantine of countless people due to possible infection. This situation makes telemedicine
necessary as it can overcome geographical barriers, increase the number of people served, and provide online clinical support for
patients. However, the outcomes of telemedicine have not yet been evaluated.
Objective: The aim of our study is to describe the epidemiological features and clinical symptoms of patients receiving remote
diagnosis and treatment at the online outpatient clinic of our hospital, as well as to analyze the outcomes and advantages of
telemedicine, during the COVID-19 pandemic.
Methods: Data from patients receiving remote diagnosis and treatment via consultation services for COVID-19 concerns at the
online outpatient clinic of Henan Provincial People's Hospital from January 24 to February 17, 2020, were collected. A retrospective
analysis was performed on epidemiological features, clinical symptoms, and preliminary outcomes.
Results: Online inquiry, consultation, and suggestions were provided for patient concerns related to COVID-19. Our hospital
also offered offline noncontact drug delivery services following online ordering and payment. A total of 4589 patients receiving
remote diagnosis and treatment were recruited. The daily number of online outpatient visits initially increased and then decreased,
reaching its peak on January 28 when the daily number of online outpatient visits totaled 612. Of 4589 patients, 1940 (42.3%)
were males and 2649 (57.7%) were females (age range: 78 days to 85 years). Most patients were aged 20-39 years (n=3714,
80.9%) and came from Henan Province (n=3898, 84.9%). The number of patients from other provinces was 691 (15.1%). During
the online consultations, patients discussed the following symptoms: fever (n=2383), cough (n=1740), nasal obstruction (n=794),
fatigue (n=503), and diarrhea (n=276). A total of 873 orders of noncontact drug delivery following online payment was completed.
The daily number of such orders gradually stabilized after the initial, steady increase. For offline drug delivery orders, the median
(IQR) was 36 (58). An online satisfaction survey was filled out postconsultation by patients; of the 985 responses received, 98.1%
(n=966) of respondents were satisfied with the service they received.
Conclusions: Remote diagnosis and treatment offered via online outpatient consultations effectively reduced the burden on
hospitals, prevented overcrowding, reduced the risk of cross-infection, and relieved patients' anxiety during the COVID-19
outbreak. This plays an essential role in pandemic management.
(JMIR Mhealth Uhealth 2020;8(7):e19417) doi:10.2196/19417
KEYWORDS
coronavirus disease; COVID-19; remote diagnosis and treatment; telemedicine; online outpatient visit; offline drug delivery;
pandemic management; China; Henan Province
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Introduction
Novel coronavirus (2019-nCoV)–infected pneumonia is caused
by the 2019 novel coronavirus [1]. On February 11, 2020, the
World Health Organization (WHO) announced the names
“coronavirus disease 2019” (COVID-19) for the disease and
“severe acute respiratory syndrome coronavirus 2”
(SARS-CoV-2) for the virus. According to existing studies,
SARS-CoV-2 is closely related to severe acute respiratory
syndrome coronavirus (SARS-CoV) and Middle East respiratory
syndrome coronavirus (MERS CoV). All three viruses can cause
severe symptoms of pneumonia. SARS-CoV-2 is usually found
in respiratory secretions and transmitted by droplets (eg, by
sneezing and saliva) but can also spread by contact. Its virulence
is weaker than SARS CoV, but its transmissibility is higher than
SARS CoV. SARS-CoV-2 can spread from person to person,
and the general population is susceptible to infection. It is also
contagious during the latency period [2-5]. According to the
National Health Commission of the People’s Republic of China,
it had received reports of 72,528 cumulative confirmed cases
of COVID-19 from 31 provinces (autonomous regions and
municipalities directly under the central government) and
Xinjiang Production and Construction Corps, by 24:00 on
February 17, 2020. Other countries, including Thailand, Japan,
Korea, and the United States had also reported COVID-19 cases
[6-9]. It is difficult to monitor COVID-19 due to its high
transmissibility, unclear route of transmission, and atypical
symptoms. COVID-19 has posed enormous challenges to
China's public health [2].
During the COVID-19 outbreak, nonurgent visits may cause
overcrowding in hospitals [10], which not only adds to the
burden of hospital staff but also dramatically increases the risk
of infection spread. There may be severely adverse consequences
for both patients and hospitals, making pandemic control even
more difficult. On the other hand, as a major public health event,
the COVID-19 pandemic not only endangers people's life and
health but also causes psychological stress and anxiety. Active
prevention and monitoring of the public’s psychological
behavior is an integral part of a reasonable response to public
health emergencies. Telemedicine is a health service discipline
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that combines modern communication, electronic technology,
computer networks, and medicine [11]. Telemedicine can
overcome geographical barriers, increase the number of people
served, and provide online clinical support for patients [12,13].
This novel health service model has great potential for disease
prevention and treatment as well as patient nursing during
epidemiologic outbreaks [14].
Henan Provincial People's Hospital has opened the COVID-19
online outpatient clinic via the connected smart health service
center platform, which provides smart health solutions for
patients. The platform has already achieved 5G coverage and
combines the internet with medical technology to successfully
connect Henan Provincial People's Hospital to online hospitals.
Online health services provided to patients include appointment,
diagnosis and treatment, payment, quality control, follow-up,
hierarchical diagnosis and treatment, emergency rescue, healthy
management, public services, logistics, health education, and
remote vital signs monitoring. Here, a retrospective analysis
was performed to analyze the outcomes and advantages of
telemedicine in the context of the COVID-19 outbreak in China.

Methods
A retrospective analysis was carried out using data from all
patients who received remote diagnosis and treatment via online
consultation services provided by our hospital from January 24
to February 17, 2020. During this period, 132 clinicians from
Henan Provincial People's Hospital provided online outpatient
consultation services to address COVID-19 concerns. These
clinicians were from the Department of Infectious Diseases, the
Respiratory Department, the Department of Critical Care
Medicine, and the Department of Psychology and Psychiatry.
They were divided into 5 teams: 2 teams provided consultation
services for adult patients (adult team), 1 team for pediatric
patients (pediatric team), and 2 teams for patients with
psychological problems (psychological team; Figure 1). Online
inquiry, consultation, and suggestions were provided to patients
for concerns related to COVID-19 and the services were free
of charge. Meanwhile, the hospital offered offline noncontact
drug delivery services following online ordering and payment.
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Figure 1. Expert clinician teams.

In order to consult with a clinician, patients can scan the official
QR (Quick Response) code or follow the WeChat public account
HNFYSY1904, which directs them to the expert consultation
interface and allows access to the online outpatient consultation.
Alternatively, patients can directly search our health service
website to access the consultation page. Following the prompts,
the patients click on the “Consult” button in the lower right
corner, then input personal information and a description of
symptoms, and start the consultation (Figure 2). The patients
can choose real-time communication or online messaging for
inquiry and consultation. The patients can interact with the
clinicians online via voice, text, photo, and video (Figure 3).
During telemedicine consultations, we defined mild illness as
follows: fever below 38℃ and no history of epidemiological
exposure. Patients with a fever greater than 38℃ or with a
history of epidemiological exposure were advised go to the
hospital immediately. For mildly symptomatic patients and
those with symptoms like cough, nasal congestion, fatigue,
diarrhea, etc, our procedure was to provide medication guidance,
recommend home isolation, and regular temperature monitoring.
In cases where the temperature exceeds 38℃ or symptoms
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worsen, we recommended patients to visit a hospital for
treatment.
At the end of the remote consultation, the platform will
automatically open an electronic questionnaire, which the
patients have the option to fill. The questionnaire includes star
ratings and open answers. A minimum of 1 star represents high
dissatisfaction, and a maximum of 5 stars represents high
satisfaction. Four stars and above represent satisfaction.
Following this, patients can input their own opinions and
suggestions.
Since the online outpatient consultation service first began on
January 24, 2020, online remote diagnosis and treatment and
offline drug delivery services have been provided nonstop every
day from 8:00 to 22:00. Patients’ personal information is stored
on the connected smart health service center’s cloud-based
platform, which ensures data safety. All statistical analyses were
performed using SPSS 18.0 software (IMB Corporation).
Categorical variables were expressed as absolute and relative
frequencies and percentages.
The study protocol was approved by the ethics committee of
Henan Provincial People's Hospital (Zhengzhou, China).
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Figure 2. Flow chart of remote diagnosis and treatment via the online outpatient clinic. The platform supports consultations to be conducted under any
network conditions. COVID-19: coronavirus disease; QR: Quick Response.

Figure 3. The patient-doctor dialogue interface for online outpatient consultation.

Results
In total, 4589 patients received remote diagnosis and treatment
via the COVID-19 online outpatient clinic. Among them, there
were 1940 (42.3%) males and 2649 (57.7%) females. The
youngest patient was aged 78 days, and the eldest was 85 years
old. In terms of age, 320 patients were aged <20 years, 2007
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patients were aged 20-29 years, and 1707 were aged 30-39
years; the latter 2 groups accounted for 80.9% (n=3714) of the
sample. Additionally, 315 patients were aged 50-59 years, and
50 patients were ≥60 years. Most patients (n=3898, 84.9%)
came from Henan Province; 691 (15.1%) patients came from
other provinces. During the epidemic, all patients with suspected
COVID-19 received by a hospital were referred to a fever clinic.
A total of 4561 patients were treated in the fever clinic of our
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19417 | p.877
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hospital. Among them, there were 2375 (52.1%) male patients
and 2186 (47.9%) female patients.
From January 24 to February 17, 2020, the daily number of
online outpatient visits first increased and then decreased,
reaching its peak on January 28 when the daily number of online
outpatient visits reached 612. Following this, the second peak
occurred on January 30 when visits totaled 495. This number

Liu et al
gradually decreased afterward. Between February 15-17, the
daily number of online outpatient visits remained at 25-35, with
minimal change. The number of offline noncontact drug delivery
orders following online payment first increased and then
stabilized. The total number of offline noncontact drug delivery
orders was 873. As shown in Figure 4, after February 12, the
daily number of noncontact drug delivery orders exceeded that
of online outpatient visits before gradually stabilizing.

Figure 4. The daily number of online outpatient visits and offline noncontact drug delivery orders.

By February 17, the 5 expert teams had provided remote
consultation services for 4589 patients (Table 1). In total, the
2 adult teams provided consultations to 4399 adult patients,
accounting for 95.86% of the sample; the pediatric team
provided consultations to 80 (1.74%) pediatric patients; and the
2 psychological teams provided psychological counseling for
110 (2.40%) patients (Table 1). The content of the consultations
was classified according to the symptoms concerned (one patient
might have one or more symptoms), including fever, headache,

cough, fatigue, nasal obstruction, sore throat, nasal obstruction,
and diarrhea. The most common symptom that patients initiated
a consultation for was fever (n=2383 patients), followed by
cough (n=1740), nasal obstruction (n=794 patients), fatigue
(n=503), and diarrhea (n=276). Among the 110 patients who
received psychological counseling, 7 patients reported
psychological stress and anxiety due to their history of
epidemiological exposure. The remaining 103 patients had no
history of epidemiological exposure.

Table 1. Total number of online outpatient visits handled by clinicians for concerns related to coronavirus disease (COVID-19) (N=4589).
Consultation type

Clinicians, n

Online outpatient visits, n (%)

Consultation for adult patients

77

4399 (95.86)

Consultation for pediatric patients

28

80 (1.74)

Psychological counseling

27

110 (2.40)

Among the 4589 patients who received remote consultation
services, 310 patients were advised to go to the hospital for
further examination due to fever greater than 38℃, and 301
patients were advised to visit a hospital for further examination
because of a history of epidemiological exposure and other
symptoms. In total, 985 patients responded to the satisfaction
questionnaire, of whom 98.1% (n=966) were satisfied with the
service (rated as 4 stars or above). They praised the doctors for
their rich experience, professional answers, dedication to their
work, timely response, and patience. In the 110 cases of
https://mhealth.jmir.org/2020/7/e19417

XSL• FO
RenderX

psychological counseling, 47 cases provided feedback, and the
proportion of satisfaction ratings greater than 4 stars was 100%.

Discussion
Principal Findings
The COVID-19 outbreak occurred suddenly and spread rapidly
and extensively. The disease is characterized by a long latency
period and is even contagious during latency. The WHO
attributed a “very high” risk level to COVID-19 on January 28,
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2020. Cutting off sources of infection and reducing
cross-infection through quarantine, disinfection, and personal
protection are the top priorities of countries around the world
[15]. Markwell et al [16] showed that the risk of cross-infection
in hospitals could be decreased by reducing the visitor flow rate
and chances of virus exposure in hospitals. Such
countermeasures have already been widely adopted during the
outbreak of many other contagious diseases [16-18]. Our
hospital launched the online outpatient clinic services to address
COVID-19 concerns via telemedicine. This online outpatient
service platform can provide patients prehospital guidance,
support online payment and offline drug distribution, reduce
the possibility of cross-infection caused by nonurgent visits to
offline clinics, and relieve the patient's mental health problems.
It is of great significance for the prevention and treatment of
pandemics.
In the present study, 80.9% of the online outpatient visits were
from patients in the 20-39–year age group (n=3714), whereas
patients aged ≥60 years made up only 1.1% (n=50) of the
sample. The following reason is proposed to explain this
phenomenon: young people are better adapted to use the internet.
In the information era, young people prefer to use the internet
to solve less complex health problems [14]. According to the
latest Chinese statistical report on internet development released
by the China Internet Network Information Center in 2019 [19],
combined with the age distribution of the Chinese population,
internet users aged 10-39 years account for 65.1% of the total
number of internet users. Within this group, internet users aged
20-29 years account for the highest proportion (24.6%), and
about 91.3% of the total population of the same age group;
internet users aged 30-39 years account for 23.7%, and about
94.1% of the total population of the same age group; internet
users aged ≥60 years account for 6.9%, and about 23.2% of the
total population of the same age group. These data suggest that
the internet is indeed more widely used by young people, which
is an important reason for the increased use of telemedicine in
this cohort.
During the pandemic, the number of online outpatient remote
consultations and offline fever clinic visits was 4589 and 4561,
respectively. The number of remote consultations via the online
clinic was comparable to the total number of cases that the fever
clinic handled in the same period. Although these data cannot
directly show that telemedicine has reduced the total number
of cases in hospitals, it is certain that telemedicine has reduced
the burden on hospitals to some extent. Fewer outpatient visits
allow hospitals to avoid overcrowding while reducing the risk
of hospital cross-infection.
As shown in Figure 4, the number of patients who received
remote consultation regarding COVID-19 concerns first
increased and then decreased. After the first peak on January
28, a minor peak occurred on January 30. Later, the daily
number of online outpatient visits gradually decreased. In the
meantime, the daily number of offline noncontact drug delivery
orders following online payment steadily increased. After
February 12, the daily number of noncontact drug delivery
orders exceeded that of online outpatient visits and gradually
stabilized. According to National Health Commission statistics
[20], Henan Province had a cumulation of 32 confirmed cases
https://mhealth.jmir.org/2020/7/e19417
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by January 24. At this time, the online outpatient consultation
service had just been launched, and few people knew about the
service. The daily number of online outpatient visits was only
1, and offline drug delivery was not yet available. By January
28, Henan Province had 206 confirmed cases [20]. This was
also the day when the daily number of online outpatient visits
reached a peak (n=612). On the contrary, the daily number of
offline drug delivery remained low, since many people were
afraid of personal contact. The daily number of newly confirmed
cases increased considerably in Henan Province in the following
days [20], and the general public began to gain more knowledge
about the COVID-19 outbreak. Those with more severe
symptoms would go to a hospital for further examination,
resulting in a mild increase in the daily number of offline drug
delivery orders. From February 13-17, the daily number of
newly confirmed cases was not above 20 in Henan Province
[20]. Most people had already been practicing self-quarantine
for over 14 days. The daily number of online outpatient visits
fluctuated at a low level, and the daily number of offline
noncontact drug delivery orders stabilized.
According to the Diagnosis and Treatment Protocol for Novel
Coronavirus-Infected Pneumonia (Version 6) released by the
National Health Commission on February 19, 2020, and the
latest research findings, fever, fatigue, and dry cough are the
primary symptoms of COVID-19 [21]. Nasal obstruction, runny
nose, and other upper respiratory symptoms are rare [22].
Gastrointestinal symptoms are also uncommon [23]. This study
demonstrates that, among all remote consultations, 2383 cases
exhibited fever symptoms and 1740 cases had cough symptoms,
which is in agreement with the fact that fever and cough are the
primary clinical symptoms of COVID-19. Nasal obstruction, a
rare symptom of COVID-19, was the third frequent symptom
that patients consulted for, and fatigue ranked fourth in the
number of consultations; this is inconsistent with reported
primary symptoms of COVID-19. The fifth most common
symptom was diarrhea, which is also uncommon among
COVID-19 patients. It is assumed that the symptoms consulted
for by patients are more common symptoms of infection, and
there is no precise connection with the main symptoms of
COVID-19.
Previous research has demonstrated that over 58% of the
respondents have psychological health problems amidst public
health emergencies and have a strong need for psychological
intervention [24-26]. As a result, some people may suffer from
acute stress disorder, posttraumatic stress disorder, depression,
other psychological disorders, or even commit suicide [27].
Most patients with psychological disorders may not be willing
to go to the hospital for consultation due to the risks of
cross-infection [28]. Telemedicine provides a way for patients
to alleviate their psychological problems. In total, 110 patients
received professional psychological counseling through our
hospital’s online outpatient consultation service. The clinicians
taught them simple methods to relieve anxiety, including
relaxation training through online tutorials, deep breathing
exercises, soothing music, etc. In total, 47 patients provided
feedback on the psychological services they received. All 47
patients provided ratings greater than 4 stars and reported that
after the remote consultation, they had eliminated their doubts,
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19417 | p.879
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reduced their anxiety, and were satisfied with the consulting
doctor. The data suggest that remote counseling can be helpful
in relieving anxiety.

rather than obtained by random sampling, the results may be
biased.

Limitations

During the COVID-19 outbreak, telemedicine can quickly
establish online services within a short timeframe. This can
reduce the burden of hospital personnel and the risk of
cross-infection caused by offline treatment visits, as well as
relieve the psychological burden and anxiety of patients to a
certain extent. Telemedicine, therefore, plays a crucial role in
the prevention and management of the pandemic.

The biggest limitation of the present study is the absence of
follow-up due to the already heavy burden of medical staff.
Therefore, there is no information about follow-up, which is
not conducive for further studies. Secondly, because the
satisfaction questionnaire was filled out voluntarily by patients

Conclusion
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Abstract
Background: Breast cancer is the leading cause of cancer-related death in the female population. Health education interventions
based on the use of mobile technologies enable the development of health self-care skills and have emerged as alternative strategies
for the control of breast cancer. In previous studies, WhatsApp has stood out as a useful tool in health education strategies;
however, it has not yet been applied for breast cancer education.
Objective: This study aimed to analyze the potential of WhatsApp as a health education tool used to improve women's knowledge
on the risk reduction of breast cancer. It also aimed to understand how women feel sensitized within the WhatsApp group
throughout the intervention and how they incorporate information posted to improve knowledge about early detection and risk
reduction methods.
Methods: The study involved a pre-post health educational intervention with 35 women (aged 45-69 years) included in a
WhatsApp group to share information (audio, video, text, and images) over 3 weeks on the early detection and risk reduction of
breast cancer. Data were collected through questionnaires on topics related to risk reduction, as well as qualitative content analysis
of group interactions. Effectiveness and feasibility were analyzed through conversations and the comparison of the scores obtained
in the questionnaires before and after the intervention.
Results: A total of 293 messages were exchanged (moderator 120 and users 173). The average scores of the participants were
11.21 and 13.68 points before and after the educational intervention, respectively, with sufficient sample evidence that the
difference was significant (P<.001). The intervention enabled women to improve their knowledge on all topics addressed,
especially “myths and truths,” “incidence,” “clinical manifestations,” and “protective factors.” Some themes emerged from the
interactions in the group, including group dynamics, general doubts, personal narratives, religious messages, daily news, and
events.
Conclusions: The use of groups for women in WhatsApp for health education purposes seems to be a viable alternative in
strategies on breast cancer control, especially as it provides a space for the exchange of experiences and disinhibition. However,
the need for a moderator to answer the questions and the constant distractions by members of the group represent important
limitations that should be considered when improving this strategy.
(JMIR Mhealth Uhealth 2020;8(7):e17430) doi:10.2196/17430
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Introduction
Breast cancer represents the main cause of death by cancer
among women around the world [1]. The mortality rates
associated with this malignancy are higher in low- and
middle-income countries owing to early diagnosis deficiencies
and low access to treatment [2,3]. Mortality reduction in many
developed countries has been occurring after the implementation
of organized screening of precursor lesions associated with more
effective therapies [4-6]. However, the adoption of such
strategies requires high infrastructure and human resource
investments, which are below the capacity of low- and
middle-income countries [7,8].
Considering financial constraints, it is suggested that the most
prudent action to be applied in cancer control is the guarantee
of early diagnosis and access to treatment without delay [9,10].
Nevertheless, the limitations of population awareness regarding
the relevance of early diagnosis and preventive behavior
constitute major barriers to the effectiveness of these actions
[11-13]. Educational interventions mediated by mobile
technologies represent alternatives to be explored in the practice
of health promotion for their convenience and ubiquity, and for
minimizing the barriers of distance, cost, and time [14-16].
The wide availability and functionality of mobile devices have
made them great tools for planning, executing, and evaluating
health interventions [17,18]. Indeed, smartphones and their apps
have been used to spread health information [19-22], including
information for breast cancer care [23]. Evidence for individuals
who use health self-management apps points to positive results
[24-26] and reinforces the viability of using this technology in
health promotion strategies.
Among the apps with the potential for use in health education
interventions, WhatsApp (WhatsApp Inc) stands out [27,28].
It is an instant messaging app for smartphones that enables users
to send voice, text, video, or location using the group
communication feature [29]. The app offers additional social
information to its users when compared with SMS text
messaging. Contacts are able to see when other users are online
and typing, as well as their last access. Moreover, it is the most
downloaded app in the world [30], is free, and has a
user-friendly interface, and it accounts for about 20% of total
smartphone use [31].

http://mhealth.jmir.org/2020/7/e17430/

XSL• FO
RenderX

Despite the popularity of WhatsApp and its promising potential
in health education and health care strategies [27,32-34], only
few studies have evaluated the effectiveness of using this app
to convey health information for user empowerment purposes
[33,35-38]. Therefore, this study aimed to provide evidence for
the utility and effectiveness of this mobile health technology to
improve women's knowledge regarding the risk reduction and
early detection of breast cancer. The primary aim was to evaluate
women's engagement and the viability of content delivery on
breast cancer education through a WhatsApp group. An
additional goal was to evaluate the effects of a social interaction
channel on key knowledge about breast cancer through
WhatsApp. We hypothesized that after 3 weeks of women
engagement on the WhatsApp group, knowledge about the risk
reduction and early detection of breast cancer would improve.

Methods
Study Design
A 3-week pre-post intervention study was conducted among
women enrolled in the Brazilian Unified Health System, and a
breast cancer screening control study design was adopted to
evaluate the feasibility of WhatsApp as an educational tool to
increase women's knowledge about the risk reduction and early
detection of breast cancer. The study was performed at a basic
health unit in the city of Maringá-PR, south Brazil, from July
to September 2017. The basic health unit offers free primary
care services, including clinical breast examination and
mammography, and the annual census reports care for
approximately 8000 patients per month. The patient data can
be accessed on an electronic information system. The study
protocol was approved by the local research ethics committee
(protocol number 2.015.313). Written informed consent was
obtained from each participant.

Participants and Recruitment
Participants were adult women aged 45 to 69 years, who were
chosen because this is the age group in which the breast cancer
incidence is the highest [39]. A sample of 326 women was
calculated from a population of 2116 women registered in the
information system at the basic health unit. The sample selection
process was performed in four steps (Figure 1).
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Figure 1. Flow of participants throughout the study.

In the first step, stratified randomization was performed by age
group. The number of women necessary to compose the sample
(ng) in each regional strata, corresponding to areas of coverage,
was calculated according to the following equation:

The level of significance considered was α=5%, and the
maximum error allowed between the estimate and the real
parameter value was e=0.05 (ie, five percentage points). The
number of women registered in the gth area of coverage is
represented by Ng. Additionally, N is the total number of women
(2116), and pg is the prevalence of the characteristics to be
researched, which was established as 0.5 for all groups, since
there is no previous information.
After calculation, the finite population correction factor was
used as follows:
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Thus, the sample size obtained with the help of the R Statistical
Environment (version 3.2.2, R Core Team) was 326 women.
In the second step, a list was generated from the electronic
records of the 326 women in order to identify those who had a
cell phone number. After applying this criterion, 110 women
were excluded. In the third step, a telephone call was made to
the remaining 216 women with the aim to invite them to a
face-to-face meeting to explain the study objectives. Among
these women, 58 did not answer the calls after three attempts
on different days, 45 had incorrect telephone numbers registered,
43 did not show interest in participating in the study, and 14
did not have or use WhatsApp (totaling 160 exclusions). In the
fourth step, only 35 of the remaining 56 women attended the
meeting, and sociodemographic data were collected and a
questionnaire was applied to identify the knowledge level on
breast cancer–related topics.
A WhatsApp group, named “AllAboutBreastCancer” (in
Portuguese), was created to allocate the 35 women participants,
two observers, and one content mediator, who was responsible
for sending messages and clarifications. Throughout the
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17430 | p.885
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intervention, nine women left the WhatsApp group (dropped
out of the study) and eight did not answer the questionnaire to
identify the knowledge level on breast cancer after 4 weeks of
the intervention. Thus, the data of a total of 18 women were
analyzed.

between 9 AM and 9 PM. The content was distributed over the
period according to the topics. Additional media were created
or adapted by the team, according to the demands and dynamics
of the group.

Health Education Content

Data were analyzed using the R statistical software (version
3.3.1, R Development Core Team). For the classification of the
level of education, we considered the years of education in
Brazil, with middle school (minimum 9 years of education),
high school (minimum 12 years of education), and higher
education (minimum 14 years of education) levels.

Topics related to breast cancer were identified on the Brazilian
National Cancer Institute (NCI) website, and they corresponded
to risk factors, protective factors, definitions, incidence, clinical
signs and symptoms, diagnostic examinations, mammography,
myths and truths, and places to seek support. It is a publicly
accessible website. However, both the direct sources of content
and the information on the existence of the questionnaire to be
used were not disclosed at any time during the intervention.
For each identified topic, we selected specific media (video,
audio, or image) and freely available media databases on NCI
and Brazilian Ministry of Health websites. In total, two videos,
23 images, and four audios were utilized in the media database.

Life Habits, Sociodemographic Factors, and Breast
Cancer Knowledge
The data were collected at two time points (pre and post
intervention) through the application of a two-block structured
questionnaire based on information available in the Breast
Cancer Early Detection Guidelines, Ministry of Health, and
materials from the NCI [40]. In the first block,
sociodemographic and life habit characteristics (age, marital
status, educational level, religion, and occupation) were
collected. In the second block, the knowledge level on breast
cancer was assessed, utilizing 18 assertive questions distributed
in nine topics as follows: (1) risk factors (questions 1 and 2);
(2) protective factors (question 3); (3) definitions (questions 4
and 18); (4) incidence (questions 1 and 4); (5) clinical signs and
symptoms (question 5); (6) diagnostic examinations (questions
6-13); (7) mammography (questions 13-15); (8) myths and
truths (question 16); and (9) places to seek support (question
17).
The score attributed to each question ranged from 0 to 1, with
a maximum score of 18 points. The scores of questions 1, 2, 3,
5, 7, 14, 15, and 16, for which all listed alternatives were correct,
were calculated as the number of marked alternatives divided
by the total number of alternatives. The score of question 4, for
which one alternative was incorrect and the other three
alternatives were correct, was calculated as the number of
correctly marked alternatives divided by the total number of
correct alternatives minus one-third if the incorrect alternative
was marked, or was considered to equal 0 if the incorrect
alternative was the only one marked. The scores of questions
6, 8, 9, 10, 11, 12, 13, 17, and 18, for which only one listed
alternative was correct, was calculated as 1 if the correct
alternative was marked or 0 if the incorrect alternative was
marked.

Educational Intervention

Statistical Analysis

To assess the intervention effectiveness, the nonparametric
paired Wilcoxon test was applied, with the significance level
set at 5%, and the scores obtained before and after the
intervention were compared for each individual. The test used
is a nonparametric alternative to the paired t test when its
assumptions are not accepted. In this case, the score distribution
was not normal (one of the assumptions), so the Wilcoxon test
was chosen.

Content Analysis
Inductive content analysis [41] was applied for the data extracted
from the WhatsApp conversations (exported as a .doc file). The
content was converted to an excel file with the following three
columns: date/time, user, and message (each message, for
analysis purposes, is equivalent to one entry in WhatsApp). The
file was imported to be classified and analyzed using NVIVO
11 Pro version (QSR International) for Windows. The messages
were initially separated into two categories according to the
sender as follows: (1) messages sent by the moderator and (2)
messages sent by the users. Emojis were not considered as
content to be analyzed.
The preanalysis initially focused on assessment of the 30 most
frequent words present only in the user messages, with the goal
of identifying the themes that emerged from the group
conversations in the original language (Brazilian Portuguese).
The parameters used for the preanalysis through the most
frequent words in the WhatsApp conversations were as follows:
(1) words with four or more characters, (2) words grouped by
synonyms, according to the NVIVO 11 Portuguese language
dictionary, and (3) exclusion of words that did not have any
direct relation to the project content (that, people, during, any,
etc). Two of the authors (TFRL and LFG) applied the analysis,
and this step focused on building thematic categories that
emerged during the process. The following five categories were
created: (1) group dynamics; (2) general questions; (3) personal
narratives; (4) religious messages; and (5) daily news and events.
The data inference, treatment, and interpretation steps focused
on the analysis of the text excerpts of each participant within
each category, so that they were characterized in the theme.
After the categorization process, a translator assisted with the
translation of all sentences in each category from Brazilian
Portuguese to English.

The intervention consisted of daily sessions of text, figure,
video, and voice messages during 3 weeks. The mediator
followed a content submission protocol to send messages
http://mhealth.jmir.org/2020/7/e17430/
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Results

five main thematic categories and three subcategories (Table
1).

Sociodemographic Characterization and Life Habits

The category “group dynamics” addressed group participants’
interventions regarding group functioning. In this sense, the
following three subcategories stand out in relation to group
dynamics: (1) feedback, in which participants express their
feelings about the shared content; (2) self-regulation, in which
participants express their discomfort regarding content not
related to the theme of the group, thus agreeing on some
parameters about the group discussions; and (3) coexistence
(mostly short messages), in which participants introduce
themselves to the group, wish “good morning,” “good
afternoon,” or “good night,” and express some expectations
about what the group can offer.

Regarding the sociodemographic characterization of the women
who participated in the study, all were over 30 years old, and
9 out of 18 (50%) participants were aged 50 years. For the
ethnic-racial profile, 16 out of 18 (89%) participants declared
themselves to be white people. Additionally, 10 out of 18 (56%)
participants reported a lower degree of education than a
completed higher education, 11 out of 18 (61%) declared being
married and having children, and 12 out of 18 (67%) declared
living with more than two adults. Regarding family income, 6
out of 18 (33%) participants declared monthly income below
Brazilian Real 3,520 (approximately US $850). Regarding
religious belief, 17 women declared themselves Christian and
1 Buddhist (data not shown).
Concerning life habits, 11 out of 18 (61%) participants reported
consuming high-fat foods at least three times a week and
consuming fruits and vegetables daily, 15 out of 18 (83%)
reported not consuming alcohol or smoking, and 12 out of 18
(67%) reported not practicing physical activity. In addition, 9
out of 18 (50%) participants reported being postmenopausal,
12 out of 18 (67%) reported not using oral contraceptives
(however, 11 out of 18 [61%] used them in the past), and 16
out of 18 (89%) reported not taking hormone replacement
therapy (however, 12 out of 18 [67%] did take it in the past).
Finally, 12 out of 18 (67%) participants did not report any cases
of breast cancer in the family and 13 out of 18 (72%) underwent
mammography (data not shown).

Content Analysis

The category “general doubts” deals with questions and doubts
from the participants mostly about the topic “myths and truths”
related to breast cancer. Among the main doubts, there were
doubts regarding breastfeeding, contraceptive use, deodorant
use, and signs and symptoms that may or may not be related to
cancer, as well as lifestyle issues, such as the practice of physical
exercise.
The category “personal narratives” deals with participants’
personal reports on their knowledge of cancer cases in their
social circle, especially in the family.
The category “religious messages” is about biblical excerpts
shared by users without apparent relation to the group work
content.
The category “daily news and events” is about the sharing of a
public safety event in the city.

A total of 293 messages were exchanged (moderator 120 and
users 173). From the preanalysis step, it was possible to identify
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Table 1. Thematic categories (translated from Portuguese to English).
Topic/description

Illustrative quote

1. Group dynamics (90 messages)
1.1. Feedback (27 messages)

“I should start doing a sport, lol. Thanks!”
“Wow, I’m loving the questions, is clearing up all my doubts”
“Hi Antonio, I’m also enjoying it, it’s been very helpful to me”
“I’m reading it, liking it and learning, and I’m already talking to my friends to share what I’ve learned”
“Very good! Useful information and very important for prevention! I’m passing it along”

1.2. Self-regulation (35 messages)

“Hi, what’s up? I don’t think it’s cool to start forwarding chain messages in here. The group has a purpose,
let’s just talk about it. It’s better this way”
“The group’s purpose is to talk about health, I think that is very clear, at least for me”
“Girls, I think everything is relevant, but if this group doesn’t stay limited to scientific information about
the subject matter, I will leave the group, sorry.”
“We have to stay, let’s not make this one slide put all the work in jeopardy. Focus on the discussions”

1.3. Coexistence (28 messages)

“Good evening, I’m Bethe, we will learn a lot with this project”
“Good evening, healthy family! I’m Iracema, it’s an honor to be part of this group, I thank the teachers and
academics in acquiring knowledge for a lifetime, taking care of our health. We are here to help each other”

2. General doubts (18 messages)

“I didn’t know that the lack of sport could be one of the causes of breast cancer. Can we say that the intake
of pesticides/industrialized products can influence?”
“What about the deodorant? I’ve heard rumors that can cause it, is it true?”
“Is it true or myth about the breastfeeding?”
“True or myth about the use of birth control?”
“My daughter with 10 years old had her first period, that concerns me, I heard that when the first period
comes the girl stops to grow up, is it myth or true?”
“Antonio [moderator], I already had breast cancer and lately I’m overweight, is it true that this is one of
the factors that can cause cancer recurrence?”
“About the breastfeeding… is there a time for this protection? I breastfed my first child for 5 months and
now I’m breastfeeding my second child, but I think I won’t be able to do it for much more than 6 months…”
“My sister heard that a spot on the toenail can be a sign of breast cancer. It this correct?”
“And the women with less than 50 years old? Can or should do the mammogram?”
“Good evening, Antonio. My daughter took the first dose of HPV vaccine with 10 years old, the second
dose would be after 6 months and she hasn’t taken for 10 months now, can she still take the second dose?”

3. Personal narratives (7 messages)

“I also have cases in my family, my sister decided not to have children and had breast cancer, she found
out in the beginning and treated it… but she travels to Sao Paulo every 6 months to have a follow-up care!”
“My mother-in-law had breast cancer 3 years ago, and now has been diagnosed with liver and lung metastasis.”
“My maternal grandmother had it. Today she is with 94 years old, this was 20 years ago.”
“My mother had it with 45 years old. It’s been 17 years.”

4. Religious messages (3 messages)

“What are the commandments? Asked the young man. Jesus said to him, “Do not kill, do not commit
adultery, do not steal.” “Do not bear false witness. Honor Father and Mother. Love your neighbor as yourself.
Matthew 19, 16-22”

5. Daily news and events (1 message)

“Everyone, I’m sorry to send this message right now, but almost 90 prisoners escaped the Maringá prison.
It broadcasting in media news alerting residents and people in towns nearby. Be very careful. #scary”

Breast Cancer Knowledge
Figure 2 presents data regarding the scores obtained by
participants in the nine domains of the questionnaire that was
designed to analyze the level of knowledge on breast cancer
and was applied before and after the educational intervention.
The topics presenting a lower score gain in the posttest analysis
were “definitions” (16 points gained), “examinations” (12 points
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gained), and “mammography” (10 points gained), whereas the
topics with the highest gains were “myths and truths” (41 points
gained), “incidence” (26 points gained), “clinical
manifestations” (25 points gained), and “protective factors” (25
points gained). It was observed that beside “places to seek
support,” which remained stable, there were score gains in all
80 domains or topics of the questionnaire in the pre-post
intervention.
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Figure 2. Profile of scores obtained in each domain of the questionnaire designed to analyze the level of knowledge about breast cancer.

Regarding factors that increase the chances of developing breast
cancer, before the intervention, 9 out of 18 participants
mentioned only family history of breast cancer, smoking, and
alcohol consumption. After the intervention, all listed factors
had a higher frequency of response, and factors, such as
consumption of high-fat foods, first pregnancy after 30 years
of age, first period before 12 years of age, and end of
menstruation after 55 years of age, were mentioned by less than
half of the women.
Regarding family history, before the intervention, 15 out of 18
participants indicated that having at least one first-degree
relative diagnosed with cancer in one breast increases the risk
of developing this type of cancer in women under the age of 50
years, which did not change after the intervention. Similarly,
most of the participants responded that the risk also includes a
family history of at least one first-degree relative diagnosed
with cancer in both breasts or ovarian cancer in any age group,
which also did not change after the intervention. The increased
risk for family history of male breast cancer was only mentioned
after the educational intervention by one-third of the participants.
Concerning protective factors, before the intervention, 15 out
of 18 participants mentioned only diet with many fruits and
vegetables, which did not change after the intervention.
However, all the other listed protective factors had a higher
mentioning frequency after the educational intervention, with
breastfeeding as the most frequently mentioned protective factor
(16 out of 18 participants).
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Regarding knowledge about the concept of the disease, before
the intervention, 8 out of 18 participants incorrectly pointed out
that breast cancer can be a benign tumor. After the intervention,
this answer was chosen by only three participants. The most
mentioned signs and symptoms before the intervention were
small nodules in the underarm (armpit) or neck region and the
appearance of a fixed usually painless lump, which did not
change after the educational intervention.
Regarding the early detection of breast cancer, before the
intervention, the three recommendations listed as ways of
contributing to early detection were mentioned by 9 out of 18
(50%) participants, with mammography as the main examination
for lesion tracking. After the intervention, all of these items
were mentioned more frequently. In addition, after the
intervention, all of the participants stated that doing the breast
self-examination or being asymptomatic does not exclude the
necessity for a clinical breast examination or mammography.
Nevertheless, after the intervention, most women indicated the
correct concept of clinical breast examination and pointed out
the recommendation of age range and periodicity for the
examination. Lastly, it was observed that all the participants
continued to point out that the basic health unit was an ideal
place to look for assistance and information regarding doubts
or any initial manifestations. After the intervention, all women
mentioned “breast cancer is curable.”
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Regarding mammography, most participants had already scored
correctly in the examination concept, maintaining the score after
the intervention. However, the same was not observed with the
recommendations regarding periodicity, age group, and details
about the examination, as most women did not score correctly.
After the intervention, all the listed statements were considered
as myths with more frequency, and the most mentioned was
“large breasts represent a higher risk of developing the disease.”

Individual data regarding the effect of the educational
intervention on improving knowledge about breast cancer are
shown in Figure 3. The score regarding the knowledge of breast
cancer tended to increase from before to after the educational
intervention for each study participant. The average scores of
the participants were 11.21 and 13.68 points before and after
the intervention, respectively, and there was sufficient sample
evidence that the difference was significant, according to the
paired Wilcoxon test results, with a significance level of 5%
(P<.001) (Table 2).

Figure 3. Profile of individual scores obtained in the nine domains of the questionnaire designed to analyze the level of knowledge about breast cancer.

Table 2. Descriptive measures of the scores obtained in the nine domains of the questionnaire designed to analyze the level of knowledge on breast
cancer applied before and after the educational intervention, according to the paired Wilcoxon test.
Moment

Mean

SD

Median

Q1-Q3

P value

Preintervention

11.21

1.70

11.04

10.20-12.23

<.001

Postintervention

13.68

1.99

14.02

12.46-14.65

Discussion
Principal Findings
To our knowledge, this is the first study to use WhatsApp as a
health education tool for Brazilian women from the public health
http://mhealth.jmir.org/2020/7/e17430/
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system, with a focus on the risk reduction and early detection
of breast cancer. The 3-week intervention, which used the app
as an online space to mediate content selected from the NCI
and the Brazilian Ministry of Health websites, enabled women
to improve their knowledge in all topics addressed, especially
in “myths and truths,” “incidence,” “clinical manifestations,”
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and “protective factors.” The app, which is known by women
as a daily tool to interact with friends and relatives, allowed a
receptive space to solve doubts not commonly discussed during
presential care. In general, the results obtained herein suggest
that WhatsApp could be incorporated as an additional tool in
traditional health communication actions and campaigns.

Use of WhatsApp
No woman reported having difficulties when interacting with
the device or app, or asked for training on how to use it. Many
aspects may have contributed to the gains in pre- and
postintervention scores. The combination of text, image, video,
and audio may partly explain the gain in knowledge. This
multimedia aspect differentiates WhatsApp interventions from
other mobile interventions that exclusively use SMS text
messaging. Mayer [42] has talked about “multimedia learning”
and has argued that well-designed multimedia content (the
combination of video, audio, and text) can enhance the learning
process when compared with an educational process that uses
only one modality (eg, only text). In addition, the possibility to
send messages directly to each woman has been highlighted as
a positive aspect, since some messages were designed for each
doubt. Both health communication [43] and neuroscience
researchers [44] have demonstrated that tailoring health behavior
intervention materials increases the effectiveness of health
messages.
The data confirm the viability of the app as a health learning
tool. However, the majority of articles that describe this type
of gain involve health students or health professionals [28]. For
example, Khanna et al [45] used the app to optimize
communication within a group of residents in the orthopedic
sector. Graziano et al [46] used it for neurosurgeons in Italy,
and Gulacti et al [47] used it in the emergency sector. Johnston
et al [48] applied the app effectively among health professionals.
Regarding patients and professionals, the app is described as a
communication channel, but is not linked to an educational
process, as observed in the report by Petruzzi and De Benedittis
[49] (use of WhatsApp for oral health care) and by Krynski et
al [50] (pediatricians and patients in Argentina). However, data
exchange or tele-consultation is still a matter of debate, since
messages exchanged in commercial apps represent a risk for
data that should be more confidential [51]. According to Watson
et al [52], in response to Johnston et al [48], even after the
adoption of encryption technology, the app does not meet the
standards required for clinical data transfer, and consequently,
it is not recommended for use in a clinical environment. Even
as an education and intervention tool, which was the case in
this study, we understand that the app is a commercial platform
with financial interests and that all interactions are converted
into data to analyze user behavior patterns, which can be used
in digital marketing strategies. Facebook Inc, the owner of the
app, leads this commercial usage.
Regarding the advantages and disadvantages of the use of
WhatsApp in health care settings, two positions seem to coexist
in the scientific debate. First, one that exposes and underlines
all of the positive aspects of the phenomenon as follows:
improvement of communication, no requirement for a computer,
time saving, possibility of an immediate response, improvement
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of health worker performance, reduction of consultation time,
and smoothening of hierarchy between health groups. Second,
one that highlights the negative aspects linked in particular to
the clinical risks for patients, data security, and privacy
protection [53].
In another promising direction, the app was used in social
marketing campaigns to increase the uptake of free
mammography for underprivileged women in Malaysia [54].
When compared with other types of media, the advantage of
using this timeless tool is always mentioned. Web-based forums
on websites are alternatives to debate about breast cancer
[55,56], and even online social networks, such as Facebook,
have been used before as an educational channel between
women and health workers [57,58]. However, WhatsApp is a
more pervasive, ubiquitous, and ready-to-hand tool than forums
or websites. Before the popularity of this app, previous research
in Brazil pointed out that television was the most used source
by interviewees to acquire knowledge about breast cancer [59].
In 2018, WhatsApp was mentioned as a communication channel
that 66.5% of women with cancer in Ecuador would like to use
to receive information about the pathology [17].
In our case, the group dynamics and feedback shared by the
users confirmed that the app is an informal environment of
learning. During the intervention process, three women
mentioned that they added value to the content and shared the
knowledge and media to friends and relatives. This easy
possibility to share content with the tool can also extend the
impact of our intervention beyond the intended primary target
[60]. The participants made the following comments:
I’m reading it, liking it and learning, and I’m already
talking to my friends to share what I’ve learned.
…I’m passing it on
…Participating in this project was really good,
besides from adding knowledge I also pass it on a lot
to my relatives, Antonio.
In addition to the informal environment, the diversity of women
and the quality of grouping them (since they were not a group
before the intervention) may have contributed to some conflicts
during the intervention (see coexistence and self-regulation
messages). There were 35 messages dedicated to self-regulation,
where the participants negotiated what kind of content can be
shared. Some of the messages were as follows:
Hi, what’s up? I don’t think it’s cool to start
forwarding chain messages in here. The group has a
purpose, let’s just talk about it. It’s better this way
Girls, I think everything is relevant, but if this group
doesn’t stay limited to scientific information about
the subject matter, I will leave the group, sorry.
The chain messages are good, but let’s focus on our
health.
Deviation of the main theme is a natural phenomenon from a
diverse group, and the dos and don’ts inside the community
were expected to avoid information overload. However,
WhatsApp allows copying and forwarding messages of other
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groups, which has been described by Church and De Oliveira
[61] and was perceived as a problem between some users in our
educational intervention using the app.
During the intervention process, the creation of a friendly and
harmonious interaction environment (a persistence online space)
enabled the users to continually handle situations and slowly
establish social norms and community parameters. They decided
what could and could not be shared between them. In this case,
the qualitative data showed two topics that emerged during the
intervention, which were not directly related to the initial
planned themes, as follows: (1) religious messages and (2) daily
news. These deviation topics triggered a heated regulation
discussion, causing the drop-out of three women from the group
(nine during all the intervention processes). Although they
belonged to the same neighborhood, the fact that the intervention
was preventive was not enough to create a sense of identity as
in studies involving patients already with the disease. It is
relevant to remember that researchers who deal with online
social networking emphasize that groups are assembled by
common interests and not by geographic location [62,63].
Likewise, in the first face-to-face meeting, we observed that the
initial moment in the intervention (when participants introduce
themselves) was not able to connect them, and just like in-person
groups, the social ties in an online environment also need
interaction time to be effective [64].
In the first case of one of the themes shared among the
participants (religious messages), the literature shows that cancer
is usually and symbolically associated with death and religious
topics [65]. Indeed, religious faith is praised as a provider of
hope, optimism, and empowerment for diagnosed patients [66].
However, in our intervention, this topic was not related to breast
cancer. An entire Bible quotation was sent in the group
(cut-and-paste content of over 3000 characters), and some of
the users did not enjoy the content or even found it boring.
Another religious video was identified as fake (voice over the
original content) by one of the women.
The other topic “daily news” occurred after the news “prisoners
that escaped the Maringá prison.” The concern about security
was shared in the group, advising others to stay safe at home.
For an alert (in the sense of “breaking news”), WhatsApp was
perceived as a better tool to share information, overpassing the
primary goal of the group.

Mammography
We believe that the topics “definitions,” “examinations,” and
“mammography” corresponded to the content with the lowest
score gain because they are of technical or instrumental nature
and require more cognitive resources to memorize concepts,
such as age range, conceptual differences, and high-risk criteria.
A study performed with 914 women also identified limited
knowledge about mammography [67]. The diversity of access
to information about examinations disseminated by media could
pass on information that may cause confusion among recipients,
clarifying the central theme without making it easier to
understand the related issues [67].
In our intervention, information was delivered with emphasis
on the recommended age range for the examination and its
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technical characteristics. Exposure to breast cancer content
traditionally puts women in a passive position [68]. Thus, the
low gain in knowledge on this topic can be explained by the
way we approached it, without rescuing the mammography
experience of the participants [69].
In addition, a study analyzing the online search behavior of
women on mammography identified that there is a greater
interest during the month in which the national campaign called
“Pink October” occurs every year [70]. In our case, WhatsApp
enabled timeless contact about the theme, thus extending the
talk about the disease beyond “Pink October.”

Myths
Myths and truths about cancer received more interaction and
more questions, and similarly, it was the topic that showed gain
in the posttest period. We understand that health professionals
preferably provide medical information to avoid misinformation.
In our case, the tutor was responsible for managing the content
by provoking discussions about it.
We did not find any studies that discussed women’s knowledge
gain related to the deconstruction of popular untruths common
in daily life. Given the frequency at which these issues are
debated among laypeople and the impact on the behaviors of
individuals, such as wearing a bra, using deodorant, and using
breast prosthesis, it is assumed that the level of interest and
attention to this topic was a variable that contributed to the gain.
The doubts formulated by the participants can be compared as
“fake news” contents, a key topic of discussion nowadays, which
is alarming public health authorities because of its potential to
spread quickly [71] and the requirement of an approach to
counteract such misinformation [72]. WhatsApp has been
accused of being a protagonist channel of misinformation,
including during the presidential elections in Brazil [73]. Doubts
revolved around topics seeking to understand breastfeeding,
deodorant use, human papillomavirus vaccine, and obesity.
However, some questions were straightforward as follows:
Can you say that the intake of pesticides/industrialized
products can also influence?
Additionally, there were concerns about protective factors as
follows:
About the breastfeeding… is there a time for this
protection? I breastfed my first child for 5 months
and now I’m breastfeeding my second child, but I
think I won’t be able to do it for much more than 6
months...

Sharing Personal Narratives
The cancer theme is indeed very complex. Doubts indicate the
need to increase the health literacy of women, and even with
the investments in health communication strategies during the
month of the campaign “Pink October,” frequent doubts remain.
“Pink October” is a set of communication strategies integrated
by the NCI since 2010 as part of the National Breast Cancer
Control Program, with adherence to several television programs.
However, despite the national effort, it was noted in a study
from 2013 that the campaign was able to legitimate an audience
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(people were able to interpret and judge the message conveyed
as positive and important), but was not effective for behavior
change [74]. It is worth remembering that the increase in the
number of cancer cases is due to a lack of regularity in
prevention campaigns. Additionally, the fact that campaigns do
not reach the entire country and the difficulties of representing
and demystifying cancer as a fatal disease have been mentioned
[68].

of information. These challenges had already been identified in
previous group research, which pointed out that women
preferred to expose themselves to content already created by
health authorities (particularly in the figure of a doctor). This
can be the result of the following two aspects: (1) women did
not feel as part of a group or had the willingness to collaborate
and try to find answers for themselves and (2) there is a passive
posture for receiving information about cancer.

A positive moment of interaction was when participants shared
family history of cancer. The narratives and descriptions were
an opportunity for the mediator to later make some comments
about risk factors. The stories were about close relatives as
follows:

Despite the “Pink October” campaign in the country, breast
cancer still represents a challenge for the public health sector,
which needs more efficient screening techniques for early
diagnosis. Thus, communication challenges and health education
actions encourage alternative communication tools that add up
to traditional campaigns. The use of WhatsApp is promising
because it is a low investment tool and can act on a massive
scale, especially in developing countries, such as Brazil, where
there are higher rates, mainly due to the lack of early detection
and adequate treatment [75].

I also have cases in my family, my sister decided not
to have children and had breast cancer, she found
out in the beginning and treated it… but she travels
to Sao Paulo every 6 months to have a follow-up care!
Even stories concerning people with no direct genetically bonds
were shared as follows:
My mother-in-law had breast cancer 3 years ago, and
has now been diagnosed with liver and lung
metastasis .
Another woman recognized the risk factor by considering the
genetical factor as follows:
I don’t have any genetic factors or cases in the family,
but I am already 55 years old and very sedentary.
Take some action, walk! .
Additionally, previous stories of survival were shared as follows:
My maternal grandmother had it. Today she is 94
years old, this was 20 years ago.
My mother had it with 45 years old. It’s been 17
years.
No death stories were shared. This aspect may have been
influenced by the usage context of WhatsApp, which is seen
by many users as more informal when compared with SMS text
messaging. In a study by Church and De Oliveira [61], users
reported that the tool allows a more fluid and open conversation.
Regarding the protective factors, before the intervention, 15 out
18 (83%) women only mentioned eating many fruits and
vegetables, which did not change after the intervention.
However, all other listed protective factors had a higher
frequency of occurrence after the educational intervention, with
breastfeeding being the most frequently mentioned protective
factor (16/18, 89%). Not coincidentally, the participants
formulated many interactions and questions about breastfeeding
as a protective factor during the intervention.
Even with formulated doubts, the participants waited for expert
clarification. None of the women in the group tried to solve the
doubts or answer them. A more dialogical approach, in which
women participate more and do not wait for an “expert voice,”
can add another perspective. Our intervention may have
reinforced a receptive profile to messages rather than the
creation of an active approach, recognizing the role in the search
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Limitations
The authors acknowledge that the mediation that directed the
content may have contributed to the maintenance of a passive
posture by the participants on receiving messages. However,
during the intervention, owing to the high necessity of the
mediator to suggest and deliver content, we perceived a
challenge to provide a top-down model of health information
release and to place individuals as participants in the teaching
process and health learning approach.
In addition, we recognize that a more expressive sample is
important to perform a more meaningful analysis. Our initial
analysis was based on a representative sample size of the target
population of the study. However, participant loss was greater
than expected. The reasons were diverse but consistent with the
peculiarities of the investigated population. Nevertheless, we
believe it is relevant to present the results of the statistical
analysis, as they enable a better understanding of the phenomena
that occurred throughout the intervention when integrated with
the qualitative analysis.
Lastly, we highlight that even though knowledge gain can create
a change in behavior, this is a multifactorial aspect of complex
measurement. In our initial proposal, there was a desire to follow
the participants in order to observe if the group would continue
with new behaviors to reduce the risk of breast cancer after the
end of the study. However, owing to the high dropout rate at
the beginning of the study and recruitment difficulties, we chose
to implement the analysis of knowledge gain.

Conclusions
This study explored the use of WhatsApp as a tool to facilitate
knowledge exchange for the risk reduction and early detection
of breast cancer between women and a content moderator. The
results confirm our hypothesis that the app is a useful tool that
can be incorporated into health education strategies that focus
on breast cancer. Although the intervention improved the
knowledge of the participants with regard to breast cancer, they
expected that the moderator would send content and solve their
doubts, suggesting a need for new strategies directed at the
encouragement of dialogic communication. Nevertheless, the
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results obtained demonstrate that WhatsApp is a feasible online
space for women to seek answers for general doubts that are

Pereira et al
not covered in communication campaigns on breast cancer.
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Abstract
Background: Older adults desire to stay independent at home for as long as possible. We developed an interactive website to
inform older adults and caregivers about ways to achieve this.
Objective: This study aimed to perform an in-depth exploration among potential end users about how to improve the interactive
website to better inform older adults and caregivers about ways to stay independent at home.
Methods: To complement the results of a quantitative survey on the usability and acceptability of the website before
implementation, we conducted a qualitative descriptive study. Using multiple recruitment strategies, we recruited a purposeful
sample of older adults (aged ≥65 years) and caregivers of older adults struggling to stay independent at home. We conducted
face-to-face or telephonic interviews in either English or French. In addition, we collected sociodemographic characteristics,
other characteristics of participants (eg, health, digital profile, and perception of retirement homes), and experiences with using
the website (factors facilitating the use of the website, barriers to its use, and suggestions for improvement). Interviews were
audio recorded, transcribed verbatim, and thematically analyzed by two researchers.
Results: We recruited 15 participants, including 5 older adults (mean age 75 years, SD 6) and 10 caregivers (mean age 57 years,
SD 14). The mean interview time was 32 min (SD 14). Most older adults had either mobility or health problems or both, and
many of them were receiving home care services (eg, blood pressure measurement and body care). Overall, participants found
the website easy to navigate using a computer, reassuring, and useful for obtaining information. Barriers were related to navigation
(eg, difficult to navigate with a cellphone), relevance (eg, no specific section for caregivers), realism (eg, some resources presented
are not state funded), understandability (eg, the actors’ accents were difficult to understand), and accessibility (eg, not adapted
for low digital literacy). Suggestions for improvement included a needs assessment section to direct users to the support appropriate
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to their needs, addition of information about moving into residential care, a section for caregivers, distinction between state-provided
and private support services, simpler language, expansion of content to be relevant to all of Canada, and video subtitles for the
hearing impaired.
Conclusions: Users provided a wealth of information about the needs of older adults who were facing a loss of autonomy and
about what such a website could usefully provide. The request for less generic and more personalized information reflects the
wide range of needs that electronic health innovations, such as our interactive website, need to address. After integrating the
changes suggested, the new website—Support for Older Adults to Stay Independent at Home (SUSTAIN)—will be implemented
and made available to better assist older adults and caregivers in staying independent at home.
(JMIR Mhealth Uhealth 2020;8(7):e16979) doi:10.2196/16979
KEYWORDS
internet-based intervention; frail elderly; caregivers; decision making; personal autonomy; housing for the elderly

Introduction
Background
Worldwide, the proportion of older adults is increasing
dramatically. In Canada, the number of adults aged 65 years
and older is 17.5% of the population (2019), and by 2031, it
will represent 22.7% of the population [1]. Currently, 92% of
all Canadian adults aged 65 years and older live in private
households [2], and most of them desire to stay independent at
home for as long as possible. Studies have shown, however,
that as age increases, functional and cognitive impairment, the
presence of chronic diseases, a diminishing social network, and
a low level of physical activity make staying at home very
difficult [3-6]. As a consequence, at some point, older adults
and their caregivers may face the decision about whether to
remain at home (with or without assistance) or move to another
location that better meets either their physical or social needs
or both.
Multiple options for supporting older adults to remain
independent at home are currently available [7-9]. For instance,
regular home care or home visiting promotes health and delivers
preventive care to older adults [8]. However, older adults and
their caregivers are not always aware of these options [10,11].
This lack of knowledge can result in an hasty decision to relocate
older adults, for example, to a nursing home. It is important that
older adults be aware of all the options available to them—the
advantages and disadvantages associated with each option—and
that they can weigh up all this information and make informed
decisions according to what matters most to them [12]. Research
has shown that good levels of knowledge about services and
support, as well as convenient housing, are associated with the
likelihood of continuing to live in the community [13].
Technology can provide an easy and fast way to gain access to
this information. In a previous study [14], we used a
user-centered design with older adults, caregivers, and health
professionals to develop an interactive decision support website
called Supporting Seniors and Caregivers to Stay Mobile at
Home (SPINACH) for older adults, caregivers, and health
professionals in two Canadian provinces (Quebec and Alberta).
We define interactive as providing a 2-way information flow
between the user and the site [15]. The SPINACH website
consists of 3 web pages: a home page, a video page, and a
resource page [16]. On the home page, visitors have the option
https://mhealth.jmir.org/2020/7/e16979

XSL• FO
RenderX

of selecting a language (English or French) and then the option
of choosing whether to consult the video page or the resource
page. The video page provides information on how different
providers (1 video per provider type) can help older adults to
stay independent at home. The resource page provides additional
information (in text form) for staying independent at home [14].
Users can either watch only the videos relevant to their current
needs or watch others if their needs change over time. They can
also submit comments and information. According to an earlier
quantitative usability survey, the website was deemed acceptable
and potentially helpful for all kinds of end users [14]. However,
it also required modifications, and we sought further insights
from users as to what these might entail. In this study, we aimed
to complement our quantitative survey results with a qualitative
usability study to explore in-depth views of potential end users
on how to improve the website, renamed Support for Older
Adults to Stay Independent at Home (SUSTAIN), before its
implementation.

Methods
Research Team
Our team is a multidisciplinary group of experts in shared
decision making, primary care, rehabilitation, architecture,
intensive care, and caregiving. We have been working together
for 6 years on research studies aiming to develop tools and
strategies to facilitate the engagement of older adults and
caregivers in shared decision-making processes related to
housing decisions [13,14,17-21].

Study Design and Context
We conducted a qualitative descriptive study to improve the
content of an interactive website [14,22]. Initially, our study
focused on 2 English-speaking provinces in western Canada
(British Columbia and Alberta) and 2 provinces in eastern
Canada (Ontario [English speaking] and Quebec [French
speaking]). Due to recruiting difficulties within the allotted
time, we extended our recruitment to another country (France)
where older adults face similar issues regarding remaining
independent at home [23,24]. Although the resource information
referred to resources in Canada, we believed that the French
participants could provide useful perspectives on the general
usability of the website in a broader range of contexts. This
study was approved by the Centre Hospitalier Universitaire de
Quebec—Université Laval Ethics Committee (no 2018-3751)
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and the University of Alberta Health Research Ethics Board
(Pro00055678). We used the Consolidated Criteria for Reporting
Qualitative Research checklist [25] to report the findings.

Participants
Eligibility Criteria
Older adults were eligible to participate if they were aged 65
years or older and cognitively capable of indicating their
informed consent to participate in an individual interview
(face-to-face or over the phone). We defined cognitively capable
as not having been diagnosed with any disorder affecting
reasoning. Formal or informal caregivers were eligible to
participate in individual interviews (face-to-face or telephone)
if they cared for an older adult struggling to remain independent
at home.
Both older adults and caregivers had to be available to consult
the SPINACH website before the interview. Participants were
asked to navigate through the website and to explore each
section at their own pace. No minimum consultation duration
was defined.

Recruitment and Procedures
We used multiple recruitment strategies. We contacted 4
associations of caregivers and older adults (in Quebec and
Alberta) to seek their support for disseminating recruitment
information. They were asked to put an advertisement on their
website or in their newsletter. One association never responded,
2 promised their support but did not follow through, and the
fourth association posted the information on their website
newsletter but without success. Finally, because of time
constraints, we opted for recruiting through the social and
professional networks of our research team and the snowballing
method. Persons interested in participating in the study gave
their first and last name, email, and telephone number to the
person who recruited them, who, in turn, forwarded it to the
project coordinator. One of the trained research assistants was
then assigned to follow up with the participants by evaluating
their eligibility and availability for the interview. The research
assistant then emailed participants the link to the SPINACH
website and instructed them to explore the website and watch
the videos at their own pace and convenience at least one week
before the interview date. We stressed the need to consult the
website before the interview, whose purpose was to capture
their experience of the SPINACH website and ask for
suggestions for improving it. All participants were informed
that they would receive financial compensation of Can $20 (US
$14.89).

Sample Size
We recruited a purposeful sample of caregivers and older adults
[26]. Guided by the model of information power, suggesting
factors to be taken into account for sample size determination,
we assumed that a small number of participants were needed
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to reach saturation for this study because (1) the aim of this
study concerned a specific experience (of consultation and
navigation on the SPINACH website) and participants with
specific characteristics; (2) the interviewer was experienced and
knew the website well, predicting a high quality of dialog; and
(3) we planned to perform an in-depth exploration of narratives
[27]. Other qualitative studies conducted in the older adult
population relating to the decision to relocate [28], the
opportunity to make independent decisions [29], and the use of
a networking website [30] conducted their studies with relatively
small samples (11, 12, and 6 participants, respectively) of the
population of interest. Furthermore, using data from a study
involving 60 in-depth interviews, Guest et al [31] found that
data saturation occurred within the first 12 interviews, but the
basic elements for meta-themes were present in as early as 6
interviews. Thus, we planned to recruit at least 12 participants,
while making sure to reach data saturation.

Data Collection
We collected data through individual interviews (face-to-face
or over the phone) from October 2017 to January 2018.
Exceptionally, we conducted 2 dyadic interviews: (1) an older
adult and his caregiver, in this case, his son, and (2) a couple,
both of whom were caregivers who wished to be interviewed
together. Face-to-face interviews were conducted in a room
provided for this purpose in our research center or in a nearby
affiliated center. Participants signed an informed consent form
before the interview. Interviews were conducted by a trained
female research assistant (MD, MSc in Public Health) and a
trained male research assistant (TP, Master in Digital Media).
Interviewers had no personal attachment to the SPINACH
website and were open to all comments. We conducted the
interviews in English or French, according to the preference of
the participant. After each interview, the interviewers reported
back to the coordinator with supporting field notes. On the basis
of this, they decided whether data saturation had been reached
[31].
At the beginning of the interview, the research assistant greeted
the participant, introduced himself/herself, and reiterated the
objectives of the interview. Each participant completed an
individual sociodemographic questionnaire (Table 1). The
interview grid was based on the results of a previous survey of
end users on the usability and acceptability of the website [14],
that is, the survey results provided the hypotheses regarding
what elements of usability and acceptability should be further
explored. The interview began by asking participants about their
health profile, digital profile, sources of health information, and
perceptions of long-term care facilities. After this, the topics
discussed were related to their experience with the website and
suggestions for improving it. Interviews were audio recorded
with the consent of participants. The interviewer took notes on
any additional relevant remarks made during each encounter.
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Table 1. Characteristics of end users (N=15).
Characteristics

Values

Caregivers, n (%)

10 (67)

Age (years)
Mean (SD)

56.9 (14)

Range

37-70

Sex, n (%)
Female

6 (60)

Male

4 (40)

Education, n (%)
University degree

10 (100)

Relationship with the older adult, n (%)
Son/daughter

8 (80)

Spouse

1 (10)

Other

1 (10)

Older adults, n (%)

5 (34)

Age (years)
Mean (SD)

74.6 (6)

Range

66-83

Sex, n (%)
Female

4 (80)

Male

1 (20)

Education, n (%)
High school diploma

1 (20)

College diploma

1 (20)

University degree

3 (60)

Older adults including those cared for by participating caregivers, n (%)
Region/country
Western Canada

4 (27)

Eastern Canada

9 (60)

Europe (France)

2 (13)

Setting
Urban

9 (60)

Semiurban

2 (13)

Rural

4 (27)

Housing situation
Home without home care

8 (53)

Home with medical home care

3 (20)

Private residence with services

4 (27)

Are facing a housing decision?
Yes

5 (33)

No (the decision is already made)

5 (33)

No

4 (27)

Maybe

1 (7)
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Data Analysis
Interviews were audio recorded and transcribed verbatim. The
interview grid, based on the earlier survey results, provided the
initial nodes. Overall, 2 authors independently performed
deductive thematic analyses of verbatim transcripts [26,32]
using qualitative data analysis software (NVivo version 12).
First, the authors independently read the transcripts to familiarize
themselves with the data. Each analyst proceeded with individual

Garvelink et al
coding by refining and developing the pre-established nodes
(including subnodes and node formulations). Afterward, coders
met for a consensus meeting for 3 hours to cross-check their
coding, analyze the nodes and the links between them, and
categorize them. Discrepancies were discussed and resolved.
The authors produced a report of relevant themes from the
analysis and related quotations (Table 2 and Multimedia
Appendix 1). Data saturation was reached for the presented
themes.

Table 2. Factors facilitating the use of the website and illustrative quotations.
Theme and facilitators

Quotations

Navigation
Navigation easy

“Oh. Piece of cake, really nice, it’s really clear, big obvious menus. Cause in some you really have to hunt for
the link you want.” (Caregiver 8)

Information easy to find

“I found it useful, it was easy to manage, to find information, I would say.” (Caregiver 9)

Relevance
Helpful for decision making
about housing

“It offers you a lot of links and people that you can talk to, to make the decision, because it’s a difficult one.
You know you’d be happy in your own home, but you’re not safe there.” (Caregiver 8)

Increases knowledge and poten- “The more relevant information you add that responds to people’s immediate needs, the more useful it will
tial for more
be. I learned new things and I consider myself relatively educated.” (Caregiver 5)a
Reassurance (about doing the
right thing)

“To have the support of somebody else saying, yes you’re doing the right thing and giving you places to look
and people to talk to and that support you. Well it would have been really helpful for me.” (Caregiver 8)

Reassurance (about others expe- “It was nice, the comments that made you feel less guilty, like you can get tired of doing the cooking or that
riencing the same thing)
there are incontinence problems, it’s normal. Everyone has those problems. It’s a good way to reassure people.”
(Caregiver 5)a
Understandability
Simple language

“I didn’t find that very complicated. No.” (Caregiver 2)a

Transcripts useful for the hearing “What I also found useful was that there were transcripts, you could see the video, so you can also read... because
impaired
some people have hearing problems or they’re not able to understand, they can read it as well.” (Caregiver 9)
Interactive (videos)

“The interactive part like that, with the little videos—that draws people in...I’d never seen that before.”
(Caregiver 1)a

Realism
True to life even in another
country

“I’m in a French context but things are quite similar to what you have in Canada. The type of resources, the
needs, it’s the same. The organizations aren’t exactly the same. But what we’re looking for is the same, i.e.
the help in the medical sector and all the more social things, like meals, home help, presence at home etc.; it’s
all there.” (Caregiver 1)a

a

Original in French.

Results

and 34% (n=5/15) were older adults. The mean interview time
was 32 minutes and 35 seconds (SD 14).

Quantifiers

Of the 5 older adults participating in the study, 60% (n=3/5)
had a university degree with an average age of 75 years (SD 6).
Most were living in urban areas (n=3/5, 60%,) and at home
(n=4/5, 80%,). Of the 10 caregivers participating in the study,
60% (n=6/10) were women, with an average age of 57 years
(SD 14); all were highly educated (n=10); and approximately
90% (n=9/10) were natural caregivers taking care of their parent
(n=8) or their spouse (n=1).

We reported data using the graded quantifiers few, some, many,
and most [33]. On the basis of a study by Chang et al [34], we
used few when 1 or 2 participants commented on a theme, some
when 3 to 5 commented, many when 6 to 9 commented, and
most when 9 to 15 participants commented.

Sociodemographic Characteristics of the Participants
Between October 2017 and January 2018, we interviewed 15
end users: 60% (n=9/15) from eastern Canada, 27% (n=4/15)
from western Canada, and 13% (n=2/15) from France.
Two-thirds (n=10/15, 67%) of the participants were caregivers
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Furthermore, 4 participants (27%) stated that a decision about
whether to stay living at home or move to another place had
already been made, whereas 5 participants (33%) were expecting
to make this decision in the near future and one participant (7%)
was possibly facing a housing decision (Table 1).
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Other Characteristics of the Participants
Health Profile of Older Adults
Most older adults involved in this study, including those cared
for by a participant caregiver, were currently living at home.
Many older adults were receiving general home care services
(eg, body care, walking aid, and grocery shopping aid). Some
of them were receiving medical home care services (eg, blood
samples, medication aid, and blood pressure measurement).
Most older adults had either mobility or health problems or
both. Some of them had started thinking about moving to another
place because of autonomy loss. Some of them were
experiencing difficulties related to this decision, for example:
I looked into it...I have a friend whose mother has
been placed in a residence, and she told me what she
had to go through and it sounds like a nightmare.
[Caregiver 6]

Digital Profiles of Participants
The most commonly used digital devices among participants
were, in order of importance, computers, cellphones, and iPads.
The search engine that they used most was Google. Some
participants (whether older adults or caregivers) reported using
these technologies daily. At the same time, a few participants
reported not being comfortable with new technologies, for
example:
A lot of seniors don’t own a computer here, because
it’s like... why should we?...we’ve done our
thing...we’re old, we want to talk to people, you know.
[Older adult 5]

Sources of Information and Perceptions of Retirement
Homes
Participants said that their main sources of information about
options for staying independent at home or moving to a nursing
home were, in order of importance, (1) local resources, such as
community centers and health and social services; (2) their
personal social network; (3) the internet; and (4) their health
providers. Some participants had a negative impression of
nursing homes. Negative impressions were linked to high costs,
isolation, a restricted social environment, accounts of abuse in
nursing homes, and loss of one’s health care team, for example:
Some family physicians will no longer see a patient
after they transfer to long term care...you know you’re
going to a new environment, but also your traditional
healthcare team goes away too. [Caregiver 10]

Experiences With the Website
Factors Facilitating the Use of the Website
Overall, many participants found the website helpful (eg,
diversity of resources available with their contact information)
for obtaining information about how to stay independent at
home. Many participants found the website acceptable in terms
of the content, especially the videos. They clarified that the
presentation of the various scenarios in the videos was creative,
reassuring (allowed them to recognize their own situation
through the scenarios and the experience sharing), and helpful
https://mhealth.jmir.org/2020/7/e16979
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for understanding the roles of the various people who can help
them. Many participants liked the length of the videos and found
them a good way to present information. The participants
mentioned specific aspects of the website that they liked, such
as its clarity, its interactivity, the diversity of the resource
people, and the ease of understanding the information. Some
of them found the website easy to navigate when using a
computer. Participants appreciated having the transcripts of the
videos on the website, which they considered especially useful
for people with hearing impairment (Table 2).

Factors Hindering the Use of the Website
Participants also discussed factors that could limit or hinder the
use of the website (Multimedia Appendix 1). These factors and
their solutions generally fell into the following categories: (1)
navigation (eg, difficulties using a cellphone); (2) relevance
(eg, insufficient information for caregivers or about cognitive
impairment); (3) interactivity (eg, out-of-date information and
dead links); (4) realism (eg, lack of ethnic diversity among
actors); (5) understandability (eg, print too small and language
too complex); (6) accessibility (eg, unwillingness to use
computers); and (7) esthetics (eg, unattractive website design).

Proposed Modifications to the SPINACH Website
Participants proposed several improvements that could be made
to the website for each of the categories. They suggested
simplifying instructions on how to use the website. They
suggested adding information for those deciding about a move
to a nursing home, a specific section relevant to caregivers,
information relevant to people with increasing cognitive
impairment, and information about safety (eg, resources for
people experiencing elder abuse). They also suggested better
differentiation between public and private resources, more ethnic
diversity among actors, shortening the videos, and adding
subtitles for the hearing impaired. Full details of the barriers
and proposed modifications with illustrative quotations are
presented in Multimedia Appendix 1.
Other themes that emerged from the interviews were related to
the types of care received at home (general and medical), the
home care equipment used, and community resources available
and used.

Discussion
Principal Findings
Aiming to improve an interactive website for older adults and
caregivers developed in a previous study [14], we asked
potential end users for in-depth feedback on how to improve
the website to better address their needs related to staying
independent at home. Overall, participants rated the SPINACH
interactive website as a useful tool for helping them obtain
information about options for staying independent at home.
They also listed barriers to using the website (eg, information
too generic and lack of a specific section for caregivers) and
made several suggestions for improving its content. These results
lead us to make the following observations.

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16979 | p.904
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Tailored Information
First, participants showed great interest in having tailored
information. For instance, they wanted the option of specifying
their city and province (eg, on a map) so that resources could
be suggested based on their place of residence. This is consistent
with other findings that older adults and caregivers want a
personalized and flexible approach to their care (or the care of
their loved ones) and their decision-making process, one that
respects them as individuals [35] and provides support to help
them prioritize the needs associated with their multiple
conditions [36]. Older adults’ autonomy changes over time
[17,19], and thus, their need for information changes too. Indeed,
in line with previous research, although the SPINACH website
focuses on the many options for staying independent at home,
some of our participants requested more information about
moving to a nursing home [37]. A decision support tool has
been developed specifically to support older adults in the
decision-making process about housing options [18], which
could be integrated into the website to meet the needs of older
adults making other choices than to stay at home.

Supporting Caregivers
Second, the website does not yet have a specific section for
caregivers. Although caregiver participants found the website
helpful, they also wanted to know how to find the help they
might need for themselves when caring for an older adult losing
autonomy. They were also interested in knowing how to manage
difficult conversations with their loved ones. This confirms the
results of a recent study showing that it is difficult for caregivers
to find a balance between the needs of their loved ones and their
own needs [38]. In fact, this factor is associated with the burden
of care felt by family caregivers caring for an older adult facing
housing decisions [39]. According to a literature review about
caregiver involvement in any decision with their loved one,
caregivers often feel uninformed and unsupported in making
informed decisions congruent with their personal values, which
leads to negative feelings after decision making [40]. Moreover,
a recent study showed that caregivers experience more
decisional conflict than their loved ones and the same level of
decisional regret [21]. Thus, creating a section for caregivers
on the website with information to help them face the challenges
of caregiving (eg, better address the decision-making needs of
their loved ones), including navigating the health care system
to get the help they need [41], will reduce the risk of decisional
conflict and regret. This will also indirectly help older adults
get the care they need, especially if they are cognitively
impaired.

The Challenge of Balancing Tailoring With Scaling
Up
Third, participants’ comments raised interesting issues relevant
to the challenges of scaling up. Although wanting the
information to be more tailored, they also suggested expanding
the website to be relevant to a wider population, for example,
different user groups in different geographical areas, and to
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different decision-making needs. The unexpected French
participants in this study helped us understand that French older
adults and caregivers face challenges similar to those faced by
Canadian older adults and caregivers in terms of housing
decision making and homecare. This finding as well as the
growing potential of health care technologies to deal with
complex choices suggest that our platform could be scaled up
to the rest of Canada and other developed countries with aging
populations [42]. In the future, we plan to improve the
SPINACH website in line with participants’ comments. We
also plan to integrate a GPS tracker system that will provide
real-time information on older adults’ outdoor mobility to
promote self-management and to support them in staying at
home for as long as possible. In addition, the website could
further respond to users’ concerns by integrating collaborative
writing apps for adding regional sources [43]. Other methods,
such as algorithms for self-assessment that direct users to
appropriate resources, and assigning a webmaster to update the
website weekly, could also be explored.

Limitations
Our study has some limitations. We used various strategies to
recruit participants; however, our sample size was small, and
some populations were not well represented, notably those with
lower education levels and older adults with cognitive
impairment, who could have provided a different perspective
for the future format of the website. Some interviews were
interrupted, and we had to contact the participants again. In
addition, the sound quality was sometimes poor when interviews
had to be conducted over the telephone, which had an impact
on the quality of the interview. However, field notes were taken
by the interviewers, which filled the gaps. Finally, we did not
specify a minimum consultation time for the website or track
the time participants spent on the website, so it is possible that
some participants did not consult every section of the site, which
may have affected their evaluation.

Conclusions
We consulted end users to improve SPINACH, an interactive
website for older adults and caregivers about options for staying
independent at home [14]. Users provided a wealth of
information on what such a website could usefully provide. The
request for less generic and more personalized information
reflects the wide range of needs such a website needs to address
and raises the technological issues about how to achieve this in
all electronic health innovations. Requests for more information
for caregivers reflect the key role of caregivers in sustaining
older people independently at home. Suggestions for more
information on residential care suggest that needs can change
quickly and that people prefer to be informed about the full
range of options. Once the suggested changes have been made,
the new SUSTAIN website will be implemented in Canada.
Subsequently, a thorough analysis of the scalability of this
innovation is required before it can be adapted to other contexts
and cultures.
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Abstract
Background: Intervention with a mobile Health (mHealth) app can improve the efficacy of early detection of oral cancer and
the outcomes for patients taking oral anticancer medications. The quality of life of oral cancer patients is significantly reduced
within three months after surgery; also, their needs for nursing care and health information increase, mainly due to side effects
and associated psychological problems.
Objective: This study aimed to evaluate changes in the care needs and quality of life of patients with oral cancer after receiving
the intervention of a newly developed mHealth app.
Methods: After surgery, oral cancer patients were divided into an experimental group (n=50) who received the mHealth app
intervention and a control group (n=50) who received routine health care and instruction. After 3 months of intervention, survey
questionnaires were used to assess the patients’ quality of life, nursing care needs, and acceptance of the mHealth app.
Results: The physiological care needs were significantly decreased in the experimental group compared with the control group
(P<.05). Although the differences were not statistically significant, the psychological needs, communication needs, and care
support needs all improved after the mHealth app intervention. The overall improvement in quality of life was higher in the
experimental group than in the control group (–7.24 vs –4.36). In terms of intention to use, perceived usefulness, and perceived
ease of use, the acceptability scores of the mHealth app were significantly increased after 3 months of intervention (P<.05).
Conclusions: Compared with routine health care and instruction, for patients after surgery, the education/information intervention
using the mHealth app significantly reduced their nursing care needs, improved their quality of life, and increased their acceptance
of using an mHealth app on a mobile device. These findings can provide a theoretical basis for future health care app design and
improvement. This study suggests that an mHealth app should be incorporated into the routine care of oral cancer patients to
provide medical information quickly and improve their self-management abilities, thereby reducing the patients’ need for
physiological care and improving their quality of life.
Trial Registration: ClinicalTrials.gov NCT04049968; https://www.clinicaltrials.gov/ct2/show/NCT04049968
(JMIR Mhealth Uhealth 2020;8(7):e18132) doi:10.2196/18132
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care needs; health information; mobile health app; oral cancer; technology acceptance; quality of life
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Introduction
Oral cancer ranks sixth in incidence among cancers worldwide;
among men, it ranks eighth in incidence rate (3.8/100,000) and
mortality [1]. The World Health Organization (WHO) estimated
that 657,000 new cases of oral cancer are diagnosed each year
and that more than 330,000 people die annually from this disease
[2]. Oral cancer is a serious issue in Taiwan; it is ranked fifth
in number of cancer deaths and fourth among men in cancer
morbidity and mortality. Indeed, the morbidity and mortality
rates of oral cancer among men are almost 10 times those among
women [3]. Although the five-year survival rate for oral cancer
has increased to 70% to 80% [4,5], oral cancer patients still
experience comorbidities, psychological distress, and reduced
quality of life [6-8].
A prospective survey analyzed the quality of life of 83 oral
cancer patients and found that physiological status (such as
fatigue, pain, nausea, and vomiting symptoms) and physical
activities (such as resuming sustainable work and leisure
activities) significantly deteriorated within three months after
surgery [9]. The patients’ social functioning, body image, and
financial status also declined significantly after surgery. The
incidence of anxiety/depression in patients with oral cancer after
surgery reached 25% in patients surveyed within six months to
six years [10]. Furthermore, pain, facial changes, and social
activity were negatively correlated with psychological outcomes
and quality of life. Even with the use of neoadjuvant treatments
and observed improvement in the first year after surgery, the
quality of life of patients within three months of surgery
remained significantly reduced [11]. Therefore, there is still an
urgent need for new approaches to improve the quality of life
of patients with oral cancer after surgery.
The decline in the quality of life of patients after oral cancer
treatment increases the demand for nursing care and health
information, mainly due to the side effects and resulting
psychological problems after treatment [12]. For example,
compared with cancer patients who did not receive radiotherapy,
cancer patients who received radiotherapy may report that their
care needs and communication needs are not being met [13].
Similarly, cancer patients receiving chemotherapy may
experience nausea, fatigue, decreased physical function, and
emotional problems, all of which require care and attention [14].
Postoperative oral cancer patients have a series of nursing needs,
including psychological needs, professional medical care needs,
and particularly support needs in terms of interpersonal
communication, including disease information, treatment
options, and medication options, such as pain management
[15-17]. However, most health-related information in manuals
or books fails to meet these needs because the desired
information may take too long to find and the level of writing
may be too specialized for patients to understand. Instead,
patients may want to quickly obtain specific information at any
time and place [18]. When patients receive sufficient support
to meet their needs, they can more effectively cope with their
negative emotions and disease symptoms.
The popularity in many countries of smart devices such as
mobile phones and tablets has led to increasing use of mobile
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health (mHealth) apps to quickly and efficiently transmit
medical information and provide health care services to patients
[19]. The WHO Global Observatory for eHealth defines mHealth
as “medical and public health practice supported by mobile
devices, such as mobile phones, patient monitoring devices,
personal digital assistants (PDAs), and other wireless devices
[20].” An mHealth app is a software program that runs on
mobile phones, tablets, or other mobile devices (eg,
smartwatches, wristbands) for health care and disease prevention
[21]. In addition to monitoring health, an mHealth app can
encourage healthy behaviors and provide patients with effective
ways to manage disease [22,23]. Several mHealth apps have
been developed for disease management approaches such as
blood glucose control (diabetes) [24], hypertension control [25],
depression treatment [26], remote cancer surveillance [27], and
medication monitoring [28,29].
In this study, we developed an mHealth app for patients after
oral cancer surgery. To the best of our knowledge, no study has
investigated whether an intervention based on an mHealth app
can affect the daily needs and quality of life of patients after
oral cancer surgery. This study aimed to investigate whether
the medical information and education provided through the
developed mHealth app can reduce the care needs of patients
and improve their quality of life after the intervention. We
believe that patients and their families may benefit from this
convenient physical and social support system, which enables
patients to quickly obtain information to help them cope with
their disease, reduce their anxiety, and improve their quality of
life.

Methods
Study Design and Sample
This study used a quasiexperimental research design and
convenience sampling. The study protocol was reviewed and
approved by the internal review board of the Research Ethics
Review Committee of Far Eastern Memorial Hospital (No.
105110-E). Study participants were recruited from the
departments of Oral Surgery, Otolaryngology, Hematology
Oncology, and Radiation Oncology at the Far Eastern Memorial
Hospital in New Taipei City, Taiwan. The inclusion criteria
were patients who were diagnosed with oral cancer by a
physician and who underwent oral cancer surgery within one
week; patients who were conscious and able to communicate
in Mandarin or Taiwanese; and patients who agreed to
participate in the study and possessed a smartphone. The
exclusion criteria were patients who did not have oral cancer
or patients who had oral cancer but underwent oral cancer
surgery one week previously; patients who could not
communicate in Mandarin or Taiwanese; patients who were
unconscious or unable to answer the questions in the
questionnaire; and patients who had cognitive impairment,
dementia, or intellectual disability. After the well-trained
researchers explained the study to the eligible participants who
met the inclusion criteria, the participants who agreed and who
provided signed informed consent were included in the study.
Each patient was individually instructed by the investigator
prior to discharge, and the content of the instruction focused on
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treatment messages, oral care, and social resource delivery. The
intervention outcomes of the patients in both groups were
surveyed after 3 months using questionnaires. The study was
registered prior to launch (ClinicalTrials.gov NCT04049968).

Data Collection and Features of the mHealth App
All included patients were randomly divided into an
experimental group and a control group (Figure 1). The patients
in the control group received routine care and education, while
the patients in the experimental group received 20 minutes of
mHealth app education and guidance before being discharged
from the hospital. The educational content included helping the
participants to download, install, and use the mHealth app. It
also included instructions to teach patients how to use the
mHealth app at home after discharge to provide education about
oral cancer treatment (surgical treatment, chemotherapy,
radiotherapy, rehabilitation exercise) and included links to
videos about self-recording of symptoms, available support
groups, and other applicable information to help meet the needs
of the patients. The two groups of patients received the same
routine care before discharge. The patients in the experimental
group and the control group returned to the hospital 3 months
later to complete the questionnaires.

Wang et al
The mHealth app has four main interfaces: Latest News, Medical
Information, Self-Recording, and Revisit Reminders. The Latest
News interface provides the latest exhortations for patients after
surgery and provides YouTube links to oral health education
and head and neck rehabilitation videos. In addition, the
interface contains a link to join to other patient groups through
the LINE app. Therefore, patients with oral cancer after surgery
can share information about their lives and treatment experiences
after treatment. The Medical Information interface provides
information about oral cancer, oral cancer treatment, pain
information, hospice care, and any other supporting personnel
or cancer treatment institutions. The Self-Recording interface
enables patients to record their own postoperative information
and symptoms, including date, body temperature, pain levels,
oral ulcer, vomiting, skin reactions, and diarrhea. On their next
return visit, patients can provide this information to their
physician for reference and discuss the response of their disease
to treatment. Finally, the Revisit Reminder interface provides
a reminder function for patients to remember to return to the
hospital. Screenshots of the interfaces are shown in Multimedia
Appendix 1.

Figure 1. Flowchart of study sample selection.

Questionnaires
The questionnaires used in this study included a
self-administered questionnaire containing questions about the
http://mhealth.jmir.org/2020/7/e18132/
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demographic characteristics of the patients (age, gender, marital
status, education level, financial status, and religion) and their
clinical characteristics (cancer stage, surgical procedure,
follow-up treatment, age at onset, and duration of illness); and
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18132 | p.911
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a care needs scale, namely the short-form Cancer Needs
Questionnaire (CNQ-SF), a 32-item self-administered
questionnaire that evaluates 5 domains of patient needs,
including psychological, health information, physical and daily
living, patient care and support, and interpersonal
communication needs. The CNQ-SF score ranges from 0 to
100, where 0 means no need and 100 means the highest need
[15]. The questionnaires also included the European
Organization for Research and Treatment of Cancer Quality of
Life Questionnaire Core 30 (EORTC QLQ-C30) and Head and
Neck Module (EORTC QLQ-H&N35) [30] and the Science
and Technology Acceptance Model (TAM) scale, which was
designed based on the information systems theory developed
by Davis [31] in 1989 to evaluate patients’ responses to health
information technology. The Cronbach α values of the care
needs scale and quality of life scale were .94 to .77 and .92,
respectively. The content validity index of the TAM scale was
between 0.92 and 1.00, with an average of 0.96 (Cronbach
α=.97). The questionnaires used in this study are shown in
Multimedia Appendix 2.

Statistical Analysis
Continuous variables are presented as mean (SD); categorical
variables are presented as n (%). Differences in categorical
variables were examined using the chi-square test or Fisher
exact test, and the differences in the continuous variables were
examined using the independent t test. The paired t test was
used to examine the differences between measurements before
and after the intervention. After adjusting for age and sex,
multivariate linear regression was used to assess the associations
between the patients’ care needs and quality of life before and
after using the app. All statistical assessments were two-sided,
and P<.05 was considered statistically significant. Statistical
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analyses were performed using SPSS version 22 for Windows
(IBM Corp).

Results
Analytical Sample
A total of 120 participants were enrolled in this study. The
experimental group included 61 postoperative patients who used
the mHealth app within three months of discharge, while the
control group included 59 postoperative patients who received
routine care and instruction but did not use the app. After 3
months of follow-up, 11/61 patients in the experimental group
(18%) and 9/59 patients in the control group (15%) did not
return to the hospital to fill out the questionnaires. The final
sample therefore included 50 patients in the experimental group
and 50 patients in the control group (Figure 1).

Background Characteristics of the Study Population
The study enrolled 100 postoperative oral cancer patients,
including 92 men (92.0%) and 8 women (8.0%), with a mean
age of 57.01 years (SD 8.87). Most patients were married
(68/100, 68.0%), had a middle school education (37, 37.0%),
were unemployed (61, 61.0%), earned less than 20,000 NT$
(US $677.13) per month (59, 59.0%), had a religious affiliation
(87, 87.0%), and were self-caregivers (60, 60.0%). Most of the
100 patients were diagnosed with stage I (32, 32.0%) or stage
II (32, 32.0%) cancer, without cancer metastasis (65, 65.0%),
and the primary cancer was located at a buccal site in most cases
(53, 53.0%). Of the 100 patients, 92 (92.0%) received tumor
resection, 66 (66.0%) received radiation therapy, and 38 (38.0%)
received chemotherapy. In follow-up treatment, 35/100 patients
(35.0%) received radiation therapy and 3 patients (3.0%)
received chemotherapy (Table 1).
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Table 1. Baseline demographics and clinical characteristics of the patients in the study (N=100).
Variable

Total (N=100)

Experimental group (n=50)

Control group (n=50) P value

Demographics
Sex , n (%)

.72

Male

92 (92.0)

47 (94.0)

45 (90.0)

Female

8 (8.0)

3 (6.0)

5 (10.0)

57.01 (8.87)

58.7 (7.56)

55.32 (9.79)

Age (years), mean (SD)
Marital status, n (%)

.39

Married

68 (68.0)

32 (64.0)

36 (72.0)

Other (unmarried/widowed/divorced)

32 (32.0)

18 (36.0)

14 (28.0)

Education, n (%)

.10

Below primary school

28 (28.0)

18 (36.0)

10 (20.0)

Middle school

37 (37.0)

19 (38.0)

18 (36.0)

Above high school

35 (35.0)

13 (26.0)

22 (44.0)

Employment status, n (%)
No
Yes

.06

.54
61 (61.0)

32 (64.0)

29 (58.0)

39 (39.0)

18 (36.0)

21 (42.0)

a

.45

Income (NT$) , n (%)
Less than 20,000

59 (59.0)

32 (64.0)

27 (54.0)

20,000-39,999

20 (20.0)

10 (20.0)

10 (20.0)

More than 40,000

21 (21.0)

8 (16.0)

13 (26.0)

Religion, n (%)

.77

No

13 (13.0)

6 (12.0)

7 (14.0)

Yes

87 (87.0)

44 (88.0)

43 (86.0)

Primary caregiver, n (%)

.41

Self

60 (60.0)

32 (64.0)

28 (56.0)

Other (spouse/child/caregiver)

40 (40.0)

18 (36.0)

22 (44.0)

Clinical characteristics, n (%)
Cancer stage

.34

I

32 (32.0)

19 (38.0)

13 (26.0)

II

32 (32.0)

17 (34.0)

15 (30.0)

III

15 (15.0)

5 (10.0)

10 (20.0)

IV

21 (21.0)

9 (18.0)

12 (24.0)

Tumor metastasis

.06

No

65 (65.0)

28 (56.0)

37 (74.0)

Yes

35 (35.0)

22 (44.0)

13 (26.0)

Lip

14 (14.0)

9 (18.0)

5 (10.0)

.25

Buccal side

53 (53.0)

28 (56.0)

25 (50.0)

.55

Hard palate

34 (34.0)

14 (28.0)

20 (40.0)

.21

Posterior molar region

6 (6.0)

2 (4.0)

4 (8.0)

.68

Tongue

44 (44.0)

23 (46.0)

21 (42.0)

.69

92 (92.0)

48 (96.0)

44 (88.0)

.27

Primary site

Previous treatment
Tumor resection
http://mhealth.jmir.org/2020/7/e18132/
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Total (N=100)

Experimental group (n=50)

Control group (n=50) P value

Radiation therapy

66 (66.0)

33 (50.0)

33 (50.0)

>.99

Chemotherapy

38 (38.0)

23 (46.0)

21 (42.0)

.68

Follow-up treatment

a

.87

Radiation therapy

35 (35.0)

17 (34.0)

18 (36.0)

Chemotherapy

3 (3.0)

1 (2.0)

2 (4.0)

NT $1=US $0.034.

The mHealth App Intervention Improved Quality of
Life and Reduced Care Needs
Table 2 shows the statistical results of the patients’ scores on
the global quality of life scale (EORTC QLQ-H&N35). The
lower the score on the scale, the higher the patient’s satisfaction
with their quality of life. At baseline, the total quality of life
scores in the experimental group and control group were 32.15

and 28.99, respectively. After 3 months of intervention, the total
quality of life scores in the experimental group and the control
group were reduced to 24.91 and 24.63, respectively. Although
the changes in the total scores between the two groups were
statistically insignificant, the overall improvement in the
intervention group was greater than that in the control group
(–7.24 vs –4.36).

Table 2. Quality of life scores of patients in the study (N=100) before and after the mHealth app intervention measured with the European Organization
for Research and Treatment of Cancer Quality of Life Questionnaire Core 30.
Variable

Before

After

Control group,
mean (SD)

Experimental
group, mean (SD)

Control group, Experimental
P valuea mean (SD)
group, mean (SD)

P value

Overall quality of life score

28.99 (16.40)

32.15 (18.65)

.37

24.63 (16.97)

24.91 (17.13)

.94

Change of overall quality of life score

N/Ab

N/A

N/A

–4.36 (10.26)

–7.24 (12.77)

.22

Pain

19.50 (20.10)

22.50 (22.40)

.48

19.33 (18.24)

18.99 (20.89)

.93

Swallowing

25.50 (26.69)

31.50 (29.03)

.29

26.16 (24.80)

30.83 (26.09)

.36

Teeth

40.00 (34.99)

42.00 (37.38)

.78

38.66 (33.23)

40.00 (34.99)

.85

Opening mouth

41.33 (35.99)

48.00 (35.74)

.36

39.99 (31.58)

43.33 (33.16)

.61

Dry mouth

46.67 (33.67)

40.00 (36.89)

.35

45.33 (29.16)

34.66 (26.90)

.06

Sticky saliva

43.33 (35.16)

37.33 (35.41)

.40

39.99 (29.35)

23.33 (25.42)

.003c

Senses problems

18.33 (21.09)

18.33 (27.20)

>.99

15.66 (17.94)

14.66 (18.63)

.79

Coughing

17.33 (24.50)

24.00 (27.80)

.21

27.33 (94.44)

17.33 (24.50)

.47

Felt ill

16.67 (27.15)

21.33 (27.57)

.40

13.99 (27.01)

11.99 (21.03)

.68

Trouble with social eating

29.50 (28.78)

30.83 (27.63)

.81

25.66 (27.39)

29.66 (28.23)

.47

Speech problems

22.00 (21.59)

23.55 (28.36)

.76

18.22 (21.38)

16.22 (22.47)

.65

Trouble with social contact

16.27 (20.16)

15.33 (20.03)

.82

14.26 (20.47)

13.60 (18.75)

.87

Less sexuality

11.33 (18.27)

17.00 (24.86)

.20

7.66 (15.50)

12.66 (22.22)

.20

Pain killers

54.00 (50.35)

56.00 (50.14)

.84

40.00 (40.00)

44.00 (50.14)

.69

Nasogastric tube feeding

42.00 (49.86)

62.00 (49.03)

.046c

32.00 (47.12)

56.00 (50.14)

.015c

Nutritional supplements

28.00 (33.75)

45.00 (35.36)

.016c

23.00 (32.27)

35.00 (35.35)

.08

Weight loss

22.00 (41.85)

30.00 (46.29)

.37

6.00 (23.98)

6.00 (23.98)

>.99

Weight gain

28.00 (45.36)

14.00 (35.05)

.09

10.00 (30.30)

0

.024c

Quality of life scores

a

P value was used to identify statistical significance between the experimental group and control group.

b

N/A: not applicable.

c

P<.05.
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The CNQ-SF measures baseline postoperative care needs (Table
3). The higher the scores on the scale, the higher the patient’s
need for care. Before the intervention, the mean scores of the
5 care domains in the experimental group and control group
were 26.33 vs 21.33 for physiological needs, 24.55 vs 26.27 for
psychological needs, 13.50 vs 16.75 for communication needs,
26.92 vs 19.58 for care support needs, and 64.0 vs. 60.29 for
health information needs, respectively. After 3 months of
intervention, the mean scores for the experimental group and
control group were 20.67 vs 20.25 for physiological needs,
18.18 vs 23.14 for psychological needs, 8.25 vs 12.75 for
communication needs, 23.75 vs 17.67 for care support needs,

and 63.86 vs 57.0 for health information needs, respectively.
These results show that the experimental group (mHealth app
intervention) had significantly reduced physiological needs
compared to the control group (P=.015, Table 3). Although the
results were not statistically significant, the experimental group
had more obvious reductions in psychological needs,
communication needs, and care support needs than the control
group. Multivariate linear regression analysis also confirmed
that after adjusting for age and sex variables, the experimental
group had significantly greater improvement in physiological
needs compared to the control group (P=.022, Table 4).

Table 3. Care needs of patients in the study (N=100) before and after the mHealth app intervention measured with the short-form Cancer Needs
Questionnaire.
Variable

a

Before

After

Change

Control group, Experimental
mean (SD)
group, mean
(SD)

P valuea Control
group, mean
(SD)

Experimental group,
mean (SD)

P value

Control
group, mean
(SD)

Experimental group,
mean (SD)

P value

Physiological needs

21.33 (18.36)

26.33 (20.03)

.20

20.25
(15.95)

20.67
(15.45)

.90

–1.08 (7.80)

–5.67
(10.47)

.015b

Psychological needs

26.27 (23.07)

24.55 (23.98)

.71

23.14
(20.40)

18.18
(17.29)

.19

–3.14 (8.04)

–6.36
(13.88)

.16

Communication needs

16.75 (22.53)

13.50 (21.70)

.46

12.75
(21.94)

8.25 (17.97)

.27

–4.0 (12.74)

–5.25 (9.81)

.58

Care support needs

19.58 (21.33)

26.92 (18.52)

.07

17.67
(15.92)

23.75
(15.48)

.05

–2.0 (12.88)

–3.17 (7.79)

.59

Health information
needs

60.29 (25.72)

64.00 (28.78)

.50

57.00
(25.95)

63.86
(23.61)

.17

–3.29
(19.06)

–0.14
(13.15)

.34

P value was used to identify statistical significance between the experimental group and control group.

b

P<.05.

Table 4. Multivariate linear regression analysis of patients’ care needs after the mHealth app intervention.
Modela

App use
β (95% CI)

P value

–3.34 (–7.83 to 1.15)

.15

Physiological needs

–4.24 (–7.88 to –0.60)

.022d

Psychological needs

–2.75 (–7.22 to 1.73)

.23

Communication needs

–0.99 (–5.49 to 3.51)

.67

Care support needs

–0.80 (–4.99 to 3.39)

.71

Health information needs

3.21 (–3.27 to 9.70)

.33

b

EORTC QLQ-H&N35
CNQ-SFc

a

Model adjusted for sex and age.

b

EORTC QLQ-H&N35: Organization for Research and Treatment of Cancer Quality of Life Questionnaire Core 30 and Head and Neck Module.

c

CNQ-SF: short-form Cancer Needs Questionnaire.

d

P<.05.

Patient Acceptance of the mHealth App
Patient acceptance of the mHealth app was measured by
intention to use, perceived usefulness, and perceived ease of
use (TAM scale). At baseline, the mean scores in the
experimental group for intention to use, perceived usefulness,
http://mhealth.jmir.org/2020/7/e18132/
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and perceived ease of use were 2.54, 2.52, and 2.32,
respectively. In the control group, the mean scores for the 3
aspects were 2.68, 2.49, and 2.49, respectively. After 3 months
of the mHealth app intervention, the mean scores for the three
aspects increased in the intervention group to 3.02, 2.95, and
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3.01, respectively. All three aspects of app acceptability

significantly increased after the intervention (P<.01, Table 5).

Table 5. Acceptability of the mHealth app by patients based on the Science and Technology Acceptance Model scale.
Variable

a

Before

After

Control group, mean Experimental group, P valuea
(SD)
mean (SD)

Control group, mean Experimental group,
(SD)
mean (SD)

P valueb

Intention to use

2.68 (1.12)

2.54 (1.05)

.52

N/Ac

3.02 (0.87)

.002

Perceived usefulness

2.49 (1.14)

2.52 (1.09)

.90

N/A

2.95 (0.99)

.004

Perceived ease of use

2.49 (1.04)

2.32 (0.77)

.37

N/A

3.01 (0.90)

<.001

Independent t test with P value was used to identify statistical differences between the experimental group and the control group.

b

Paired t test with P value was used to identify statistical differences before and after the mHealth app intervention.

c

N/A: not applicable.

Discussion
Principal Findings
Previous studies showed that the physical function and oral
function of oral cancer patients deteriorates significantly 3
months after surgery, accompanied by poorer body image and
less social contact [9]. Birur et al [27] used a remote
mHealth-based approach to establish an effective oral cancer
screening program and found that the intervention could improve
the efficiency of early detection of oral cancer. In addition, an
intervention with a personalized mobile phone–based
self-management app could improve outcomes for patients
taking oral anticancer medications [28]. In particular, education
and information received through mHealth apps has been shown
to improve prevention and posttreatment outcomes in various
clinical situations [19]. In addition to supporting these studies,
this study further showed that compared with routine health
care and instruction, the education/information intervention
provided by the mHealth APP indeed reduced care needs; the
study also showed that patients had a higher degree of
acceptance of using mobile devices to learn about and manage
their disease.
Quality of life scores have been linked to predicted survival of
head and neck cancer patients [32]. Initiating supportive care
as early as possible, with measures such as encouraging optimal
nutritional intake and improving oral function by reducing
symptoms, can help improve the quality of life of head and neck
cancer patients after surgery [2]. In this study, although the
results were not statistically significant, patients reported
improved quality of life after the mHealth app intervention. We
note that quality of life is a long-term state, and more than three
months may be needed to observe statistically significant
differences between control and intervention groups, as in other
studies [33]. In this study, the intervention lasted only 12 weeks;
thus, further investigation is needed to determine the ideal
intervention time to measure the differences in outcomes.
Interestingly, most patients in the control group claimed that
they had received medical care and sufficient information from
the medical staff; however, more than half of these patients
stated during revisits that they had forgotten or only remembered
part of this information. This result may be partly due to the
fact that the health education leaflets provided by the nursing
http://mhealth.jmir.org/2020/7/e18132/
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staff are not easy to carry around or that the contents are
relatively boring (patients’ statement), which may have reduced
patients’ willingness to read the leaflets. In contrast, the mHealth
app can enable patients to immediately access information on
their medical condition, medications and dosages, or changes
in symptoms whenever they want. It can also provide a useful
reminder system to help patients manage their treatment
schedules [33].
In general, patients with oral cancer require chemotherapy or
radiotherapy in addition to surgery. However, most patients are
very unfamiliar with and fearful of subsequent chemotherapy
and radiotherapy; also, they may be concerned about the side
effects of these treatments. Therefore, patients will want to
understand their disease during treatment, strive for self-care,
adapt to life changes as early as possible, and understand the
disease response strategies appropriate to their situation [3].
Patients undergoing cancer treatment report high levels of
physical care needs [34]. In the present study, the mHealth app
intervention did reduce the physiological needs, psychological
needs, communication needs, and care support needs of patients
who received it more than the routine health care and instruction
provided by nurse caregivers. However, compared to the control
group, the health information needs in the intervention group
did not improve (–3.29 vs –0.14). This result may have occurred
because when patients found they could obtain more health
information from the app, their demand for health information
also grew. When refining the mHealth app, more questionnaires
should be used to determine the needs of patients for other health
information content, particularly at different points in disease
progression.
Before using the mHealth app, the acceptance of such apps in
the 2 groups of patients was low; however, the scores for the
three acceptance variables (intention to use, perceived
usefulness, and perceived ease of use) all increased significantly
after 3 months of the mHealth app intervention. This result
indicates that familiarity with the mHealth app reduced the
uncertainty and increased the acceptance of using it. Similarly,
other studies have found that well-designed smartphone apps
help to enhance compliance with oral anticancer medications,
even for patients who were not previously compliant [19,27,33].
A nurse-led prechemotherapy education intervention (ChemoEd)
using DVDs for pretreatment consultation also demonstrated
that a DVD-based intervention can significantly reduce the
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incidence and severity of sensory, psychological, and procedural
concerns as well as of vomiting [14]. A review study also
supported our findings that technology-based interventions can
have positive effects on pain, depression, and quality of life in
cancer patients [19]. The results of this and the above studies
indicate that mHealth app interventions may also provide health
education benefits for postoperative oral cancer patients.

Limitations and Recommendations
The present study has several limitations. Due to time
constraints, the number of trained researchers, budget
constraints, and other factors, patients could only be followed
for 3 months. Despite the positive results observed during this
period, we recommend conducting longer intervention studies
in the future, such as those including 3-month, 6-month,
9-month, and 12-month intervals. We believe that some
statistically insignificant results will improve if the study is
expanded to a longer time frame (eg, psychological needs and
communication needs). In addition, all the oral cancer patients
in this study were recruited from one medical center. Therefore,
the results may not be applicable to oral cancer patients from
other medical centers or patients treated at nonmedical centers.
In the future, patients from different medical centers or

Wang et al
nonmedical centers should be included. In addition, treatment
plans for each patient can be included in the analysis to provide
researchers with an understanding of the association of treatment
plans with the care needs of postoperative patients. Based on
participants’ feedback, rehabilitation videos and oral cancer
support groups provided the most useful information, and the
participants suggested that doctors and nursing staff should be
invited to join the mHealth app to provide immediate
consultation.

Conclusions
An mHealth app intervention can significantly reduce
physiological needs in postoperative oral cancer patients, and
use of the mHealth app was highly accepted by patients. These
data may also provide health care professionals with a better
understanding of the optimal course of patient care after surgery.
The main results of this study indicated that the mHealth app
can be easily incorporated into routine care of postoperative
oral cancer patients to conveniently provide medical information
and improve patients’ self-management abilities, thereby
reducing their physiological care needs and promoting better
health.
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Abstract
Background: To realize the potential for mobile learning in clinical skills acquisition, medical students and their teachers should
be able to evaluate the value of an app to support student learning of clinical skills. To our knowledge, there is currently no rubric
for evaluation of quality or value that is specific for apps to support medical student learning. Such a rubric might assist students
to be more confident in using apps to support their learning.
Objective: The objective of this study was to develop an instrument that can be used by health professional educators to rate
the value of a mobile app to support health professional student learning.
Methods: Using the literature, we developed a list of potential criteria for the evaluation of educational app value, which were
then refined with a student group using a modified nominal group technique. The refined list was organized into themes, and the
initial rubric, Mobile App Rubric for Learning (MARuL, version 1), was developed. iOS and Android app stores were searched
for clinical skills apps that met our inclusion criteria. After the 2 reviewers were trained and the item descriptions were refined
(version 2), a random sample of 10 included apps, 5 for each mobile operating system, was reviewed. Interitem and interrater
analyses and discussions with the reviewers resulted in refinement of MARuL to version 3. The reviewers completed a review
of 41 clinical skills mobile apps, and a second round of interitem and interrater reliability testing was performed, leading to version
4 of the MARuL.
Results: Students identified 28 items (from an initial set of 144 possible items) during the nominal group phase, and these were
then grouped into 4 themes: teaching and learning, user centered, professional, and usability. Testing and refinement with reviewers
reduced the list to 26 items. Internal consistency for MARuL was excellent (α=.96), and the interrater reliability as measured by
the intraclass correlation coefficient (ICC) was good (ICC=0.66).
Conclusions: MARuL offers a fast and user-friendly method for teachers to select valuable apps to enhance student learning.
(JMIR Mhealth Uhealth 2020;8(7):e18015) doi:10.2196/18015
KEYWORDS
questionnaire design; medical education; health occupations students; just-in-time learning; self-directed learning; mobile phone;
rubric; mobile learning; mobile apps; mhealth; digital learning
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Introduction

medical student learning. Such a rubric might assist students to
be more confident in using apps to support their learning.

Background

App Evaluation Rubrics

Smartphones and tablets have made mobile learning an
important component of education, enabling learning anywhere,
at any time, using mobile apps [1]. Most education apps have
specific functions or aims, such as providing resources for
reference while learning or in practice, learning activities and
games, or organizing activities related to learning. Apps can be
found by keyword search in the app stores (eg, Google Play
Store, iOS App Store), through recommendations, or within
app store–determined categories [2].

Most multidimensional app evaluation rubrics include both
user-centered features (eg, engagement) and technology-centered
features (eg, functionality) [10]. Although the model for
education app evaluation by Lee and Kim [12] emphasizes
teaching and learning, it also recognized the need for a
technologically stable app, with “quick interactions (fast loading
times) and error-free stability” [12]. It was concluded that factors
must be considered together because they are interdependent
in nature rather than independent. Stoyanov et al [10] also
emphasized the importance of considering multiple features of
an app to increase the objectivity and reliability of an app
evaluation scale.

In medical education, the use of apps for reference and learning
on the go (just in time) for ongoing professional development
is widespread [1,3]. However, previous work suggests that
medical students may still prefer textbooks and lectures as a
learning resource [4,5] and predominantly use apps for reference
and revision [1,3,4,6]. Although the determinants of preference
for textbooks have not been explored, there may be barriers to
finding apps that are both relevant and valuable for student
learning [5]. Within app stores, star ratings and reviews are the
main indicators of app quality or value; however, these can be
subjective and only relevant if the reviewer has needs and
expectations similar to the potential app user [7,8]. Furthermore,
a search of medical apps reveals a very large number of potential
apps to choose from and many that have not received enough
reviews to get a rating. Owing to the number of options to
choose from, and the lack of good quality guidance to inform
their choices, students may not be accessing and using apps that
could support their learning. Providing a standard way of
evaluating apps for medical education may improve students’
ability to find or identify apps to support their learning.

Evaluating Apps
To avoid the app overload caused by the increasing number of
apps in the app stores, potential app users are recommended to
use the literature to identify valuable apps [2,9,10]. There is
evolving literature aiming to identify apps for health conditions;
to support self-management, education, or behavior change
[11,12]; and to evaluate app quality [10,13]. To date, similar
literature in education has focused on apps for use by teachers
working with students with learning disabilities [14] or
preschool student learning [15]. In addition to providing curated
lists of apps, this literature often evaluates app quality with
instruments that include some generic aspects of proposed
quality; for example, a component to evaluate the suitability of
design and aesthetics. However, these rubrics also have
components or domains specific to the type or main function
of an app. For instance, the evaluation rubric for health care
smartphone apps by Jin and Kim [11] emphasizes the input of
medical experts and the developers’ citing of authoritative
sources. In comparison, the rubric by Lee and Kim [12] for
evaluating educational apps emphasizes the teaching and
learning component of an app. When developing a rubric to
evaluate apps, a balance between general and specific criteria
is needed to ensure that the rubric is both reliable and objective
[10]. To our knowledge, there is currently no rubric for
evaluation of quality or value that is specific for apps to support
https://mhealth.jmir.org/2020/7/e18015
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An additional factor that is relevant for health-related mobile
apps is the credibility of the app content. Having apps with
evidence-based approaches to health should minimize the risk
of harm and promote safe application of knowledge by app users
[16-18]. In the medical education setting, for example, when
learning clinical skills, it is critical to learn skills that are
relevant and accurate in the local health care environment. Apps
that focus on clinical skills—that is, apps supporting learning
of history taking, examination, communication, or
procedures—provide opportunities for just-in-time learning in
clinical settings where textbooks are not available, making apps
supporting acquisition of clinical skills a good test case for the
development of an app evaluation rubric.

Purpose and Research Question
To realize the potential for mobile learning in clinical skills
acquisition, medical students and their teachers should be able
to evaluate the value of an app for supporting the learning of
clinical skills. Our aim was to develop a rubric that can be used
by staff to evaluate the value of apps for learning the clinical
skills of history taking, examination, communication, or
procedures so that recommendations can be made to students.
The initial research question was as follows: “What key domains
of value need to be included in a reliable measure that teachers
can use to rate mobile apps for just-in-time learning?”

Methods
Overview
The development of evaluative rubrics for apps uses some or
all of the following steps. A literature search is completed to
identify previous literature with quality evaluation criteria,
followed by a discussion among topic experts to group criteria
and develop scale items [10]. A survey or focus group is
conducted to gain expert opinion on the relevance of items
generated from the literature search [12]. Users and experts
evaluate apps with the draft rubric to test its reliability and
validity [11,12], with items in the rubric refined accordingly.
Many rubrics are structured using overarching factors with
relevant subterms to clarify and give examples [10,11,19].
We undertook a literature review to identify potential rubric
items, which were evaluated by a group of medical students
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18015 | p.922
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using a modified nominal group technique. The performance
of the preliminary rubric was then evaluated by clinical and
education experts for use with clinical skills apps, which were
identified using a comprehensive search strategy in Google Play
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and iTunes app stores. The rubric was then refined through
expert feedback and statistical analysis using the classical test
theory (Figure 1).

Figure 1. Process for developing the Mobile App Rubric for Learning. MARuL: Mobile App Rubric for Learning.

Definitions
We defined value as referring to an object that is perceived to
have utility in meeting short- or long-term goals [20].
Just-in-time learning is defined as a method of learning that is
https://mhealth.jmir.org/2020/7/e18015
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driven by the learner, when and where they require it [21]. With
this definition, the learner anticipates learning and performance
requirements rather than responding to them [21]. Just-in-time
learning occurs temporally close to a clinical learning encounter,
for example, with a mobile device [22,23]. Clinical skills apps
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are those that include opportunities to learn and improve history
taking, examination, communication, or procedures [24]. A
rubric is a scoring method that uses evaluative criteria with
quality definitions and a clear scoring strategy to determine the
quality of the global concept being scored [25].

Development of Potential Rubric Items
A literature review was undertaken to identify criteria previously
used to evaluate the quality of mobile apps for education. An
expert librarian conducted a literature search on Scopus,
MEDLINE, and Google Scholar (between August 14 and 21,
2018) using search terms related to the evaluation of educational
mobile apps using evidence-based methods (Textboxes 1-4).
After duplicates were removed, the records were exported into

Gladman et al
Rayyan QCRI (Qatar Computing Research Institute), a
cloud-based method for completing systematic reviews of the
literature [26], and 4 educational experts (TG, SR, SG, and RG)
independently reviewed the titles and abstracts of the records
to identify articles that potentially met the inclusion criteria.
The inclusion criteria used were as follows: clear descriptions
of the concepts, list, or rubric for the evaluation of app quality;
reliability or validity testing of the method of evaluation; and
the evaluation was for educational mobile apps, which we
defined as apps whose primary purpose was to support the
education of any population. Articles were excluded if they
were literature reviews or they described a framework for
evaluation without describing a specific measure. Articles were
included if 3 or more reviewers agreed on their relevance.

Textbox 1. Device related literature search terms.
•

app

•

smart*

•

phone*

•

cellular

•

smartphone

•

smart phone

•

mobile

•

tablet

Textbox 2. Action related literature search terms.
•

evaluat*

•

assess*

•

apprais*

•

measure*

•

validat*

•

test*

•

determine*

•

measur*

Textbox 3. Measure related literature search terms.
•

criteria

•

checklist*

•

rubric*

•

framework*

•

quality

•

useful*
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Textbox 4. Teaching and learning related literature search terms.
•

educat*

•

learn*

•

teach*

•

student*

•

education*

•

learning*

•

educate

The full texts of all identified relevant articles were reviewed
in detail by a reviewer (GT), and the concepts or terms that
measure or assess app quality were extracted along with
definitions. The extracted terms and definitions were then
grouped and organized by GT, a medical student representing
the end user for the rubric, and TG, an academic with expertise
in electronic learning (e-learning) and educational psychology.
Overarching concepts (called categories) were identified and
related terms were grouped together within the concepts. For
instance, use without an internet connection was grouped with
platform, syncing, updates, and compatibility under the concept
of technical specifications. Similar terms were merged.

Students were then given an opportunity for discussion before
the first round of voting. Students voted on item inclusion in
the final list using the options keep, unsure, and discard. Overall,
7 or more votes for the same option were considered a majority.
Items that did not receive a majority vote were recorded and
discussed before the next voting round. In the second round,
students were encouraged to vote keep or discard but still had
the option of unsure. In the second and third rounds, having 6
or more votes was considered a majority. In the third round,
only options keep and discard were allowed. Results from each
round were recorded by a group facilitator, whereas the leader
facilitated group discussions and answered questions.

Nominal Group Technique

Development of Rubric

A convenience sample of 10 medical students, recruited using
targeted invitations, participated in a nominal group held at the
University of Otago Wellington, School of Medicine, on
December 6, 2018. Ethical approval was obtained from the
Otago Human Ethics Committee, reference number D18/337,
and written consent was obtained from the students.

The terms chosen by the nominal group made up the preliminary
rubric, which we named Mobile App Rubric for Learning
(MARuL). Two authors (TG and GT) grouped the terms into
themes separately, and then came together to discuss final
category names and grouping of terms, with subterms used to
develop descriptors for the scale.

In the nominal group technique, group interaction is facilitated
by the leader and verbal interaction is restricted to a discussion
between the leader and participants with no discussion between
participants [27]. The technique is particularly useful in ensuring
that all members of a group are heard. This makes it an ideal
method in a group where there are varied levels of experience
with the topic under discussion. Ranking of ideas occurs using
votes or a Likert-type scale [27]. A voting system with a
predetermined maximum of 3 rounds of voting was used after
the initial ranking of terms. Limited voting was chosen to reduce
the possibility of participant fatigue [28].

App Search

Students were asked to review the refined list of terms/concepts
for app evaluation (with definitions) and indicate their top 20
terms on a ranking sheet without discussion. They were also
asked to add any important missing terms or concepts. Each
student then in turn stated a term on their list not previously
offered by a student, which was recorded by the leader. This
continued until all terms from each student’s top 20 had been
recorded.
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The search of the iOS and Google Play stores for clinical skills
apps was undertaken from January 15 to February 1, 2019. The
search was conducted based on the Preferred Reporting Items
for Systematic Reviews and Meta-analyses guidelines for
systematic reviews, with search terms confirmed by discussion
(GT, TG, and RG) after preliminary searches (Textbox 5)
[29,30]. The inclusion criteria were as follows: available in
English; includes at least one of the keywords in the title or
description; includes an interactive element requiring some form
of user input; target audience includes medical students; and
support for iOS 10 or later/Android version 7 or later. The
exclusion criteria were as follows: priced over NZ $10.00 (US
$6.30) for a one-off price or monthly subscription (based on
expected student willingness to pay); reference-only apps
(passive with no student input); designed for staff-only use in
formative or summative assessment contexts; were a
complement to other software (not standalone; requires a
log-in/sign up).
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Textbox 5. App search terms.
•

clinical skills

•

OSCE

•

objective structured clinical examination

•

medical history taking

•

clinical history taking

•

patient history

•

medical examination

•

physical examination

•

clinical examination

•

clinical exam

•

physical exam

•

medical exam

•

planning and explaining

•

patient education

A data screening and extraction spreadsheet was developed and
refined by 2 authors (GT and TG) using Airtable [31]. The app
search of the iOS and Google Play Store was conducted
independently by 2 authors (GT and TG). Apps were screened
based on their title and the description in the app store. App
name, developer, operating system, reviewer, and inclusion
decision were recorded for all screened apps. For the excluded
apps, the first identified exclusion criterion was recorded. GT
and TG then reviewed all the apps with discrepant decisions
and reached a consensus through discussion.

Testing and Refinement of the Rubric
To initially test the reliability of the MARuL, we developed a
protocol based on previous research [10,30] and trialed this with
a randomly chosen subset of 10 apps included from the search.
The 10 randomly selected apps, 5 Android apps and 5 iOS apps,
were downloaded between May 20 and 22, 2019. The iPhones
used were iPhone 6 and 6 plus running iOS 12.3.1. The Android
phones were Samsung Galaxy J1Ace running Android 5.1.1.
Following the initial testing, we refined the rubric and completed
reliability testing with the remaining included apps identified
in our search of the app stores. Trialing of the rubric with clinical
skills apps was completed independently by 2 authors: (1) a
hospital-based junior doctor (3 years postgraduate) training in
internal medicine (JM) and (2) the e-learning facilitator for the
clinical years at a different campus of our medical school (SG).
The first reviewer was able to review the apps from the point
of view of a near-peer teacher of medical students, whereas the
second reviewer reviewed from the point of view of a learning
expert with over 10 years of experience in medical education.
For training, the reviewers first used the MARuL to evaluate a
previously excluded app, Clinical Skills by George Sim on iOS.
The app was excluded because of a lack of interactive elements.
The 2 reviewers each downloaded the app on an iPhone running
iOS 12.2, tested the app features for 10 min and then
independently evaluated the app using the MARuL. Following
their review, they met with TG via videoconferencing to discuss
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their scoring of the app and ensure their understanding of the
rubric items and process.
Once the reviewers (JM and SG) had a clear understanding of
the items and process for reviewing the apps, they each
downloaded the same 5 randomly selected apps for both mobile
operating systems. They independently spent a minimum of 10
min using each app before evaluating the app with the MARuL.
MARuL ratings for each app and time taken to complete
MARuL rating were collected using Qualtrics (Qualtrics, Provo,
UT) [32,], downloaded to an Excel spreadsheet, and analyzed
using RStudio and appropriate packages [33-36].
Internal consistency and interrater reliability were calculated,
and then a discussion was held via videoconferencing to review
discrepancies in scoring on the rubric and identify any
refinements required to the items of the MARuL. The MARuL
was then revised to rewrite some of the descriptors and remove
an item that was considered redundant by the reviewers. The
remaining apps were then independently trialed and evaluated
using the revised MARuL.
We calculated the internal consistency of the categories and the
overall value measure using Cronbach alpha. Cronbach alpha
measures how interrelated a set of items in a scale are, with
scores ranging from 0 to 1, and higher scores indicating a
stronger interitem relationship [37]. Interrater reliability of the
categories and overall value measure was calculated using the
intraclass correlation coefficient (ICC). The ICC measures how
much of the difference between sets of scores is because of
measurement error, and it ranges from 0 to 1, with higher scores
indicating stronger interrater reliability [38].

Results
Rubric Items
The literature search yielded 193 unique articles. After reviewing
the titles and abstracts, 134 articles were eliminated.
Furthermore, 8 articles were removed following full-text review.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18015 | p.926
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From the remaining 51 articles, 144 quality criteria were
extracted, including main and descriptive subterms, 69 of which
were main terms. After the consensus discussion and deletion
of overlapping items and organization, a list of 36 main terms
from 46 articles remained. (Multimedia Appendix 1 has the full
list of terms and references).

Nominal Group
The nominal group had 10 students (6 female and 4 male) who
had completed 2 years (n=2), 3 years (n=1), or 4 years (n=7) of
medical school. Among them, 6 students identified as New
Zealand European/Pākehā, 3 as Māori, and 1 as Sri Lankan.
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The nominal group ranking produced a list of 35 of the 36 terms;
the only term excluded from voting was “product description.”
Following the first vote, 18 items were kept and 17 were to be
voted on again. The second vote on the 17 terms resulted in 10
being kept, 3 discarded, and 4 to be voted on again. After the
third vote, 1 term was discarded and 3 received an equal number
of keep and discard votes. These terms were “sharing,”
“motivation,” and “self-directedness.” The final list of terms
voted on by medical students included 28 items. Table 1 shows
the initial set of items and the outcome of the initial ranking
and 3 voting rounds.
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Table 1. Outcome of nominal group votes.
Term

Initial ranking

First round of vote

Second round of voting

Third round of voting

Satisfaction

Yes

Keep

—a

—

Ease of use

Yes

Keep

—

—

Perceived usefulness

Yes

Keep

—

—

Information quality

Yes

Keep

—

—

Functionality

Yes

Keep

—

—

Engagement

Yes

Keep

—

—

In line with professional standards

Yes

Keep

—

—

Relevance to course

Yes

Keep

—

—

Credibility of developers

Yes

Keep

—

—

Privacy of information

Yes

No decision

Discard

—

Cost

Yes

Keep

—

—

Advantage of using app

Yes

Keep

—

—

Efficiency

Yes

Keep

—

—

Instructional features

Yes

No decision

Keep

—

Capacity to generate learning

Yes

Keep

—

—

Aesthetics

Yes

No decision

Keep

—

Quantity of information

Yes

No decision

Keep

—

User ratings

Yes

No decision

Discard

—

Intention to reuse

Yes

Keep

—

—

Technical specifications

Yes

Keep

—

—

Feedback

Yes

No decision

Keep

—

Pedagogy

Yes

Keep

—

—

Perceived enjoyment

Yes

No decision

No decision

Discard

Perceived importance

Yes

No decision

Keep

—

Subjective quality

Yes

No decision

Keep

—

Sharing

Yes

No decision

No decision

No decision-Discard

Motivation

Yes

No decision

No decision

No decision-Discard

Transparent

Yes

No decision

Keep

—

User experience

Yes

Keep

—

—

Purpose

Yes

No decision

Keep

—

Self-directedness

Yes

No decision

No decision

No decision-Discard

Playfulness

Yes

No decision

Discard

—

Lack of ads

Yes

Keep

—

—

Differentiation

Yes

No decision

Keep

—

User interactivity

Yes

No decision

Keep

—

Product description

No

—

—

—

a

The decision taken at each round of voting is shown. The voting round where a Keep or Discard decision is made ends the decision making for that
item.

Development of Rubric
The 28 items on the list determined by the student nominal
group were grouped by 2 authors (GT and TG) into 4 themes
based on their similar definitions and the aspects of value they
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appeared to measure. The categories formed were user-centered
measures (n=7), teaching and learning measures (n=9),
professional measures (n=4), and usability measures (n=8).
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Each category consists of a set of items that are described by
posing questions for the user to consider. The questions were
developed using definitions for the terms (written by GT) and
the authors’ perspective on what was most important with regard
to that measure. After consulting the literature, a 5-point
Likert-type scale was chosen as the rating tool (0=does not
fulfill the item requirements, 1=poorly fulfills requirements,
2=somewhat fulfills requirements, 3=mostly fulfills
requirements, and 4=fully meets requirements) with the
descriptors for each point on the scale written to answer the
item questions. The rubric scale descriptors were developed by
2 authors (TG and GT) with reference to the literature. Some
items were adapted from other rating scales such as the Mobile
App Rating Scale (MARS) [10], and these are clearly
acknowledged on the final rubric (Multimedia Appendix 2).
Scores for each item on the initial rubric are added to give a
total score out of 112. Scores are used to classify apps as not at
all valuable (<50), potentially valuable (51-69), and probably
valuable (>69).

App Search
A total of 1291 iOS apps and 4190 Android apps were screened
by title and description in the Apple and Google Play Stores,
respectively. In iOS, 81 apps from 14 search terms (Textbox 5)
were identified before removal of duplicates. After removal of
duplicates, 35 unique apps were included for evaluation. For
Android apps, the search terms identified 106 apps, of which
29 were unique. Apps found by only 1 researcher were not
included because of concerns about the consistency of access
to the app using typical search criteria. This gave a total of 64
apps with which to test the MARuL rubric.

Reliability Analysis
Initial testing and review of the rubric using the 10 selected
apps occurred between June 18 and 22, 2019. One of the
Android apps was unable to be tested by one of the reviewers
as it did not run after installation on the device provided for
testing and was excluded from further analysis.
Cronbach alpha for the overall value was excellent (α=.95), and
for each of the categories was acceptable to excellent
(α=.78-.96). The ICC for overall value was good (ICC=0.81)
and moderate to good for each of the categories
(ICC=0.71-0.85).
Pearson
correlations
showed
moderate-to-strong correlations between the categories
(r=0.49-0.91; Table 2). Through analysis and discussion with
the reviewers, a further refinement of the descriptors of 5 of the
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items was completed and 1 item (transparency) was removed
from the professional category. In addition, 2 further items (cost
and advertisements) in the usability category were considered
for removal because of poor statistical performance, but the
reviewers felt they should remain as they were likely to be of
more immediate concern both to students and to those
individuals considering the value of apps for learning. Figure
2 shows the process of development of the MARuL rubric from
the initial rubric to the final version.
Version 3 of the MARuL rubric, tested with the remaining 54
apps, consisted of 27 items across 4 categories: user-centered
measures (n=7), teaching and learning measures (n=9),
professional measures (n=3), and usability measures (n=8). The
54 remaining apps were downloaded and tested between July
29 and October 8, 2019. Of the 54 apps for which testing was
attempted, only 46 (25 iOS and 21 Android) could be tested
completely for review. As the search took place, 7 apps were
removed from their respective app stores and 1 app had updated
to require sign up, one of the exclusion criteria, to be used.
However, as 41 apps was the minimum sample size needed to
determine interrater reliability with 90% assurance, analysis
was continued [37].
The mean time to complete the MARuL rubric for each app was
8 min (SD 0.69). The 2 reviewers showed completion times
ranging from 1 to 25 min (JM) and 1 to 33 min (SG). The
median review time for each reviewer was 6.6 min (JM) and
4.1 min (SG). The discussion with the 2 reviewers indicated
that in a small number of cases, there were challenges in
evaluating the app, including difficulties with installation or
using the app, which accounted for the longer evaluation times.
Cronbach alpha for the overall value was excellent at .96. The
categories showed good-to-excellent internal consistency
(α=.70-.96). Pearson correlations between the categories were
moderate to strong (r range 0.58-0.90). Interrater reliability was
also fair to good, with an overall value ICC (2-way) of 0.66 and
categories with ICC ranging from 0.45 to 0.75.
From the internal consistency results, it was determined that
the item for cost was performing in the reverse of its expected
direction and did not add useful information to the usability
category. It was removed from the rubric, leaving the usability
category with 7 items, and the analyses were rerun. With cost
removed, the alpha for the usability category improved from
.70 to .82 (see Table 3 for full details of all categories).
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Table 2. Reliability statistics for the initial version of the Mobile App Rubric for Learning after review of 10 apps.
Rubric categories

a

Intraclass correlation coefficient scorea Cronbach αb

Pearson rc
Teaching and learning User centered

Professional

Usability

Teaching and learning 0.85

.89

1.00

0.91

0.83

0.72

User centered

0.78

.96

N/Ad

1.00

0.72

0.71

Professional

0.71

.87

N/A

N/A

1.00

0.49

Usability

0.71

.78

N/A

N/A

N/A

1.00

Column 1 presents the interrater reliability scores for each category.

b

Column 2 presents the interitem consistency for each category.

c

Columns 3 to 6 present the correlations between categories presented in the top right half of the table only.

d

N/A: not applicable.

Figure 2. Rubric development process. MARuL: Mobile App Rubric for Learning.
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Table 3. Item statistics by category for final version of the Mobile App Rubric for Learning.
Category and item

Cronbach α

Values, mean (SD)

Teaching and learning

.91

12.82 (6.93)

Purpose

.75

2.33 (1.35)

Pedagogy

.83

1.97 (1.27)

Generates learning

.90

1.61 (1.05)

Quantity of information

.85

1.80 (1.39)

Relevance to study

.88

1.90 (1.04)

Instructional features

.76

1.15 (1.21)

User interactivity

.57

1.29 (0.95)

Feedback

.40

0.76 (0.88)

Efficiency

.93

1.42 (1.16)

User centered

.96

10.89 (7.17)

Subjective quality

.93

1.24 (1.13)

Satisfaction

.95

1.51 (1.23)

Perceived usefulness

.92

1.65 (1.15)

Perceived importance

.90

1.47 (1.03)

User Experience

.81

2.18 (1.00)

Intention to reuse

.94

1.33 (1.22)

Engagement

.91

1.52 (1.12)

.74

5.94 (3.40)

In line with standards

.79

2.46 (1.02)

Credibility

.82

2.94 (1.60)

Information quality

.83

1.43 (1.54)

.82

16.47 (4.49)

Aesthetics

.83

2.47 (0.93)

Functionality

.70

3.01 (0.94)

Differentiation

.76

1.40 (0.87)

Ease of use

.70

2.92 (0.80)

Advertisements

.36

3.73 (0.86)

Technical specifications

.61

1.23 (0.99)

Advantage of app

.87

1.71 (1.07)

Professional

Usability

The final version of the MARuL rubric (version 4) is provided
in Multimedia Appendix 2.

Discussion
Principal Findings
The rigorous development of the MARuL has provided a robust
and reliable instrument that can be used by medical students
and their teachers to evaluate the value of apps to support
just-in-time medical student learning. Potential rubric items
were identified from a literature search; and medical students,
the end users, identified relevant items via a structured nominal
group technique. The preliminary instrument was refined,
directed by analysis of internal consistency and interrater
reliability, and the final MARuL instrument showed acceptable
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reliability and usability. Although rubrics for the evaluation of
education and health apps are common, they tend to be generic
[11,12]. We have developed a specific instrument for evaluating
the value of medical education apps for learning.
We took a multidimensional approach to developing the MARuL
in line with guidance from the literature to date [10,12]. Where
appropriate, we adapted items, with acknowledgment, from
extant instruments like the MARS. The MARS is a
literature-informed, rigorously developed instrument that is
widely used in the evaluation of health apps [10]. Our rubric
measures the overall value of an app and represents the overall
and category scores. This allows evaluation of how the app
performs in different domains of value. To our knowledge, the
use of multiple items to assess professional measures is unique
to this rubric; medicine emphasizes the importance of a credible
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18015 | p.931
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and reliable source of information when informing student
learning or patient education. The other 3 categories—teaching
and learning, user centered, and usability—are common among
evaluative measures [11,12]. These were included in the rubric
because students agreed that they address aspects of apps that
contribute to valuable student learning. During testing for the
internal consistency of each category of the MARuL, cost was
observed to be negatively related to the other items in the
usability category. That is, apps with a high cost received a low
score for the item, as students were less likely to pay for more
expensive apps, but a high cost was related to high scores for
other usability items. Cost remains an important consideration
when choosing an app for student learning, as a lower cost is
desirable, for individual students or institutional purchase, but
a balance must be maintained between cost and other aspects
of usability. Therefore, cost is captured in the basic information
about each app (Multimedia Appendix 2), which is also the
approach taken in the MARS [10].
The strength of this design is our focus on the end users, medical
students, as the main source of input in the development of this
rubric. This contrasts with most measures that rely on experts
in education and technology to develop rubrics for evaluating
apps [10,19]. Although special expertise is important when
developing an accurate and reliable rubric, we believe the user
voice is as important, if not more so, to ensure that the rubric
is fit for purpose. Using a modified nominal group technique
and student participants, we were able to confirm that the current
literature surrounding evaluation of apps corresponded to student
ideas about what made apps valuable to them in their learning.
It also gives the user ownership of the means to evaluate the
value of the technology they will be accessing.
Just-in-time learning is a common practice used by medical
students in both the clinical environment and study situations
[39]. Just-in-time learning especially relates to clinical skills,
as medical students are constantly refining their history taking
and physical examination skills with peers, in simulated clinical
encounters, and with real patients. At an average of 8 min to
complete after trialing an app, the MARuL rubric is easy to use
and provides a fast evaluation of apps for learning.

Limitations
Although care was taken in the development and implementation
of this project, there were some potential limitations. One
researcher (GT) reviewed the final set of articles generated from
the literature search to develop the list of potential evaluation
criteria. As many articles were included, this was a large task,
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and it is possible that potential evaluation terms were overlooked
and not extracted. Having two researchers consult the literature
would have minimized this possibility; however, the number
of terms extracted and their overlap, plus the nominal group’s
lack of additions during the initial ranking of terms, gives us
confidence that the evaluation terms extracted from the literature
search was comprehensive.
The recruitment of students to the nominal group was by
convenience sampling. Research team members asked students
to participate in the group. Every effort was made to recruit a
variety of students, but the timing of the nominal group in the
summer holidays limited the number of students available to
take part. A related potential limitation is that students in the
nominal group may not have felt confident in rejecting many
of the criteria found during the literature review because of
concerns around power and hierarchy. However, this was
mitigated by having a medical student researcher facilitate the
nominal group with another research team member, with no
direct effect on student assessment, acting in a support role.
Finally, there are potential limitations because of the smaller
than anticipated number of apps reviewed to complete the
reliability testing. However, although eight apps identified in
the original search were no longer available at the time of rubric
testing, the total number reviewed was still acceptable for
reliability analysis.

Next Steps
Our next steps for this research include further refinement of
the rubric and construct validity testing to compare the MARuL
with measures that evaluate health-related apps and
education-oriented apps to measure convergent and discriminant
validity. We have also adapted the language to create a student
version of the rubric and plan to use it to look at the relationship
between student evaluation of app value and teacher evaluation
of app value. Finally, we believe that with minor changes to the
language of some of the items, the rubric can be used with other
types of health professional learning apps, for example, apps
that focus on student learning of orthopedic skills.

Conclusions
The MARuL is a quick and user-friendly method that teachers
can use to evaluate the value of an app for just-in-time learning.
Through the inclusion of both experts and student stakeholders
in the development process, it should be a robust method for
teachers to use when deciding whether to download an app to
recommend to students for just-in-time clinical skills learning.
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Abstract
Background: Recent advancements in wearable sensor technology have shown the feasibility of remote physical therapy at
home. In particular, the current COVID-19 pandemic has revealed the need and opportunity of internet-based wearable technology
in future health care systems. Previous research has shown the feasibility of human activity recognition technologies for monitoring
rehabilitation activities in home environments; however, few comprehensive studies ranging from development to clinical
evaluation exist.
Objective: This study aimed to (1) develop a home-based rehabilitation (HBR) system that can recognize and record the type
and frequency of rehabilitation exercises conducted by the user using a smartwatch and smartphone app equipped with a machine
learning (ML) algorithm and (2) evaluate the efficacy of the home-based rehabilitation system through a prospective comparative
study with chronic stroke survivors.
Methods: The HBR system involves an off-the-shelf smartwatch, a smartphone, and custom-developed apps. A convolutional
neural network was used to train the ML algorithm for detecting home exercises. To determine the most accurate way for detecting
the type of home exercise, we compared accuracy results with the data sets of personal or total data and accelerometer, gyroscope,
or accelerometer combined with gyroscope data. From March 2018 to February 2019, we conducted a clinical study with two
groups of stroke survivors. In total, 17 and 6 participants were enrolled for statistical analysis in the HBR group and control
group, respectively. To measure clinical outcomes, we performed the Wolf Motor Function Test (WMFT), Fugl-Meyer Assessment
of Upper Extremity, grip power test, Beck Depression Inventory, and range of motion (ROM) assessment of the shoulder joint
at 0, 6, and 12 months, and at a follow-up assessment 6 weeks after retrieving the HBR system.
Results: The ML model created with personal data involving accelerometer combined with gyroscope data (5590/5601, 99.80%)
was the most accurate compared with accelerometer (5496/5601, 98.13%) or gyroscope data (5381/5601, 96.07%). In the
comparative study, the drop-out rates in the control and HBR groups were 40% (4/10) and 22% (5/22) at 12 weeks and 100%
(10/10) and 45% (10/22) at 18 weeks, respectively. The HBR group (n=17) showed a significant improvement in the mean WMFT
score (P=.02) and ROM of flexion (P=.004) and internal rotation (P=.001). The control group (n=6) showed a significant change
only in shoulder internal rotation (P=.03).
Conclusions: This study found that a home care system using a commercial smartwatch and ML model can facilitate participation
in home training and improve the functional score of the WMFT and shoulder ROM of flexion and internal rotation in the treatment
of patients with chronic stroke. This strategy can possibly be a cost-effective tool for the home care treatment of stroke survivors
in the future.
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Introduction
Stroke is a major cause of disability in adults. About 13.7 million
cases of stroke occur each year globally, but half of the patients
are unable to restore enough upper extremity function required
for daily living [1,2]. The rehabilitation required after stroke
has been limited to the first 3 to 6 months of hospitalization
following the stroke [3]. For the best recovery following stroke
and prevention of recurrence, stroke survivors need ongoing
home rehabilitation [4-7]. Previous literature has proven that
continued home rehabilitation can activate neuroplasticity in
chronic poststroke patients and result in greatly enhanced
clinical outcomes [8-10]. In addition, the need for a high-quality
home health care system is drawing greater attention with the
recent COVID-19 pandemic. The major barriers in delivering
high-quality home rehabilitation services are high cost and labor
intensiveness [11,12]. Therefore, socioeconomically deprived
people are less likely to receive high-quality rehabilitation care
and more likely to experience recurrence and poor quality of
life [13,14]. The burdensome labor of home care also puts the
care giver and receiver at risk for poor mental health and
depression [15,16].
To overcome the barriers for home rehabilitation, potential
technology-enabled solutions have been suggested. For example,
there are two kinds of technology used as solutions (vision-based
solution and wearable sensor–based solution). The vision-based
approach (eg, interactive television or Kinect) could be easier
to use since it does not require any wearing of devices [17-21].
A vision-based system can only be used within a limited range
of space, whereas wearable systems can be used anywhere,
which would be advantageous for promoting the frequency of
use [22,23].
To promote the frequency of use, we developed an upper limb
home-based rehabilitation (HBR) system using wearable sensors
embedded in a commercial smartwatch. A machine learning
(ML) algorithm implemented by a convolutional neural network
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(CNN) was used to recognize four kinds of home exercise
activities. While participants perform these home exercises, the
HBR system makes it possible to share their home exercise data
with therapists at remote locations. It helps therapists to
encourage and communicate with chronic stroke survivors.
We conducted a prospective comparative study to evaluate the
effectiveness of our HBR system. As the long-term goal of this
study, we intended to investigate the benefits of using artificial
intelligence–based HBR compared with those of conventional
therapy. Herein, we compared the clinical outcomes of an
experimental (HBR) group using the HBR system with those
of a control group performing conventional home exercises.
We hypothesized that the HBR group would show enhanced
clinical outcomes compared with the control group [24]. This
paper elaborates on the technological advancements pertaining
to the detection of home exercise activities using a smartwatch
(the ML model) and the results from a clinical trial.

Methods
Development of an HBR System
Overview of an HBR System
We implemented an HBR system that can connect patients and
therapists at a distance. Figure 1 presents an overview of our
HBR system. To make the interface simple and user-friendly,
we used a commercial smartwatch (watch style W270, LG,)
that can be connected to a personal smartphone after installing
a custom-programmed app. In our system, the smartwatch,
which includes an inertial measurement unit (IMU) sensor, sent
sensor data to the smartphone via Bluetooth communication
while patients were doing exercise. The personal smartphone
served as a platform for receiving sensor data, classifying the
data, and transmitting the results to a server computer via the
internet (Multimedia Appendix 1). The apps for the smartwatch
and smartphone were developed using the Android Software
Development Kit (Android Studio 2.3, Google).
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Figure 1. Overview of the home-based rehabilitation system.

Selection of Home Rehabilitation Exercise Tasks
We selected four exercise tasks based on bilateral movement
therapy, which is called bilateral arm training rehabilitation.
Previous literature has shown that bilateral arm training can
induce reorganization in contralateral motor networks by

interhemispheric crosstalk and evoke functional recovery of the
upper extremities in chronic stroke survivors [25,26]. As shown
in Figure 2, the following exercises were selected: (1) bilateral
shoulder flexion with both hands interlocked; (2) wall push
exercise; (3) active scapular exercise; and (4) towel slide
exercise.

Figure 2. Home rehabilitation exercises for the upper limbs. (A) Bilateral shoulder flexion; (B) Wall push exercise; (C) Active scapular exercise; (D)
Towel slide exercise.

Machine Learning Algorithm for Home Exercise
Recognition
There are various kinds of deep learning algorithms for human
activity recognition [27,28]. Among them, we selected the CNN
as it has been reported to be highly accurate in human activity
recognition and simpler than other algorithms since it does not
http://mhealth.jmir.org/2020/7/e17216/
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need feature extraction [29,30]. We made a program for building
the ML model with Python script (Python 3.5, Python Software)
and CNNs in the TensorFlow platform (Tensorflow 1.7.0,
Google).
The kinematic data structure from the IMU sensor consists of
three-axis (x, y, and z) accelerometer and gyroscope data. When
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17216 | p.938
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a patient is exercising while wearing the smartwatch, the
accelerometer and gyroscope of the IMU sensor measure
acceleration and velocity during the exercise. Since all sensor
data are in a time series sampled at 10 Hz, the entire data can
be represented by a two-dimensional matrix with a time axis

Chae et al
(horizontal) and a sensor axis (vertical) as shown in Figure 3.
We used the sliding time window method and applied a 3-second
time window according to the experimental results that
compared the performance of the ML algorithm at various time
windows [31].

Figure 3. Baseline convolutional neural network architecture.

The training data essential for implementing the ML algorithm
were obtained on the first day of the meeting. As it was difficult
to meet patients with chronic stroke due to the difficulty of
moving, we gathered the data on the same day just after
explaining about the four kinds of home exercises. Participants
were asked to repeat them 15 times in two sessions wearing a
smartwatch.
Figure 3 reflects our baseline CNN architecture. Two
convolution layers, which have 8 and 16 feature maps, are
followed by a fully connected layer that has 32 nodes. Rectified
units are employed as activation functions, and SoftMax
functions are used for evaluating the final five output node
values.
We experimented with the following two types of ML models:
a ML model built with the personal data set and another ML
model built with the total data set. The personal data set was
composed of the exercise data of the user, whereas the total data
set consisted of all participants’ exercise data including the user.
In order to evaluate the accuracy of each model, we applied a
cross-validation test.

Cross-Validation Test for Accuracy Comparison
A five-fold cross-validation test was performed to test the
accuracy of the ML model in recognizing exercise tasks. We
divided the data into one test data set and four training data sets.
The training data sets were used to build the ML model, and
the test data set was used to determine the accuracy of the ML
model built. Thus, we compared the accuracy of the model
created by personal data versus total data. Additionally, we
compared the accuracy between models based on each sensor
data (accelerometer only, gyroscope only, and accelerometer
and gyroscope combined) to determine which sensor data are
most accurate for exercise prediction. Accuracy was calculated
by using the following formula:
http://mhealth.jmir.org/2020/7/e17216/
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Accuracy = (TP + TN) / (TP + TN + FP + FN)
where TP is true positive, TN is true negative, FP is false
positive, and FN is false negative.

Development of Mobile Apps
We implemented the following three different android apps:
(1) smartwatch app; (2) smartphone app for patients; and (3)
smartphone app for physiotherapists (Android Studio 2.3,
Google). The smartwatch app is designed to transmit sensor
data to a smartphone as soon as the exercise button on the
smartphone is pressed and to stop transmission when the use
of the app on the smartphone has ended. There is no start or
stop button on the smartwatch. We made the smartphone app
automatically close as soon as the android app of the smartphone
shuts down. The smartphone app for patients acts as a platform
for starting the smartwatch, detecting home rehabilitation, and
transmitting exercise time data to the server computer. The
personalized ML model embedded in the smartphone app
recognizes the type of exercise that the participant is doing.
After recognition of the exercise, the smartphone calculates and
transmits the exercise time via the internet. It also shows the
personal rehabilitation time of the previous 3 days on pressing
a button in the app. Lastly, the smartphone app for
physiotherapists provides the physiotherapists with the
rehabilitation status of all enrolled patients for the past 1 month
for convenient statistical evaluation.

Clinical Trial: Prospective Comparative Study
Experiment Design
We performed a clinical trial in two local health care centers
located in two cities in South Korea (Cheongju [control group]
and Daejeon [HBR group]). In the two centers, we recruited 12
and 26 patients with chronic stroke, respectively. The inclusion
criteria were as follows: (1) age 40 to 70 years, (2) mild to
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17216 | p.939
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moderate neurologic deficit with hemiplegia, (3) more than 6
months after the onset of stroke, (4) 24 points or more in the
Korean version of the Mini-Mental State Examination
(K-MMSE), and (5) ability to understand the procedures and
communicate with the supervisor. The exclusion criteria were
as follows: (1) arthritis of the glenohumeral joint, (2) rotator
cuff tear, (3) cervical root syndrome, (4) subluxation of the
shoulder joint, (5) reluctance to follow the home exercise
regimens of this study, and (6) no smartphone with Android
OS.
Figure 4 shows the time flow of the study. According to the
criteria, we excluded two patients in the control group owing
to shoulder pain during exercise. In the HBR group, four patients
were excluded (one patient had rotator cuff repair surgery
previously, one had shoulder subluxation, and two had shoulder
pain during exercise). After excluding those patients, 10 and

Chae et al
22 patients were initially enrolled in the control and HBR
groups, respectively. While performing the home rehabilitation
program, four patients in the control group dropped out.
Drop-out was determined by a therapist who undertook the task
of home-based rehabilitation for participants who did not
respond to phone calls. In the HBR group, four patients gave
up using our HBR system, as they were unfamiliar with the
information technology devices and experienced difficulties in
their usage. One patient missed the rehabilitation owing to
deterioration caused by other underlying diseases. Finally, six
patients in the control group and 17 patients in the HBR group
completed the protocol at 12 weeks. To determine the changes
in clinical scores, we tried to conduct an assessment at 6 weeks
after the final assessment (18 weeks). Participants in the control
group did not respond to our call, whereas participants in the
HBR group cooperated with the requirement for assessment.

Figure 4. Time flow of the study.

All patients in the control group received personal education
about the four exercise tasks for 30 minutes at the beginning of
study enrollment. In the control group, the participants received
a printed handout to remind them about how to perform the four
exercise tasks. In contrast, participants in the HBR group
received the same education and were given a smartwatch, and
the HBR apps were installed on their own smartphones on the
first day of the meeting. During the education, we acquired
learning data for the ML algorithm in the HBR group. The
physiotherapist taught each individual patient how to perform
the four exercise tasks, and the training data were labeled
manually while the patient was practicing each of the four tasks.
In other words, with the smartwatch worn, participants were
asked to repeat each home exercise 15 times in two sessions.
In total, data were collected for 120 exercise attempts.
In both groups, weekly calls were made by the same therapists
[17]. To avoid bias from the examiner, two therapists equally
divided the participants present in both groups and managed
http://mhealth.jmir.org/2020/7/e17216/
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them. They encouraged the participants to perform home
exercise and answered any questions regarding how to perform
the home exercise from participants in both groups. Since the
control group did not use any sensor at home, one additional
question was asked regarding how much time the control
participants spent on home exercise.
In the HBR group, the participants were able to obtain their
own home exercise results, and it was possible for the therapist
to access the data of all the participants. Thereafter, the
physiotherapist communicated with the participants and
encouraged them based on the home exercise data collected by
the HBR system (Multimedia Appendix 2).
All participants were asked to come to the local health care
centers for outcome evaluation, and two physical therapists at
each center conducted the clinical assessments at 0 weeks
(baseline), 6 weeks (mid-term), and 12 weeks (final). In addition,
we conducted one more assessment at 18 weeks, which was a
6-week follow-up after the completion of the home rehabilitation
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17216 | p.940
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program, to examine the change after our home rehabilitation
program. For functional scoring, the Fugl-Meyer Assessment
of Upper Extremity (FMA-UE) and Wolf Motor Function Test
(WMFT) were used. We also evaluated psychologic depression
using Beck Depression Inventory (BDI), grip power using a
dynamometer (Patterson Medical), and shoulder range of motion
(ROM) angle using a goniometer.

Statistical Analysis
We used descriptive statistics to characterize the demographics
and analyzed the difference between the control and HBR groups
at baseline using the Mann-Whitney U test. We compared the
clinical results of functional recovery (WMFT and FMA-UE),
grip power, BDI, and ROM using the Friedman test. As a
post-hoc analysis, the Wilcoxon signed-rank test with Bonferroni
correction was used. SPSS software was utilized for all statistical
analyses (SPSS statistics 25, IBM Corp).
The sample size was determined according to a previous study
(using virtual reality home training) related to this study [32].
Based on the result of a mean ROM increase of 41.67° (SD
22.29°), we calculated the sample size using G*Power software
(two-tailed; α error, .05; power [1–β error], 0.8; effect size,

1.869; loss rate, 10%). This power analysis showed a sample
size of 6.

Results
Accuracy Results of the HBR System
It was impossible to detect the accuracy of the home exercise
activity logs as the ground truth of home exercise motion of the
participants was unknown owing to matters pertaining to
personal privacy. Instead, we attempted to ascertain what types
of sensor data can detect home exercise activities most
accurately via a cross-validation test.
The results shown in Table 1 represent the accurate values that
were calculated by the cross-validation test with different ML
models depending on various input data and sensor data. With
regard to the input data, the ML model trained by accelerometer
combined with gyroscope data had the best accuracy compared
with other models. In particular, the ML model developed using
personal data (99.9%) was more accurate than the model
developed using total data (95.8%), although the amount of
personal data was much smaller than that of total data.
Multimedia Appendix 3 shows the results of the cross-validation
test.

Table 1. Accuracy of the convolutional neural network model according to exercise.
Exercise

Personal data (%)
Aa

No exercise

Gb

A+Gc

A

G

A+G

95.8

100

97.4

97.8

100

(1172/1224)

(1224/1224)

(1192/1224)

(1197/1224)

(1224/1224)

98.5

97.8

99.0

96.1

98.1

97.2

(1103/1120)

(1095/1120)

(1109/1120)

(1076/1120)

(1099/1120)

(1089/1120)

99.0

93.7

100

93.8

86.5

93.2

(1014/1024)

(959/1024)

(1024/1024)

(960/1024)

(886/1024)

(954/1024)

93.0

97.6

100

92.2

87.0

93.0

(1030/1108)

(1081/1108)

(1108/1108)

(1022/1108)

(964/1108)

(1030/1108)

100

95.5

100

94.2

88.7

95.5

(1125/1125)

(1074/1125)

(1125/1125)

(1060/1125)

(998/1125)

(1074/1125)

98.1

96.0

99.9

94.8

91.8

95.8

(5496/5601)

(5381/5601)

(5590/5601)

(5310/5601)

(5144/5601)

(5371/5601)

100
(1224/1224)

Bilateral flexion

Wall push

Active scapula

Towel slide

Total

a

Total data (%)

d

Accelerometer data.

b

Gyroscope data.

c

Accelerometer combined with gyroscope data.

d

Indicates the value of correct samples divided by total samples.

Results of the Clinical Trial
The study was approved by the Institutional Review Board (IRB
no.: IRB-17-299). Informed consent was obtained from all
participants. This study was supported by the Korea Advanced
Institute of Science and Technology-funded Global Singularity
Research Program. Patients were recruited from March 2018
to September 2018, and home exercise data were collected until
February 2019. As of March 2019, we enrolled 23 stroke
survivors for data analysis. Drop-out rates in the control and
http://mhealth.jmir.org/2020/7/e17216/
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HBR groups were 40% (4/10) and 22% (5/22) at 12 weeks and
100% (10/10) and 45% (10/22) at 18 weeks, respectively.
Table 2 presents the demographics and baseline assessment
findings. There were no relevant differences between the two
groups.
To evaluate exercise compliance at home, in the control group,
a telephone survey was the only approach to determine the home
exercise activities of participants. Thus, we called them and
asked how much time they exercised at home and encouraged
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17216 | p.941
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exercise. We found that they performed home exercise for about
13.6 (SD 4.85) min/day. However, the numbers obtained for
the control group might not be accurate owing to the limitations
of a verbal survey. In contrast, in the HBR group, the home

exercise results of all the participants were provided by the
smartphone app. Thus, we encouraged participants to perform
home exercise based on the data.

Table 2. Patient demographics and baseline assessment in the control and home-based rehabilitation groups.
Characteristic

Control group (n=6), mean (SD)

HBRa group (n=17), mean (SD)

P valueb

Age (years)

64.5 (9.6)

58.3 (9.3)

.25

WMFTc

38.8 (25.6)

39.7 (22.2)

.91

FMA-UEd

29.0 (14.2)

36.6 (18.6)

.35

Grip power (kg)

11.7 (11.6)

13.3 (12.7)

.75

24.2 (11.2)

17.88 (14.7)

.28

Flexion

82.0 (59.07)

74.5 (45.3)

.91

Extension

40.8 (19.6)

28.7 (21.0)

.11

Internal rotation

50.8 (31.2)

50.43 (24.5)

.51

External rotation

23.4 (28.1)

16.84 (17.69)

.97

Functional assessment test

BDIe
Shoulder ROMf

a

HBR: home-based rehabilitation.

b

P values were calculated with the Mann-Whitney U test.

c

WMFT: Wolf Motor Function Test.

d

FMA-UE: Fugl-Meyer Assessment of Upper Extremity.

e

BDI: Beck Depression Inventory.

f

ROM: range of motion.

On average, participants in the HBR group performed bilateral
flexion exercise for 7.27 (SD 10.1) min/day, wall push exercise
for 3.76 (SD 9.01) min/day, active scapula exercise for 4.82
(SD 9.62) min/day, and towel slide for 6.70 (SD 11.87) min/day.
In total, home exercise was performed for an average of 22.57
(SD 37.69) min/day.
Table 3 presents the clinical results at the baseline, mid-term
(6 weeks), and final assessments (12 weeks). In total, 23
individuals with chronic stroke completed this research (control:
6; HBR: 17). In the HBR group, the WMFT, BDI, and shoulder
ROM of flexion and internal rotation showed relevant
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progression (Multimedia Appendix 4). However, FMA-UE
showed no significant difference (P=.46). In the control group,
there was no significant difference, except for the ROM of
internal rotation (P=.03). In both groups, there was no relevant
difference in the grip power test.
We tried to determine the change in clinical results after the
completion of the home rehabilitation program, which had a
duration of 12 weeks. Thus, we compared the clinical outcomes
at the final assessment (12 weeks) with that at 6 weeks after
removing the HBR system (18 weeks). However, there was no
relevant difference (Multimedia Appendix 5).
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Table 3. Clinical results in the control and home-based rehabilitation groups during the experiment.
Characteristic

HBRa group (n=17)

Control group (n=6)
0 weeks,
mean (SD)

6 weeks,
mean (SD)

12 weeks,
mean (SD)

P valueb

0 weeks,
mean (SD)

6 weeks,
mean (SD)

12 weeks,
mean (SD)

P valueb

38.8

40.3

42.2

.69

39.7

40.5

42.5

.02

(25.6)

(25.7)

(22.8)

(22.7)

(23.6)

(23.7)

29.0

30.0

28.5

36.6

37.5

38.5

(14.2)

(14.2)

(16.1

(18.7)

(18.4)

(18.3)

11.7

11.0

10.9

13.3

12.9

14.8

(11.6)

(10.4)

(10.3)

(12.7)

(12.0)

(12.1)

24.2

10.0

8.8

17.9

10.0

8.0

(11.2)

(8.6)

(7.2)

(14.7)

(8.8)

(9.9)

82.0

90.6

87.5

74.5

93.9

94.7

(59.1)

(65.3)

(61.0)

(45.3)

(52.3)

(48.9)

40.8

29.5

32.8

28.7

31.5

34.7

(19.6)

(18.9)

(20.4)

(21.0)

(16.2)

(19.9)

50.8

48.5

57.3

50.4

70.3

63.5

(31.2)

(28.6)

(32.0)

(24.5)

(28.3)

(26.9)

23.4

23.6

26.6

16.8

15.4

16.9

(28.1)

(30.0)

(27.7)

(17.7)

(18.1)

(18.4)

Functional assessment test
WMFTc

FMA-UE

d

Grip power (kg)

BDIe

.72

.47

.11

.46

.34

.06

f

Shoulder ROM
Flexion

Extension

Internal rotation

External rotation

a

.21

.38

.03

.76

<.001

.16

.001

.20

HBR: home-based rehabilitation.

b

Overall P values were calculated with the Friedman test.

c

WMFT: Wolf Motor Function Test.

d

FMA-UE: Fugl-Meyer Assessment of Upper Extremity.

e

BDI: Beck Depression Inventory.

f

ROM: range of motion.

Discussion
Principal Findings
In this study, we performed a comprehensive assessment based
on a ML algorithm and wearable device. We developed an HBR
system using a commercial smartwatch with the ML model and
evaluated the effectiveness of the HBR system via a clinical
trial. The ML model based on a CNN algorithm showed good
to excellent accuracy ranging from 86.5% to 100%, and the
clinical trial showed a relevant increase in ROM and the WMFT
function score.
While developing the HBR system using a commercial
smartwatch, determining the types of sensors that provide
maximal accuracy was an important issue. According to previous
research that used an IMU sensor for activity recognition, an
accelerometer is the most accurate sensor for activity recognition
[29,30,33-36]. Based on the results of the cross-validation test
in our study, the accelerometer signal combined with gyroscope
findings provided the most accurate results. This is consistent
with the result in the study by Hyunh et al [37], which attempted
to detect falls by using an IMU sensor at the chest. It was
reported that adding a gyroscope can reduce the false-positive
rate and increase specificity from 82.72% to 96.20%. However,
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in our study, the difference in the accuracy of the results
obtained when using an accelerometer and an accelerometer
combined with a gyroscope was relatively small (1.1%-1.8%),
and in the case of active scapular exercises, the accuracy of the
gyroscope was even higher than that of other approaches. Thus,
we believe that the choice of the most accurate sensor may
depend on the type of exercise and the location of the sensor.
Our research, which involved the detection of repetitive and
slow home exercise tasks by a smartwatch, showed that the
combination of an accelerometer and a gyroscope provided the
most accurate signal. However, considering that the
improvement in accuracy with the addition of a gyroscope was
relatively small and that the addition required doubled
computation and battery loading for the gyroscope, we believe
that an accelerometer-only signal could be an alternative choice.
Since the learning data set is a decisive factor in optimizing the
ML algorithm, we compared the accuracy of the ML model
built with personal data and that built with total data. The ML
model based on total data was built with data from all
participants and the ML model based on personal data was
implemented by using the participants’ own data. Although the
amount of total data was larger than that of personal data, each
exercise motion in the total data set represents a mix of different
motions of all participants. Therefore, through this comparison,
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we attempted to determine whether the quantity or quality of
data is important. According to the results, we found that quality
was more important. The ML model built with only personal
data (99.9%), which represented the quality of data, was more
accurate than the ML model built with total data (95.4%), which
represented the quantity of data. This means that data
personalization was more important than the total amount of
data, especially for chronic stroke patients who had various
disabilities and individual motion characteristics. We think that
the different exercise motions of other patients contaminated
the data consistency and had a bad influence on the ML model
[38].
With regard to the clinical trial, the HBR group showed
significant functional recovery (mean difference=2.8, P=.02)
in the WMFT. However, FMA-UE did not show significant
results (mean difference=1.9, P=.46). We think this is related
to the different traits of both functional assessment methods.
FMA-UE (total 66 scores) is an assessment tool for identifying
motor impairment, and it involves reflex activity (6), flexor
synergy (12), extensor synergy (6), combining synergy (6),
movement out of synergy (6), wrist (10), hand (14), and
coordination/speed (6) on an ordinal scale from 0 to 2 (0, none;
1, partial; 2, complete). In contrast, the WMFT (total 75 scores)
is a test for assessing functional performance, providing insight
into joint-specific and integrative limb movements graded from
0 to 5, with 15 function-based tasks [39]. According to the study
performed by Wolf et al [40], the WMFT is more sensitive than
FMA-UE for assessing functional improvement in less affected
stroke patients. Thus, the different results of the two functional
tests indicate that the home rehabilitation exercise for 12 weeks
had beneficial effects in functional recovery, but it was not
enough to change synergic movement or hand and wrist
function.
In terms of shoulder ROM, we found a significant increase in
shoulder flexion (P=.02) and internal rotation ROM (P=.001)
in the HBR group by the Friedman test. According to the
post-hoc analysis involving the Wilcoxon signed-rank test with
Bonferroni correction, significant increases in the first 6 weeks
of home exercise were noted for shoulder joint ROM with
flexion (P=.004) and internal rotation (P=.001). However, there
was no change in external rotation and extension ROM.
Regarding the reasons for ROM increase, we think it is
associated with the exercise protocol of our study. Among the
four kinds of home exercises in our study protocol, bilateral
flexion, wall push, and towel slide required wide movements
of shoulder flexion and internal rotation. The exercise time
records from our HBR system support this since patients
performed the shoulder bilateral flexion exercise for the longest
time when compared with other exercises. The shoulder
extension ROM exercise was not included in our home exercise
protocol. Although shoulder external rotation is required to
perform the active scapular exercise, the external rotation ROM
was not increased. This result is associated with the fact that
chronic stroke patients usually have internally rotated joint
contractures associated with impaired motor synergy [41,42].
We consider that the absence of a relevant change in the hand
grip test was also related with the fact that our home exercise
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protocol required wide movement of the shoulder joint, but less
motion of the wrist and hand joints.
The benefit of the HBR system was not only clinical
improvement but also a decreased drop-out rate, which might
encourage the application of wearable systems for HBR. We
found that the drop-out rate was lower in the HBR group than
in the control group at 12 weeks (5/22, 22% vs 4/10, 40%) and
18 weeks (10/22, 45% vs 10/10, 100%). After this study was
completed, we interviewed two participants who dropped out
to find out why they decided not to continue the study. They
said that they became less interested in the conventional home
rehabilitation program because the weekly phone calls did not
help bring about any visible improvement and bothered them.
We think the HBR system has a good influence on the
motivation for home exercise and the relationship with physical
therapists. According to the self-determination theory, which
refers to each person’s ability to make choices and manage their
own life [24], people need to experience a sense of belonging
and attachment with others, which is called “connection or
relatedness.” In addition, people need to feel in control of their
own behaviors and goals, which is called “autonomy.” Our HBR
system would assist patients to record an exercise time
(autonomy) and to communicate with a clinician (connection
or relatedness).
Regarding the depression index, previous randomized controlled
trials reported that home rehabilitation can reduce the incidence
of depression [43,44]. However, BDI in our study did not show
a relevant difference. It only showed a trend of positive effects
(P=.06). The finding might be significant with a greater number
of participants or a longer period because our protocol was
relatively shorter than the period in the literature [43,44].
Lastly, there was no relevant difference in the HBR group
between 12 weeks and 18 weeks (6 weeks after the final
assessment without the HBR system). However, we believe that
the HBR system is more effective when used consistently in
home care because most of the clinical outcomes at 18 weeks
showed a decreasing trend compared with 12 weeks.

Comparison With Prior Work
Previously, Wade emphasized that enabling self-directed
practice is critical for stroke rehabilitation [45]. Regarding the
strategy of self-directed practice, it has been shown that verbal
encouragement does not have an impact on increasing
rehabilitation activity after stroke [46]. Therefore, various
methods of self-management training for upper limb
rehabilitation have been suggested, including robot-assisted
therapy. For example, Markopoulos et al [47] and Holden et al
[48] developed a watch-like device. They used a visual feedback
system as a self-management tool, but there was no remote
supervision with the therapist. The mobile health system
proposed by Dobkin [17] uses a similar strategy as that of our
approach, which is called the rehabilitation internet-of-things
(RIoT) device. However, we applied the ML model for home
exercise detection and used a commercial smartwatch to simplify
the user device interface, which has been regarded by previous
researchers as the most important factor for use in clinical
practice [17,49].
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With regard to robot-assisted therapy, Lo et al [50] reported
that robot-assisted therapy showed no relevant difference at 12
weeks and only showed improvement over 36 weeks when
compared with typical care. Additionally, it costed US $15,562
for the 36-week program [50]. In contrast, our HBR system
increased flexion ROM at 6 weeks and showed improvement
of the WMFT score at 12 weeks. Considering the treatment cost
of robot-assisted therapy, our HBR system strategy could be a
better treatment modality with similar clinical improvement.

Limitations
There are several limitations in this study. First, the total number
of patients who completed our program was relatively small to
derive statistically strong evidence, particularly in the control
group. Further work with a larger sample size would be helpful
for more confirmative conclusions. Second, there was a
discrepancy in the number of participants in the control and
HBR groups. Only six participants from the control group were
enrolled in the data analysis process. However, while carrying
out our research, the loss of participants was inevitable in the
control group because they were tired of receiving calls
regarding management without any benefit, indicating the
limitation of a conventional method. Third, there could have
been loss of time measurement in the HBR group since some
patients stated that they sometimes performed home exercise
without the smartwatch owing to the inconvenience of wearing
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the smartwatch. Therefore, we think the exercise time recorded
in the database was an underestimation of the real home exercise
time. Fourth, the actual accuracy of exercise detection at home
was not assessed. Although some researchers have attempted
to address the privacy preservation of sensitive personal data
based on a deep learning algorithm [51], we did not implement
this approach and only calculated the accuracy based on a
five-fold cross-validation test. Therefore, the actual accuracy,
which is the correct prediction rate of exercise detection at home,
could not be assessed because all patients wanted to protect
their privacy. Fifth, there could have been selection bias
associated with the positions of local health centers at different
locations. Although we cannot quantify the difference, we think
the bias was not relevant enough because both centers are
closely located (50 km away) and the socioeconomic status is
similar.

Conclusions
This study found that a home care system using a commercial
smartwatch and ML model can facilitate participation in home
training and improve the functional score of the WMFT and
shoulder ROM of flexion and internal rotation in the treatment
of patients with chronic stroke. We recommend our HBR system
strategy as an innovative and cost-effective home care treatment
modality.
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Abstract
Background: Stroke is a major cause of long-term disability. While there is potential for improvements long after stroke onset,
there is little to support functional recovery across the lifespan. mHealth solutions can help fill this gap. mRehab was designed
to guide individuals with stroke through a home program and provide performance feedback.
Objective: To examine if individuals with chronic stroke can use mRehab at home to improve upper limb mobility. The secondary
objective was to examine if changes in limb mobility transferred to standardized clinical assessments.
Methods: mRehab consists of a smartphone coupled with 3D printed household items: mug, bowl, key, and doorknob. The
smartphone custom app guides task-oriented activities and measures both time to complete an activity and quality of movement
(smoothness/accuracy). It also provides performance-based feedback to aid the user in self-monitoring their performance.
Task-oriented activities were categorized as (1) object transportation, (2) prehensile grip with supination/pronation, (3) fractionated
finger movement, and (4) walking with object. A total of 18 individuals with stroke enrolled in the single-subject experimental
design study consisting of pretesting, a 6-week mRehab home program, and posttesting. Pre- and posttesting included both
in-laboratory clinical assessments and in-home mRehab recorded samples of task performance. During the home program, mRehab
recorded performance data. A System Usability Scale assessed user’s perception of mRehab.
Results: A total of 16 participants completed the study and their data are presented in the results. The average days of exercise
for each mRehab activity ranged from 15.93 to 21.19 days. This level of adherence was sufficient for improvements in time
(t15=2.555, P=.02) and smoothness (t15=3.483, P=.003) in object transportation. Clinical assessments indicated improvements in
functional performance (t15=2.675, P=.02) and hand dexterity (t15=2.629, P=.02). Participant’s perception of mRehab was positive.
Conclusions: Despite heterogeneity in participants’ use of mRehab, there were improvements in upper limb mobility.
Smartphone-based portable technology can support home rehabilitation programs in chronic conditions such as stroke. The ability
to record performance data from home rehabilitation offers new insights into the impact of home programs on outcomes.
Trial Registration: ClinicalTrials.gov NCT04363944; https://clinicaltrials.gov/ct2/show/NCT04363944
(JMIR Mhealth Uhealth 2020;8(7):e19582) doi:10.2196/19582
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Introduction
Background
Stroke is a major cause of disability, leading to restriction of
occupational performance for stroke survivors [1,2]. It is
estimated that 30%-60% of stroke survivors continue to have
residual limitations in upper extremity movements after
traditional rehabilitation services [3]. At the end of rehabilitation
services, survivors are commonly given a written home exercise
program to guide recovery in chronic stages of stroke [4].
Shortcomings of the written home exercise program include
complaints of being unengaging and patients not continuing the
program [4]. Knowing that upper limb motor deficits can reduce
quality of life [5], it is important to support survivors to recover
as much function as possible. Upper limb recovery after stroke
is identified as a research priority by survivors of stroke,
caregivers, and health professionals [6].
Research demonstrates that individuals with chronic stroke are
capable of making gains in performance with continued practice.
The research so far has focused on interventions led by therapists
[7,8]. It is improbable that direct oversight by a therapist is a
feasible solution for long-term recovery. For chronic conditions
such as stroke, better supporting the individual’s ability to
self-manage their long-term recovery could offer a more
sustainable approach. Use of mHealth (ie, mobile technology
to manage health) offers the opportunity for individuals to
engage in rehabilitative activities while monitoring their
performance and managing their health behaviors [9,10].
mHealth apps can assist users in meeting basic needs, thereby
giving a sense of autonomy and competence [11]. In addition,
participants have reported that it is enjoyable to use apps [12].
Smart devices are equipped with interactive components (eg,
sensors, cameras, speakers, and vibrators) capable of measuring
human movement and providing feedback [13]. Readily
available smartphone technology can be the basis of a home
rehabilitation system.

There has been an increase in app development for stroke
rehabilitation. A review of apps designed for stroke survivors
or their caregivers found that 62% of apps addressed language
or communication [14]. Other apps addressed stroke risk
calculation, identifying acute stroke, atrial fibrillation, direction
to emergency room or nearest certified stroke center, visual
attention therapy, and a mere 4% addressed physical
rehabilitation [14]. Importantly, apps for rehabilitation did not
focus on upper limb function [14]. Use of technology to guide
and measure performance in task-specific training of the upper
extremity after stroke has primarily included clinical or
laboratory-based interventions [15,16]. Task-specific programs
are function based, with practice of tasks relevant to activities
of daily life, and have been shown to be efficacious [17,18].
Use of instrumented objects in a laboratory setting has resulted
in patients reporting they enjoyed the experience [15]. There
has been less research on the use of portable technology for
upper limb rehabilitation in a home setting for individuals with
chronic arm/hand deficits after stroke.

Previous Work
mRehab (mobile Rehab) was created to better support in-home
upper limb rehabilitation programs (Figure 1) [13]. It
incorporates a task-oriented approach and immediate
performance-based feedback. Exercise programs that include
feedback have resulted in better outcomes compared with
programs without feedback [19,20]. mRehab consists of 3D
printed household objects (a mug, bowl, key, and doorknob)
integrated with a smartphone and an app. The app guides
participants through practice of activities of daily living, for
example, sipping from a mug. It can also consistently measure
time to complete an activity and quality of movement
(smoothness/accuracy) during the performance of activities of
daily living. The system is described in more detail in previous
articles that have evaluated it in primarily laboratory-based
settings [13,21].

Figure 1. In-home use of mRehab: (A) selecting an activity in mRehab; (B) turning key activity; and (C) vertical mug transfer activity.
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There is little information on in-home use of technology for
rehabilitation in chronic stroke. While technology-based systems
designed for rehabilitation have been developed, they have
typically been examined in laboratory or clinical settings
[22,23]. The results of this study will provide much needed
evidence of the ability of individuals with chronic stroke to use
technology in a home-based program with oversight only upon
request. This mimics clinical practice, in which patients are
discharged from rehabilitation with a home program and then
need to self-manage their recovery. We examine the individual’s
adherence to exercise and if they required support with the
technology. The impact of the home-based mRehab program
on functional mobility was also examined. While individuals
with chronic stroke were selected for the first examination of
mRehab in a home-based setting, the system has the potential
to be used by individuals that have arm/hand deficits due to
other underlying pathology.

Methods
Participants
The study was approved by the University at Buffalo
Institutional Review Board and all participants provided written
informed consent. A total of 18 participants were recruited from
the local community. Participants were included if they were
(1) at least 18 years of age and living in the community, (2)
were 6 or more months after stroke, and (3) had a minimum
score of 124 on the Mattis Dementia Rating Scale (MDRS) [24].
Participants were excluded if they met any of the following
criteria: (1) acute or chronic pain that would interfere with
participation, (2) severely limited range of motion of the upper
limb, (3) absent or severely impaired proprioception of the upper
limb, (4) musculoskeletal or circulatory conditions affecting
the upper limb, (5) spasticity graded as 3 or greater for upper
extremity movement on the Modified Ashworth Scale (MAS),
or (6) botulinum toxin injections for spasticity management
within 3 months of starting the study. These inclusion and
exclusion criteria were established to select participants that
were likely to have the cognitive and physical capacity to use
mRehab.

Langan et al

Design
A single-subject experimental design with multiple baselines
was used. A strength of the single-subject study design is that
participants serve as their own control. There is variability in
the degree of arm/hand deficits for survivors of stroke, making
it challenging to establish an equivalent control group. The
single-subject design offers an alternative approach that is
commonly used in assessing populations with stroke [25,26].
Each participant had a varying length of the baseline and
follow-up periods to establish that the intervention, rather than
time, was the primary reason for any observed change in
performance.

Procedure
Over a 10-week period, participants completed baseline
measurements, a 6-week mRehab home program, and follow-up
measurements. Baseline measurements consisted of both
in-laboratory and in-home measurements (Figure 2). Participants
attended 2 laboratory visits prior to starting the home program.
During the first laboratory visit, participants completed a
demographic questionnaire and clinical assessments. The Berg
Balance Scale (BBS) [27] was used to determine if participants
had sufficient balance (score greater than 42) to participate in
the walk with mug activity. The Wolf Motor Function Test
(WMFT) [28] and Nine-Hole Peg Test [29] were the clinical
outcome measures. An occupational therapist demonstrated the
mRehab system to the participant. The participant learned to
operate the smartphone, mRehab app, and mRehab restricted
mode. The mRehab restricted mode was designed to sample
baseline in-home performance of 3 representative mRehab
activities: horizontal mug transfer, quick twist of the mug, and
turn key. Only 3 repetitions of each baseline activity could be
performed in a session, for a maximum of 3 sessions per baseline
week. Repetitions were limited to avoid improving performance
during the baseline period. The app did not give feedback during
the restricted mode. At the second laboratory visit, participants
completed the same clinical assessments (Figure 2) and learned
the remaining 9 mRehab activities for the home program.
Participants were instructed to contact the research team if they
had questions or concerns. Participant’s contacts to the research
team were recorded.

Figure 2. mRehab study timeline. BBS: Berg Balance Scale; MAS: Modified Ashworth Scale; MDRS: Mattis Dementia Rating Scale; SUS: Systems
Usability Scale; WMFT: Wolf Motor Function Test.
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During the home program, participants could select from all 12
mRehab activities (Figure 2). It was suggested that participants
complete 10 repetitions of each activity daily, 5 days per week
for 6 weeks. The mRehab app recorded and provided feedback
(both visual and auditory) on the user’s performance (repetitions,
time to complete, and smoothness/accuracy) at the end of each
activity.
The follow-up phase was similar to the baseline phase (Figure
2). The third laboratory visit examined changes in performance
of the clinical assessments immediately after the completion of
the mRehab home program. Between the third and fourth
laboratory visit, participants again used mRehab in the restricted
mode without feedback to sample in-home performance. At the
fourth laboratory visit, participants returned the 3D printed
objects and completed the Systems Usability Scale (SUS) [30].
SUS allows for subjective assessment of perceived usability.
Participants responded to 10 questions using a Likert 1-5 scale
(1=strongly disagree and 5=strongly agree). Percentile rank out
of a possible 100 was calculated.

Statistical Analyses
mRehab Data
Performance was examined on each mRehab task and on
composites of similar activities: (1) object transportation
(horizontal and vertical mug and bowl transfers); (2) prehensile
grip with supination/pronation (sip from mug, slowly pour water
from mug, quick twist of the mug, turn key, and turn door knob);
(3) fractionated finger movement (entering phone number and
quick tap); and (4) walking with object activity (here, walk with
mug was left out of the analyses because not all participants
could perform this activity). The composite score represented
the average time to complete the activities in a category.
mRehab data were examined at both individual and group levels.
As is typical with single-subject designs, visual inspection of
individual’s data was used as the first stage of analysis of
adherence and performance change during the intervention.
Quantitative changes in motor performance based on mRehab
data were examined using paired t tests for the following
comparisons: (1) baseline compared with follow-up using the
average time to complete and smoothness of each activity, (2)
first compared with last training day in the 6-week home
program using the average time to complete and smoothness of
each activity, and (3) first compared with last training day using
composite scores. To examine an a priori hypothesis that the
amount of training impacts outcome, correlations between the
total number of repetitions performed for each activity during
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the 6-week home program and changes in performance for each
activity were examined.

Clinical Assessments
Changes in clinical assessments were examined using paired t
tests. The average time for tasks in the WMFT was used in the
analyses [31]. To meet the normality assumption, the log
transform of the average WMFT score was used for the
statistical analysis. For both the WMFT and the Nine-Hole Peg
Test, the scores from the first and second in-laboratory visits
were averaged (scores were not different [P>.05]) to account
for variability in the performance of individuals with stroke.
This averaged preintervention score was compared with the
third in-laboratory visit to assess the immediate change in
performance following use of mRehab. Because some of the
mRehab activities resemble tasks in the WMFT, we examined
changes for each task in the WMFT to assess if we were in
essence training for the clinical test. Significance for all tests
was set at P<.05.

Usability
Perceived usability of mRehab was examined. The range and
the average of the SUS percentile rank scores were reported.
The full assessment of usability including qualitative
assessments is beyond the scope of this paper and will be
reported in another paper.

Results
In-Home Use of mRehab
A total of 18 participants with stroke were recruited from the
community (Table 1); 2 participants did not complete the study:
1 participant reported being unable to use mRehab without
caregiver assistance and did not wish to continue the home
program, whereas the other completed only the first
in-laboratory visit and decided he did not have sufficient time
in his schedule to complete the full study. The performance data
of the remaining 16 participants are reported in the results.
During in-home use of mRehab, 10 participants contacted the
research team reporting difficulties with the system. Home visits
were made to 7 participants. The most common reason for a
home visit was to replace the 3D printed door knob or key or
both. The construction of these objects was modified during the
study to improve durability. Changing the direction of fill in
the 3D printing process improved the product. A full report on
usability will be discussed in detail in another paper.
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Table 1. Participant demographics.

a

Participant code

Age

Gender

Years after
stroke

Paretic side

Reported
dominant arm

Reported dominant
arm prior to stroke

MDRSa

WMFTb (s)c

s01d

57

F

2

R

L

R

132

43.10

s02

54

F

7

L

R

L

144

4.84

s03

68

M

4

R

L

R

142

13.78

s04

61

F

12

R

L

R

140

10.12

s05

78

F

1

L

R

R

140

4.75

s06

66

M

14

L

R

L

140

44.77

s07

73

M

1

L

R

L

139

39.37

s08

61

M

0.5

L

R

R

142

1.85

s09

62

F

2

R

L

R

124

23.96

s10

67

M

1

R

L

R

130

8.65

s11

76

M

6

R

L

R

133

2.25

s12

43

M

5

R

R

R

143

2.95

s13

76

M

4

R

R

L

144

2.06

s14

39

F

4

R

L

R

143

2.43

s15

78

M

3

L

R

R

134

34.00

s16d

56

M

6

L

R

L

143

80.55e

s17

72

M

11

R

L

R

142

81.12

s18

37

M

1

CL

R

R

141

4.95

MDRS: Mattis Dementia Rating Scale.

b

WMFT: Wolf Motor Function Test.

c

Average visits 1 and 2.

d

Indicates participant did not complete the study.

e

Participant only completed visit 1.

mRehab In-Home Recorded Data
Visual analyses of individual data show differences between
participants in adherence and performance of the mRehab
activities. As an example, Figure 3 shows individual data sets
for the time to complete the activity horizontal mug transfer
during the baseline, 6-week program, and follow-up. Participants
demonstrated variance in the number of days exercised, the rate
of performance change, and the stability of performance. The
majority of participants reduced their time to complete the
horizontal mug transfer by the end of the 6-week program.
Quantitative changes in mRehab performance were examined.
Baseline and follow-up data were compared for horizontal mug
transfer and key turn. The quick twist of the mug data were
excluded from analysis because only few participants could
twist quickly enough for the sensor to capture the movement.
Participants demonstrated a decrease in time from baseline to
follow-up in the horizontal mug transfer (t15=2.14, P=.05; Figure
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4), and the decrease for key turn (t15=1.86, P=.08) approached
the commonly accepted α .05 level (Figure 5). Comparing
performance on the first day of training with the last training
day in the 6-week program (Table 2), there was a trend across
activities for improved scores in both time and smoothness at
the last session. All object transportation activities and quick
tap, a fractionated finger movement activity, reduced in time
to complete. On the last day of the program, vertical and
horizontal mug transfer were performed more smoothly and
quick tap more accurately. No correlation examining the number
of repetitions completed during the home program and changes
in performance of an activity (time to complete or smoothness)
resulted in P values <.05. Comparing composite scores from
the first and last day of training, object transportation improved
in time (t15=2.555, P=.02; Figure 5). Neither the composite
score for prehensile grip with supination/pronation nor
fractionated finger movement demonstrated significant
improvement in time (Figure 5).
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Figure 3. Data sets from 16 participants showing their performance on horizontal mug transfer during baseline, 6-week home program, and follow-up.
The number of days they did this activity is on the x axis. Asterisk (*) indicates the average time to complete horizontal mug transfer on that day was
above 10 seconds.

Figure 4. Pre- and postintervention average time to complete horizontal mug transfer and turning a key. * indicates a P value <.05.
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Figure 5. Start and end of intervention average time to complete task for composite task groupings. Error bars represent standard deviations. * indicates
a P value <.05.
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Table 2. Group data performance changes on each activity in mRehab.
Activity

N

Number of ex- Total number
ercise days,
of repetitions,
mean (SD)
mean (SD)

First session
time, mean
(SD)

Last session
time, mean
(SD)

P value (for
last session
time)

First session
smoothness,
mean (SD)

Last session
smoothness,
mean (SD)

P value (for
last session
smoothness)

Object transportation
Vertical bowl
transfer

16

20.75 (10.60)

282.06
(210.00)

5.04 (0.91)

4.03 (0.46)

<.001

511.99
(297.33)

410.66
(128.81)

—a

Horizontal
bowl transfer

16

20.88 (10.64)

289.44
(223.34)

5.03 (1.32)

4.01 (0.60)

.001

478.53
(315.49)

375.39
(137.23)

—

Vertical mug
transfer

16

21.06 (10.64)

283.69
(227.94)

5.22 (1.22)

4.19 (0.55)

.003

699.24
(321.74)

492.70
(226.60)

.02

Horizontal
mug transfer

16

21.19 (10.62)

292.31
(224.02)

4.96 (1.22)

4.00 (0.58)

.009

585.83
(233.81)

431.23
(159.97)

.04

Prehensile grip with supination/pronation
Sip from mug

16

20.00 (10.81)

202.19
(151.48)

9.51 (4.71)

9.62 (1.39)

—

394.17
(239.46)

331.11
(61.77)

—

Slow pour
with mug

15

20.06 (10.24)

148.94
(137.23)

25.07 (8.58)

20.69 (4.08)

.06

807.39
(323.21)

655.29
(249.62)

.048

Quick twist
mug

14

18.36 (12.53)

228.29
(195.81)

4.30 (5.24)

3.34 (5.28)

—

747.08
(1394.73)

532.92
(1125.29)

.07

Turning a key

14

15.93 (11.01)

177.20
(141.26)

6.03 (5.48)

4.48 (7.32)

—

41.17
(33.28)

42.53
(65.15)

—

Turning a
doorknob

15

18.81 (11.00)

199.13
(139.04)

6.65 (10.75)

2.21 (1.53)

—

33.58
(32.05)

31.76b
(38.02)

—

Fractionated finger movement
Enter phone
number

16

19.13 (10.00)

153.13
(131.05)

30.86
(26.28)

22.35
(14.05)

—

NAc

NA

—

Quick tap

16

19.38 (10.33)

177.20
(141.26)

17.05 (9.42)

14.75 (7.54)

.005

NA

NA

—

16.87 (12.48)

183.07
(178.70)

NA

NA

—

967.42
(99.42)

997.98
(77.81)

—

Walking with object
Walk with
mug
a

11

Not applicable.

b

Removed data 2SD outside of the mean from 1 participant that experienced a broken door knob.

c

Not assessed due to lower N.

Clinical Assessments
Analyses of the WMFT using the average time to complete a
task and the natural log transform both resulted in rejecting the
null hypothesis. Only the average time to complete a task was
reported. Participants improved performance from baseline to
follow-up testing on both the Nine-Hole Peg Test (t15=2.629,
P=.02) and the WMFT (t15=2.675, P=.02). We explored how
each task of the WMFT changed from baseline to follow-up.
Tasks in which performance improved (P<.05) included moving
the hand from table to box (front), reaching and retrieving a
1-lb weight, and folding a towel. Tasks in which the decrease
in time neared the α .05 level include moving the weighted arm
from the table to the box (P=.07) and turning a key in a lock
(P=.08).

Usability
Examining usability of mRehab, the percentile rank on the SUS
ranged from 60 to 97. The average score was 81.7.
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Discussion
Principal Findings
This study is novel in using scalable components, smartphones
and 3D printed items, to create a portable rehabilitation system.
Furthermore, extended in-home use of a system by end users
without regular oversight is uncommon in research.
Approximately 89% of participants (16/18) completed the
6-week mRehab home program. This demonstrates that
participants can use mRehab in-home, with technical support
provided as needed, to enhance upper limb function. This is
encouraging as both individuals with stroke and their caregivers
report feeling that more rehabilitation would be beneficial
[32,33]. The combination of the in-home mRehab data set and
laboratory-based clinical assessments provides insight into
adherence, task-specific training, and generalized performance
gains with mRehab home-based rehabilitation.
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For an exercise program to be effective there needs to be some
degree of practice. The dosage of practice necessary to make
gains is not well understood. A Cochrane review suggests that
30-60 minutes of rehabilitation per day, 5-7 days per week is
effective [34]. Another review presented evidence that
high-intensity and high repetition task-oriented and task-specific
training is effective [35]. In this study, the average number of
exercise days and repetitions was roughly half of the
recommendation. The self-selected dosage was sufficient for
improved performance in both mRehab and clinical
measurements. We anticipated that individuals that practiced
more would have larger improvements in the practiced mRehab
activities. However, the data did not confirm this. It is possible
that a larger cohort would have demonstrated a positive
correlation. It is also possible that multiple mechanisms
contributed to improvements with limited practice.
Neurophysiology studies show that neuroplastic changes occur
with learning a new skill and not after rote repetitive movement
[36-38]. If participants can identify when repetitions become
rote repetitive movement, they may reduce the dosage and more
efficiently complete their home program. Task-specific training
has shown to be more efficient compared with other nonspecific
training approaches [30,39]. Besides, the addition of feedback
has been shown to be effective [40].
There is an effort to better define and measure rehabilitation
interventions to more fully understand what influences outcomes
[41]. The data recorded by mRehab combined with performance
changes on clinical assessments provide an opportunity to
consider how exercise programs may impact performance on
clinical outcome measures. We considered potential connections
comparing tasks that decreased in time in both mRehab and
WMFT. Time taken to complete all mRehab object
transportation activities decreased. These activities would
require adequate scapular, shoulder, elbow, wrist, and hand
mobility and stability. Likewise, folding a towel in the WMFT
would involve similar mobility and stability. In the WMFT,
participants’ scores improved for retrieving a 1-lb weight. While
mRehab did not include progressive resistive training, repetitive
task training has been shown to improve strength after stroke
[42]. There were improvements on the Nine-Hole Peg Test,
even though manipulation of objects using a pincer grasp was
not part of the mRehab program. Participants did, however,
demonstrate an improvement in performance of quick tap which
requires fractionated finger movement. Taken together, it
suggests that movement components trained within mRehab
activities translate to other functional tasks. Having large-scale
documentation of home exercise can lead to a better
understanding of what form of exercise is most impactful on
function.
A recent survey showed that clinicians perceive mRehab
interventions as being important for supporting the function of
patients at home and in the community, and improving
adherence to home programs [43]. Therefore, it is necessary to
perform research that examines how programs can be delivered
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at home. Other systems designed to improve upper limb function
including custom hand–wrist orthosis and electrical stimulation,
both designed to assist movement, or biofeedback to augment
feedback during motor-based games have more commonly been
assessed in clinical settings with the support of clinicians [44].
Tablet-based apps created to improve dexterity in the general
population have been examined in individuals with stroke in a
clinical setting, demonstrating that most individuals with stroke
could use the system [12]. A gaming system designed for stroke
used in a home-based setting, but included regular visits with
clinicians, found similar results to this study, improvement in
pre- to posttesting, but the correlation with practice was
unremarkable. The percentage of days the participants used the
gaming system ranged from 54% to 100% [25]. Overall, results
from mHealth apps/systems appear promising, but much more
research is needed to provide clinicians with the information
they need to inform their decision making for mHealth home
programs.

Limitations
While performance and usability of mRehab were assessed in
laboratory prior to this study [11,45], the extended in-home use
revealed flaws in the system. About 63% (10/16) of participants
called to receive technical support and about 44% (7/16) of
participants received home visits for assistance. The technical
difficulties could have limited performance changes. In mRehab,
the prehensile grip with supination/pronation activities did not
demonstrate reduced times. It is possible that the difficulties
with breakage of 3D door knobs and keys impeded performance
improvements during training. Extended use of mRehab also
demonstrated that the system did not work well for all
individuals in the study. While inclusion and exclusion criteria
were designed to select individuals that were a good fit with
this intervention, 1 person did not complete the study. It is
challenging to determine what combination of assessments will
best predict adherence to mHealth-based programs. Further
investigation is necessary to assure home programs are tailored
to the individual’s abilities.
Interestingly, when participants rated the usability at the end of
the study, the average usability score for mRehab was 81.7.
Modest technology assistance may have impacted the usability
ratings. The use of technology in home programs is low [46].
It is possible that clinician’s decision to use written home
programs rather than technology is to eliminate the need for
technology assistance. Not only is research necessary to create
technology for rehabilitation, but also we must better understand
how technology needs to be introduced and supported for
successful use in self-managing long-term recovery.

Conclusion
The use of technology to improve home-programs and long-term
recovery is promising. It can benefit both individuals with stroke
in improving function and the field of rehabilitation in better
understanding long-term recovery.
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Abstract
Background: As many as 80% of stroke survivors experience upper limb (UL) disability. The strong relationships between
disability, lost productivity, and ongoing health care costs mean reducing disability after stroke is critical at both individual and
society levels. Unfortunately, the amount of UL-focused rehabilitation received by people with stroke is extremely low. Activity
monitoring and promotion using wearable devices offer a potential technology-based solution to address this gap. Commonly,
wearable devices are used to deliver a haptic nudge to the wearer with the aim of promoting a particular behavior. However, little
is known about the effectiveness of haptic nudging in promoting behaviors in patient populations.
Objective: This study aimed to estimate the effect of haptic nudging delivered via a wrist-worn wearable device on UL movement
in people with UL disability following stroke undertaking inpatient rehabilitation.
Methods: A multiple-period randomized crossover design was used to measure the association of UL movement with the
occurrence of haptic nudge reminders to move the affected UL in 20 people with stroke undertaking inpatient rehabilitation. UL
movement was observed and classified using movement taxonomy across 72 one-minute observation periods from 7:00 AM to
7:00 PM on a single weekday. On 36 occasions, a haptic nudge to move the affected UL was provided just before the observation
period. On the other 36 occasions, no haptic nudge was given. The timing of the haptic nudge was randomized across the
observation period for each participant. Statistical analysis was performed using mixed logistic regression. The effect of a haptic
nudge was evaluated from the intention-to-treat dataset as the ratio of the odds of affected UL movement during the observation
period following a “Planned Nudge” to the odds of affected limb movement during the observation period following “No Nudge.”
Results: The primary intention-to-treat analysis showed the odds ratio (OR) of affected UL movement following a haptic nudge
was 1.44 (95% CI 1.28-1.63, P<.001). The secondary analysis revealed an increased odds of affected UL movement following
a Planned Nudge was predominantly due to increased odds of spontaneous affected UL movement (OR 2.03, 95% CI 1.65-2.51,
P<.001) rather than affected UL movement in conjunction with unaffected UL movement (OR 1.13, 95% CI 0.99-1.29, P=.07).
Conclusions: Haptic nudging delivered via a wrist-worn wearable device increases affected UL movement in people with UL
disability following stroke undertaking inpatient rehabilitation. The promoted movement appears to be specific to the instructions
given.
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Introduction

focusing on the accuracy and validity of accelerometry
measurement of real-world UL movement [32-34].

Although the incidence of stroke has reduced, its burden
continues to grow as more people are surviving after stroke and
living with disability [1]. Direct and indirect health care costs
following stroke are strongly correlated with stroke disability,
with greater disability associated with greater costs [2,3].
Around 80% of stroke survivors experience upper limb (UL)
disability, with only 5%-20% achieving full recovery of UL
function [4-6]. UL disability has subsequent impacts on
independence in activities of daily living, discharge destination,
return to work, quality of life, and mood [7-10].

Wearable devices that deliver haptic nudges have been used to
promote physical activity in both healthy and patient populations
[35-39]. Commonly, a haptic nudge reminder is delivered via
a small motor embedded inside a wearable device. Wearers are
encouraged to respond to a haptic reminder by performing a
particular behavior. For example, a haptic nudge might be used
to remind the wearer to stand up and move after an extended
period of sitting or to undertake rehabilitation exercises.
However, despite the pervasiveness of haptic nudging in
consumer wearable devices, there remains much to learn about
the effectiveness of haptic nudging in promoting behaviors in
patient populations. Haptic nudges have been used to effectively
promote behaviors in people with autism spectrum disorder [40]
and traumatic brain injury engaged in a rehabilitation task [41].
Research also suggests that wearable devices are feasible and
well tolerated in people with stroke [30,42,43], with preliminary
data indicating haptic nudging via wearable devices may
promote affected UL movement [31]. The aim of this study was
to estimate the effect of haptic nudging delivered via a
wrist-worn wearable device on UL movement in people with
UL disability following stroke undertaking inpatient
rehabilitation.

Effective rehabilitation involves high-dose, intensive,
task-specific activity [11]. Meta-analyses of randomized
controlled trials suggest there is a dose-response relationship,
with higher doses of rehabilitation resulting in better outcomes
[12-14]. However, studies describing usual stroke care illustrate
that the dose of UL rehabilitation received by people with stroke
is extremely low, with as little as 4-6 minutes in physiotherapy
sessions and 11-17 minutes in occupational therapy sessions
[15]. Movement of the affected UL outside formal therapy
sessions during inpatient rehabilitation is also low [16].
Consequently, affected UL movement dose, both within formal
therapy sessions and across the rehabilitation day, is currently
insufficient to reduce UL disability following stroke.
Rehabilitation technologies have been proposed as potential
solutions to the limited dose of rehabilitation this population
receives [17]. A number of technological solutions have been
developed for use in UL stroke rehabilitation, including virtual
reality, gaming, and robotics [17-19]. Despite indications of
effectiveness [20,21], the use of rehabilitation technologies is
not yet pervasive in stroke care [18]. Therapists have identified
several barriers to adopting rehabilitation technologies, including
concerns about patient safety, whether the technology effectively
addresses a clinical need, and the feasibility of technologies
from time, space, and cost perspectives [22,23]. The poor uptake
of rehabilitation technologies is inconsistent with research
involving people with stroke that indicates rehabilitation
technologies can support engagement and interest in performing
repetitive rehabilitation activities and offer a means of social
support [19,24,25]. Activity monitoring and promotion using
wearable devices is a potential low-cost and feasible
rehabilitation technology. Research investigating the effect of
wearable devices on outcomes following stroke is in its infancy.
Preliminary indications suggest that wearable devices may
increase the amount and intensity of physical activity undertaken
during rehabilitation [26-28] and potentially contribute to
improved functional outcomes [29]. However, the effect of
wearable devices on UL rehabilitation and outcomes has been
less well studied [30,31], with much of the research to date
https://mhealth.jmir.org/2020/7/e17036
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Methods
Study Design
A multiple-period randomized crossover design was used to
measure the association of UL movement with the occurrence
of haptic nudge reminders to move the affected UL in 20 people
with stroke undertaking inpatient rehabilitation. UL movement
was observed and classified using movement taxonomy across
72 one-minute observation periods from 7:00 am to 7:00 pm
on a single weekday. On 36 occasions, a haptic nudge (Nudge)
to move the affected UL was provided just before the
observation period, and on the other 36 occasions, no haptic
nudge was given (No Nudge). The timing of the haptic nudge
was randomized. Approval for this study was obtained from the
New Zealand Health and Disability Ethics Committee
(16/NTA/74).

Participants
All people with stroke admitted to the rehabilitation service
from July 2018 through December 2018 were considered for
inclusion in this study. Participants were included if they had
a confirmed diagnosis of stroke based on the Oxford
classification system [44], presented with UL deficit as a result
of stroke as determined by their rehabilitation therapist, were
deemed medically stable and fit for rehabilitation by their
medical consultant, and provided written informed consent.
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Participants were excluded if they had cognitive, behavioral, or
communication impairments that, in the opinion of the research
team (RM, DT, NS), would limit their ability to participate in
the research (for example, if the person was unable to follow a
2-step verbal command or recall the details of the research
study); were within 3 days of planned discharge from inpatient
rehabilitation; or reported shoulder pain.

Procedure
Potential participants were identified and referred to the research
team by their rehabilitation therapist. They were then informed
about the study and screened against the inclusion and exclusion
criteria by a trained research assistant. Eligible participants
provided written informed consent and identified a mutually
agreeable day for data collection. Demographic, clinical, and
medical information was gathered from the medical record of
consenting participants by the rehabilitation therapist. Collected
data included age, sex, ethnicity, date of stroke, type of stroke,
side of body most affected, dominant hand prior to stroke, date
of admission to the rehabilitation ward, estimated date of
discharge, comorbidities, and medications.
On the day of data collection, the participant was fitted with a
BuzzNudge wearable device on the wrist of the affected UL.
The BuzzNudge is a Bluetooth-enabled wearable device with
a 2.3 V coin vibration motor (Precision Microdrives Ltd, Model
310-103), which provided 3 consecutive vibratory stimuli of
0.3 seconds duration at 150 Hz within 1.5 seconds, representing
a similar magnitude of stimulus to the vibration of a phone. The
researcher explained the value of moving the affected UL after
stroke and instructed the participant to “move, try and move,
or visualize moving their (affected) arm” following a nudge.
The researcher emphasized that the participant should do
whatever movement they felt they could manage. If sensation
was impaired in the affected UL such that the participant could
not feel the haptic nudge, the device was worn on the less
affected UL, but the participant was still instructed to use the
haptic nudge as a reminder to move the affected UL.
During data collection, participants were followed discreetly
out of their field of view around the rehabilitation ward, therapy
areas, and hospital facilities by a trained researcher (where
feasible). The researcher manually recorded UL movement for
1 minute every 10 minutes [45]. Each minute of observation
was broken into 6 epochs of 10 seconds using a silent interval
timer. UL movement was classified according to a previously
defined taxonomy: (1) unilateral affected UL movement; (2)
unilateral unaffected UL movement; (3) bimanual movement,
where movement of both ULs was observed to achieve a
common task or purpose; (4) bilateral limb movement, where
movement of both ULs was observed to achieve independent
or unrelated tasks; and (5) no movement [16]. When patients
were not able to be directly observed (ie, because curtains were
drawn or when in showers or toilets), activity was recorded after
conferring with the participant, staff, or family members, as
appropriate. In circumstances where the activity could not be
estimated (eg, during 4 randomly scheduled observer breaks),
activity was coded as unobserved [16,46].
Haptic nudge reminders were triggered by the researcher via
Bluetooth immediately before movement observation according
https://mhealth.jmir.org/2020/7/e17036
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to a planned randomization schedule. For half of the observation
periods, a haptic nudge was to be provided, and for half, a haptic
nudge was not to be provided. Further details regarding the
randomization schedule are presented in Multimedia Appendix
1. Haptic nudges were not triggered if the participant was not
visible, the participant was asleep, or a nudge was considered
inappropriate (eg, if the participant was drinking a hot beverage
or undertaking an assessment procedure). Any scheduled nudge
that was not given was recorded as a “Missed Nudge.”

Statistical Analysis
Coded data were entered into a Microsoft Excel spreadsheet.
Descriptive analysis was used to examine the amount and type
of UL movement. If a participant withdrew from the study, their
movement observations were coded as missing values, and their
scheduled nudges were coded as Missed Nudges. Statistical
analysis was performed using mixed logistic regression. Total
affected UL movement was collated based on all observations
in which the affected UL was moved: total affected UL
movement = unilateral affected UL movement + bilateral limb
movement + bimanual movement.
In the primary analysis using the intention-to-treat dataset,
nudges were represented as a fixed effect factor with two levels:
Planned Nudge (ie, Nudge + Missed Nudge) and No Nudge,
meaning the analysis considered whether a nudge was planned
or not, rather than delivered. The effect of Planned Nudges was
evaluated as the ratio of the odds of affected UL movement
during the observation period following a Planned Nudge to
the odds of affected UL movement during the observation period
following No Nudge. More formally, the primary null hypothesis
tested with the model was: H0: ORPlanned Nudge/No Nudge = 1.
The sensitivity of the effect of the Planned Nudge to missing
values was tested with the pooled effect of 10 worst-case random
imputations at the level of the participant with the worst
outcomes.
In the secondary analysis using the intention-to-treat dataset,
two additional models were used to evaluate the effect of a
Planned Nudge on unilateral affected UL movement and the
sum of bilateral limb movement + bimanual movement,
respectively. A post-hoc exploratory analysis with an
instrumental variable approach was used to evaluate the local
average treatment effect (also known as complier average causal
effect) of the haptic nudge reminder. This analysis considered
the effect of the haptic nudge when delivered (Nudged)
compared with no haptic nudge (Not Nudged) irrespective of
the schedule on total affected UL movement. To explain the
variation in UL movement across the day, all models fitted the
data with smooth natural splines that had 1 degree of freedom
per hour. To account for correlated repeated measures, the
models included hierarchical random effects per participant and
per hour within participant. Statistical analyses were performed
using R version 3.5.1 (R Foundation for Statistical Computing,
Vienna, Austria) with lme4 version 1.1-21 [47], splines version
3.5.1 [48], and emmeans version 1.3.4 [39]. The threshold of
statistical significance was set at .05. A detailed statistical
analysis report containing code snippets and additional graphical
representations of data is available in Multimedia Appendix 1.
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Results
Participant Characteristics
In total, 20 people consented to participate in this study (Table
1). Participants’ median age was 76 years (IQR 68-83 years),
and the median time since stroke was 23.5 days (IQR 8.25-38.25
years); 9 participants had left hemiparesis, 10 had right
hemiparesis, and 1 participant had bilateral symptoms with the

left UL more affected than the right. Five participants had total
anterior circulation syndrome, 10 had partial anterior circulation
syndrome, 4 had lacunar circulation syndrome, and 1 had
posterior circulation syndrome. Of the participating patients, 4
had hemorrhagic stroke, and 16 had ischemic stroke. Participant
2 was withdrawn from the study when 6 nudges in a row were
unable to be delivered due to a technical error. Participant 6
asked to withdraw 20 minutes into data collection due to
experiencing anxiety associated with wearing the device.

Table 1. Participant demographics.

a

Participant

Age range (years) Gender

Stroke classification

Days since stroke

AULa

AUL = dominant ULb Device worn on AUL

1

70-79

Male

LACS-Ic

9

Left

No

Yes

2d

80-89

Female

TACS-Ie

39

Left

No

Yes

3

70-79

Female

TACS-I

59

Left

No

Yes

4

40-49

Female

LACS-Hf

8

Right

Yes

Yes

5

Right

Yes

Yes

g

5

60-69

Female

PACS-I

6d

80-89

Male

PACS-I

34

Left

No

Yes

7

70-79

Male

TACS-I

27

Right

Yes

Yes

8

80-89

Female

PACS-I

7

Left

No

Yes

9

80-89

Male

TACS-I

67

Right

Yes

Yes

10

60-69

Male

PACS-I

36

Right

Yes

Yes

11

50-59

Female

TACS-I

25

Left

Yes

Yes

12

70-79

Male

LACS-H

33

Left

No

No

13

80-89

Male

PACS-I

12

Left

No

Yes

14

60-69

Male

LACS-I

3

Right

Yes

No

h

15

70-79

Male

PACS-H

40

Right

Yes

Yes

16

80-89

Female

PACS-I

22

Right

Yes

Yes

17

60-69

Female

PACS-I

6

Left

No

Yes

18

60-69

Male

POCS-Ii

10

Bilateral

Yes

Yes

19

80-89

Male

PACS-I

9

Right

Yes

Yes

20

80-89

Male

PACS-H

160

Right

Yes

Yes

AUL: affected upper limb.

b

UL: upper limb.

c

LACS-I: lacunar circulation syndrome ischemic.

d

Participant withdrawn.

e

TACS-I: total anterior circulation syndrome ischemic.

f

LACS-H: lacunar circulation syndrome hemorrhagic.

g

PACS-I: partial anterior circulation syndrome ischemic.

h

PACS-H: partial anterior circulation syndrome hemorrhagic.

i

POCS-I: posterior circulation syndrome ischemic.

Data Completeness
In total, 7517 of a possible 8640 observations of movement in
10-second time intervals were recorded across the 20
participants (median 414 observations/participant, IQR 402-420
observations/participant, range 12-432 observations/participant),
representing data completeness of 87.0%. Data loss was due to
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the 2 participants who withdrew (769/8640 observations, 8.9%)
and the remaining participants being away from the service for
appointments or involved in private personal hygiene activities
(354/8640 observations, 4.1%).
Of the 720 Planned Nudges, 32.6% (235 Nudges) were not
delivered (Missed Nudge), with 8.7% (63/720 Nudges) ascribed
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to the 2 participants that withdrew. For the remaining Missed
Nudges, participants were sleeping for 12.6% (90/720) of the
Planned Nudges; Nudges could not be directly observed for
6.7% (48/720) of the Planned Nudges; a nudge was deemed
inappropriate for 2.8% (20/720) of the Planned Nudges; a
technical error prevented nudging for 1.4% (10/720) of the
Planned Nudges; and the reason was not stated for 0.4% (3/720)
of the Planned Nudges.

UL Movement
During observations without a nudge scheduled (No Nudge),
the affected UL moved 19.2% of the time; 15.6% of movement
occurred in conjunction with the unaffected UL, and only 3.6%
of the time the movement was of the affected UL by itself. The
unaffected UL moved 39.2% of the time, with half of this
movement (23.6%) being movement of the unaffected UL by
itself. Participants used one or both ULs for 42.8% of the
observation time.

Haptic Nudge Effect
The results of the statistical analyses are presented in Table 2.
The treatment effect of the intervention is represented by the
odds ratio (OR) for Planned Nudge versus No Nudge. This OR
indicated that the odds of moving the affected UL either
independently (unilateral affected UL movement) or in concert
with the unaffected limb (bimanual movement or bilateral limb

movement) was 1.44 times greater following a Planned Nudge
than following No Nudge. The proportions estimated by the
model for the affected UL movement (unilateral affected UL
movement + bilateral limb movement + bimanual movement)
recorded during the observation periods following a Planned
Nudge and No Nudge were 26.7% (95% CI 15.4%-42.2%) and
20.2% (95% CI 11.2%-33.6%), respectively. Therefore, the
average absolute increase in the proportion of affected UL
movement with the intervention was 6.5% (95% CI 4.2%-8.6%),
representing an increase of 32.2% in average activity. The
sensitivity analysis showed that the effect of the Planned Nudge
on unilateral affected UL movement + bilateral limb movement
+ bimanual movement was robust to missing values (P<.001).
The proportion of observation periods with affected UL
movement following Planned Nudges and No Nudges by
participants is represented in Table 3.
The secondary analysis revealed that the odds of moving the
affected UL independently (unilateral affected UL movement)
was 2.03 times greater following a Planned Nudge than
following No Nudge. However, the OR for either bilateral or
bimanual movement (bilateral limb movement + bimanual
movement) was only 1.13 times greater. The exploratory
analysis revealed that the OR for the effect of the haptic nudge
when delivered (Nudged) compared with no haptic nudge (Not
Nudged) irrespective of the schedule was 1.64.

Table 2. Odds of an affected upper limb (UL) movement recorded during the observation periods.
Estimate

Odds ratio

95% CI

Standard error

Z value

P value

Primary analysis: AUa+BiLb+BiMc

1.44

1.28-1.63

0.09

5.86

<.001

Sensitivity analysis: AU+BiL+BiM

1.30

1.16-1.46

0.08

4.4

<.001

Secondary analysis: AU

2.03

1.65-2.51

0.22

6.65

<.001

Secondary analysis: BiL+BiM

1.13

0.99-1.29

0.08

1.80

.07

1.64

1.42-1.89

0.12

6.77

<.001

Planned nudge/no nudge

Nudged/not nudged
Exploratory analysis: AU+BiL+BiM
a

AU: unilateral affected upper limb movement.

b

BiL: bilateral limb movement.

c

BiM: bimanual movement.
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Table 3. Proportion of observations with affected upper limb movment (unilateral affected upper limb movement + bilateral limb movement + bimanual
movement) following No Nudge and Planned Nudge.
Participant

No Nudge (%)

Planned Nudge (%)

1

7.41

11.11

2

1.85

0.00

3

26.39

30.09

4

3.24

13.89

5

46.30

52.31

6a

3.70

0.00

7

18.06

12.96

8

35.19

38.89

9

1.39

5.56

10

16.67

9.26

11

5.56

7.87

12

6.48

0.93

13

30.09

37.96

14

15.74

42.13

15

20.83

39.35

16

32.87

43.98

17

23.61

37.96

18

38.89

24.54

19

25.93

43.06

20

23.61

16.67

a

a

Participant withdrawn.

Discussion
Principal Findings
This multiple-period randomized crossover study explored the
effect of haptic nudging on UL movement in people with stroke.
Haptic nudging increased the likelihood that a person with stroke
moved their affected UL by 1.44 times (P<.001) during the
subacute rehabilitation phase. Haptic nudging resulted in a
relative increase in the proportion of affected UL movement of
32.2%. The actual amount and type of UL movement observed
without nudging in our study was comparable with our
previously published research [16] and other observational
studies [33,46]. This strengthens the assertion that haptic nudges
influence the amount of affected UL movement in people with
stroke. This study is the first to specifically investigate whether
haptic nudges delivered by a wrist-worn wearable device
influence the amount of UL movement undertaken during
rehabilitation following stroke. Given the limited amount of
spontaneous UL movement following stroke [16,46,49] and the
challenges associated with increasing the dose of UL
rehabilitation [15,50], these research findings indicate that haptic
nudging represents a potentially powerful stroke rehabilitation
tool that could be easily implemented in clinical practice.
Our secondary analysis clarified the type of UL movement
promoted by haptic nudging. Participants were 2.03 times more
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likely to move their affected UL in isolation (unilateral affected
UL movement) following a haptic nudge compared with moving
the affected UL in concert with the unaffected UL (bimanual
movement + bilateral limb movement), which was just 1.13
times more likely. Given that participants were instructed to
move their affected UL rather than both limbs together, the
instructions related to haptic nudging may be important in
determining exactly which movements are promoted. This
specificity in effect has been noted in other studies in which
people with stroke altered their behavior in response to feedback.
Dobkin and Plummer-D'Amato [51] gave daily feedback in
relation to gait speed to people with stroke undertaking
rehabilitation. They reported the feedback group had
significantly increased gait speed but did not change walking
endurance or independence compared with the control group
(usual care). Our study contributes to the growing body of
research suggesting that drawing attention to specific aspects
of movement and physical activity throughout the rehabilitation
day can influence patient behavior during stroke rehabilitation
[26-31].
The greater odds of moving the affected UL in the minute
following a planned nudge resulted in a 32.2% increase in the
average amount of movement. Another small-scale
proof-of-concept study involving people with stroke (n=7) [30]
indicated an increase of 19.7% in the average amount of affected
UL movement in the hour following a haptic nudge reminder
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17036 | p.966
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to undertake exercises. In that study, participants were instructed
to perform up to 80 repetitions of task-specific training in
response to a haptic nudge, but only received a median of 4
nudges across the rehabilitation day. In contrast, participants in
our study received an average of 27 haptic nudges and were
instructed to move, try to move, or think about moving their
affected UL following a nudge. It is not yet known how the
frequency of nudges, burden of the required behavioral response,
and capacity to integrate that response into everyday activities
influence the magnitude and duration of the haptic nudge effect
in people with stroke.
Results for individual participants illustrated that there was
considerable variability in response to haptic nudging. For
example, 13 participants increased the amount of movement of
their affected UL in response to nudging, with 8 exhibiting large
relative increases. In contrast, 5 participants had a reduction in
the amount of affected UL movement in response to haptic
nudging. There appeared to be no relationship between
individual response and participant age, stroke severity,
hemiplegic side, or whether the hemiplegic side was the
dominant hand. Although the researchers checked that the
participant understood the instruction to move the affected UL
in response to haptic nudging at the beginning of data collection,
it remains unclear whether cognitive, communication,
perceptual, or sensory deficits influenced participants’ ability
to attend and respond to the nudge. Other nudging modalities
(eg, auditory tones, lights, and text messaging) may be effective
and more appropriate than haptic vibration for some people
with stroke [52]. In addition, we relied on observation of
movement, and it was not possible to determine whether
participants who were more severely affected were attempting
to or thinking about moving their affected UL. This could be
addressed in future research by using alternative data collection
methods such as ecological momentary assessment [53] or
electroencephalography to determine movement intention [54].
One participant who had moved less in response to haptic
nudging had a cerebellar stroke that influenced UL movement
bilaterally; advocating increased movement of the more affected
limb might have been inappropriate in that case. The relationship
between haptic nudge efficacy and clinical and demographic
factors requires further investigation to ensure that this type of
technology is used appropriately.
The magnitude of effect in response to haptic nudging might
have been underestimated in our study given that we included
observations in which planned nudges were not delivered
(Missed Nudges), for example, when a participant was asleep
or not visible to the researcher. This assertion was supported
by the exploratory analysis that revealed the OR for the effect
of the scheduled nudge when actually delivered compared with
no haptic nudge was 1.64. It is also noteworthy that our
participants were advised of the value of moving the affected
UL after stroke on a single occasion. The effect of haptic
nudging may be enhanced by providing regular positively
framed information on the consequences of nudged behavior
(eg, “more movement promotes recovery”), encouraging explicit
action planning (eg, “I will move my affected arm by…when I
feel the nudge”), repeated practice of the desired behavioral
response to the haptic nudge, and tracking and reporting the
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desired behavior [35,55,56]. In commercial wearable devices,
haptic nudging is commonly coupled with other behavior change
and persuasive strategies including education, gamification,
social support via social network services, and reward systems
[56,57]. It is likely that the magnitude of effect of a
comprehensive rehabilitation wearable technology that
incorporates haptic nudging with other behavioral change and
persuasive strategies would have a larger effect than the effect
of haptic nudging alone, as estimated in this study [35,58,59].
This study sought to investigate the effect of haptic nudging on
UL movement across an inpatient rehabilitation day; we did not
explore the effect on UL movement over a longer timeframe or
in a community setting. It is possible that people with stroke
habituate or become less responsive to haptic nudging with
everyday use. Conversely, they may learn to respond to haptic
nudging more effectively over time. Understanding the effect
over time is important, as increasing the dose of upper limb
movement to a therapeutic level through continued engagement
over a matter of weeks to months is likely required to promote
functional gains. In the subacute phase following stroke,
adherence to wearable devices has been reported as high [31,42],
although use appears to dwindle over time [42]. This is
consistent with studies in healthy community-dwelling people,
where half to two-thirds of purchasers continued to use wearable
devices 6 months after purchase [35,36]. In healthy populations,
uptake and ongoing use of such devices are influenced by
personal characteristics, including age, computer self-efficacy,
ease of use, usual levels of physical activity, internalization of
intention to change, and personality [36,60]. Although wearable
devices have been found to be acceptable to people with stroke
[61], one of our participants withdrew at the beginning of data
collection because wearing the device made him feel anxious.
Previous research indicates that the use of wearable technologies
may increase anxiety in clinical populations [62,63]. When
developing wearable devices to promote physical activity and
movement in people with stroke it may be important to consider
the personal and clinical characteristics of the intended users,
when and where in the continuum of care the device will be
used and for how long, and how users’ engagement and
adherence can be supported.

Limitations
A key limitation of this study was that the researcher observing
and recording movement was also responsible for triggering
the nudge and therefore not blinded to the intervention. While
the randomization schedule was designed to address lag, where
the effect of a nudge influences subsequent movement
observation periods (refer to Multimedia Appendix 1), the
duration of the nudge effect was unknown and might have
influenced subsequent observations. While participants were
blinded to the study hypothesis, it is possible that the research
protocol, particularly being observed by a researcher, may have
influenced the likelihood they moved in response to the haptic
nudge. Documentation of the number of potential participants
screened and the reasons for exclusion from the study would
have helped to interpret the external validity of the study
findings. A more detailed evaluation of the included participants’
sensorimotor, perceptual, cognitive, and communication
impairments along with measurement of their UL functional
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abilities may have allowed for a more nuanced interpretation
of the effect of haptic nudging in people with different clinical
presentations of stroke.

Conclusions
Haptic nudging increased the likelihood that a person with stroke
moved their affected UL by 1.44 times. This equated to an
increase of 32% in the average amount of affected UL
movement. Participants were twice (OR 2.03) as likely to move
their affected UL in isolation (unilateral affected UL movement)

Signal et al
in response to haptic nudging, compared with movement in
conjunction with the unaffected UL (OR 1.13), indicating that
the effect of haptic nudging was specific to the behavioral
instructions given. Given the limited amount of spontaneous
UL movement following stroke and the challenges associated
with increasing the dose of UL rehabilitation, haptic nudging
as part of a comprehensive wearable device aimed at increasing
the dose of UL movement represents a potentially powerful
stroke rehabilitation tool.
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Abstract
Background: Physiotherapy-led home rehabilitation after breast cancer surgery can protect against the development of upper
limb dysfunction and other disabling consequences of surgery. A variety of barriers can limit physical rehabilitation outcomes,
and patients may benefit from more support during this time. Mobile health (mHealth) systems can assist patients during
rehabilitation by providing exercise support, biofeedback, and information. Before designing mHealth systems for a specific
population, developers must first engage with users to understand their experiences and needs.
Objective: The aims of this study were to explore patients’ rehabilitation experiences and unmet needs during home rehabilitation
after breast cancer surgery and to understand their experiences of mHealth technology and the requirements they desire from an
mHealth system.
Methods: This was the first stage of a user-centered design process for an mHealth system. We interviewed 10 breast cancer
survivors under the two main topics of “Rehabilitation” and “Technology” and performed a thematic analysis on the interview
data.
Results: Discussions regarding rehabilitation focused on the acute and long-term consequences of surgery; unmet needs and
lack of support; self-driven rehabilitation; and visions for high-quality rehabilitation. Regarding technology, participants reported
a lack of mHealth options for this clinical context and using non-cancer–specific applications and wearables. Participants requested
an mHealth tool from a reliable source that provides exercise support.
Conclusions: There are unmet needs surrounding access to physiotherapy, information, and support during home rehabilitation
after breast cancer surgery that could be addressed with an mHealth system. Breast cancer survivors are open to using an mHealth
system and require that it comes from a reliable source and focuses on supporting exercise performance.
(JMIR Mhealth Uhealth 2020;8(7):e19721) doi:10.2196/19721
KEYWORDS
breast cancer; physiotherapy; rehabilitation; mHealth; biofeedback; user-centred design; cancer

Introduction
Breast cancer accounts for 1 in 4 cancer diagnoses in women
in Europe [1]. A pattern of decreased mortality rates and
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XSL• FO
RenderX

increased incidence means that there is an ever-increasing
number of women living with and beyond a breast cancer
diagnosis [2]. The adverse side effects of breast cancer treatment
can last for years after treatment finishes, limiting survivors’
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quality of life and participation in activities of daily living [3,4].
Addressing the consequences of treatment in this growing
population through rehabilitation is an essential component of
the holistic management of this disease and an important goal
for researchers and clinicians [5,6].
Upper limb dysfunction is a prevalent, persistent, and disabling
consequence of breast cancer treatment, which is reported by
up to 62% of women 6 years after treatment [3,7,8]. Symptoms
such as shoulder girdle pain, weakness, reduced range of
movement (ROM), and lymphedema are specifically associated
with surgery for breast cancer [8-10]. Physiotherapy-led
rehabilitation is recommended after breast cancer surgery to
prevent development of upper limb dysfunction, to assist a
return to full function, and to promote self-management and
maintenance of healthy lifestyle behaviors [11,12]. A key
component of physiotherapy rehabilitation is the home exercise
program (HEP), which is usually prescribed to patients on the
first day after surgery. Once discharged from hospital, the patient
is expected to continue doing this rehabilitation exercise
program daily at home without supervision from a
physiotherapist, a process referred to as “home rehabilitation.”
Performing exercise programs unsupervised at home can be
challenging, and in the general population adherence rates to
home exercise are as low as 65% [13]. In a breast cancer
population there are additional barriers to rehabilitation to
consider, such as the incapacitating side effects of cancer
treatment, hospital admissions, and difficulty accessing
physiotherapy in hospital or on discharge [14,15]. A large
US-based survey by Reigle and Zhang [16] found that 61% of
breast cancer survivors were instructed to perform upper body
exercises after their surgery and only 28% received these
instructions from a physiotherapist. Accessing a physiotherapist
with experience in managing breast cancer–related upper limb
impairments can be difficult, due to the low numbers of
physiotherapists within this specialty [17]. Provision of a
preoperative review and postoperative follow-up care for up to
1 year after surgery with long-term ongoing surveillance is
recommended to optimize physical and functional well-being
after breast cancer surgery [5,18,19]. Although access to
physiotherapy services for breast cancer surgery varies between
and within nations, it rarely meets these recommendations
[20-22]. Considering the above barriers to rehabilitation, many
women may benefit from more support after surgery to optimize
their rehabilitation and limit the development of upper limb
dysfunction.
The Global Observatory for electronic health (eHealth) defines
mobile health (mHealth) as “medical and public health practice
supported by mobile devices…and other wireless devices” [23].
MHealth apps can effectively support patients after surgery
[24-27]. There is a promising role for mHealth apps and
wearable sensors to enhance breast cancer rehabilitation by
acting as motivational tools, to measure exercise interventions,
and to support self-management [28-30]. Interventions that
combine an app with a wearable external sensor can collect
biomechanical or physiological data and feed this back to the
user, allowing them to alter their exercise performance if needed;
this process is called biofeedback [31,32]. Biofeedback during
exercise is educational and motivational, can improve
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rehabilitation quality and safety, and can facilitate patient
engagement [33-35]. Biofeedback mHealth systems can enable
the collection of objective, longitudinal, and real-world data
related to exercise performance in the home environment
[30,36]. MHealth and biofeedback technologies have had an
impact in several areas of breast cancer care, such as symptom
management [37], screening [38], and general survivorship care
[39]. However, these technologies are still in the very early
stages of development and adoption in breast cancer
rehabilitation. To date, innovations have mainly focused on
physical activity interventions [40-42], lymphedema
management [28], psychological well-being [43], and general
survivorship care [29,44]. Very few interventions concentrate
on physiotherapy rehabilitation exercises. There is a need to
address this gap by developing an mHealth system that contains
biofeedback features to support patients during physiotherapy
rehabilitation in breast cancer.
To design an effective mHealth system, developers must first
understand the experiences and unmet needs of the target
population [45,46]. Unmet needs occur with a high incidence
across the entire spectrum of breast cancer care [47,48].
Although some studies have investigated the unmet needs of
patients within specific aspects of care, such as information
needs [49,50] or psychosocial needs [51], to date, little is known
about unmet needs during physiotherapy rehabilitation, despite
its importance in reducing the adverse side effects of surgery.
It is also essential in the early stages of digital technology
development to understand the perspectives and experiences of
the user in regard to the proposed technology [52,53]. Several
studies have investigated breast cancer survivors’ attitudes to
mHealth for general physical activity [54,55]; however, there
is a need to understand their attitudes toward, experiences of,
and requirements from mHealth technology for
physiotherapy-led breast cancer home rehabilitation.
The aim of this study was therefore to explore the experiences
and unmet needs of women during home rehabilitation following
surgery for breast cancer and to gather survivors’ perspectives
on and requirements from mHealth technology for postoperative
breast cancer rehabilitation.

Methods
Study Design
A qualitative research study design using semistructured
interviews with breast cancer survivors was undertaken to
explore their experiences and needs regarding rehabilitation and
technology. This methodology was chosen to allow a detailed
description of experiences and opinions, which can produce
rich, detailed, and complex data, even when collected from a
small number of respondents [56,57]. The study was conducted
and reported according to the Consolidated Criteria for
Reporting Qualitative Research (COREQ) checklist for
qualitative studies [58]. Ethics approval for this study was
granted by University College Dublin Human Research Ethics
Committee. All participants provided written informed consent
to take part in this study.
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Participants and Recruitment
Participants for this study were women with a history of breast
cancer living in the wider Dublin area, who were recruited from
a sports club whose members are all survivors of breast cancer.
This sample was chosen to ensure the data collected represented
the general perspectives of breast cancer survivors and was not
influenced by where they received cancer treatment. It was
important to capture how consequences of surgery and
postoperative rehabilitation may have impacted participants in
the medium- and long-term [5]. Therefore, participants were
individuals who had completed their treatment and could reflect
on their experiences across and beyond the entire treatment
pathway. Participants were required to be 18 years of age or
older and to have had surgery for breast cancer within the last
5 years. This time limit served to ensure that current
rehabilitation practices were represented, and to improve
reliability of experience recollection. The lead researcher was
introduced to the club members by a physiotherapist who is
professionally associated with the club. Individuals interested
in participating contacted the lead researcher, at which point
they were screened for inclusion suitability. A sample size of
10 participants was chosen. This is in line with recommendations
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by Guest et al [59], who found that data saturation occurred
within 12 interviews and meta-themes could be detected at 6
interviews. Other qualitative literature with breast cancer
survivors used a similar number of participants [55,60,61].

Data Collection
A literature review of unmet needs and technology in breast
cancer rehabilitation, as discussed in the introduction to this
study, informed the development of a flexible, semistructured
interview guide, which is presented in Textbox 1. The
interviews, which were audio-recorded, contained two main
topics with two distinct aims: the first topic (questions 1.1-1.7)
aimed to explore rehabilitation experiences and the second topic
(questions 2.1-2.3) aimed to explore perspectives on, and
opportunities for, mHealth during rehabilitation. The interview
guide was developed in consultation with a postdoctoral
researcher with expertise in qualitative data collection and
analysis. Each participant had a one-on-one semistructured
interview with the lead researcher (LB), who is a female
physiotherapist and PhD researcher. Interviews lasted
approximately 45 minutes and took place in a private room in
the sports club, the participant’s home, or a similar private venue
between April and May 2019.

Textbox 1. Semistructured interview guide used in this study.
Topic 1: Rehabilitation experiences
•

1.1 Please talk me through your process of rehabilitation, from the time of the surgery until now.

•

1.2 Can you describe your awareness of how the operation would impact you, both short and long term?

•

1.3 Tell me about a time throughout the rehabilitation process that you found difficult.

•

1.4 What were your expectations of the physiotherapy care you would receive? How did they match the reality?

•

1.5 How well-equipped did you feel to do the postoperative rehabilitation at home? How confident did you feel doing the exercises?

•

1.6 Were you given exercise instructions and information? How?

•

1.7 Is there anything that might have helped you during rehabilitation after the surgery?

Topic 2: Digital technologies in breast cancer rehabilitation
•

2.1 Did you use any modern technologies to help you during your rehabilitation?

•

2.2 Do you use any technologies for your general health and well-being?

•

2.3 When discussing your experiences of physiotherapy, you mentioned [insert problem]. If there was a piece of technology to help you with
this issue, what would it do?

Data Analysis
The interviews were transcribed verbatim and anonymized
transcripts were imported into the qualitative data analysis
management software NVivo (QSR International). The lead
researcher applied a thematic analysis with a semantic, mixed
inductive and deductive approach to analyze the data, following
the process outlined by Braun and Clarke [56]. After a data
familiarization stage, the data was categorized into codes, which
contained conceptually similar ideas or actions. Applying an
iterative process, the relationships between codes were analyzed
and themes were formed by grouping related codes together. A
second researcher who specializes in qualitative data analysis
(TK) applied the same inductive thematic analysis process to
review and code extracts from 7 transcripts. The two researchers
compared codes and themes, and resolved any differences in
http://mhealth.jmir.org/2020/7/e19721/

XSL• FO
RenderX

coding through discussion. Data saturation was determined
when no new themes and relationships among the interview
data were found [62]. The lead researcher then performed a
final revision of the thematic analysis to ensure that the themes
accurately reflected the content of the data set and to screen for
internal and external heterogeneity of themes [63]. Final themes
were agreed, defined, and named by the two researchers.
Illustrative quotes for each code and theme were identified.
Participants did not receive a copy of the transcript or provide
feedback on the findings.
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Results
Participant and Surgery Characteristics
In total, 10 women participated in the semistructured interviews.
Participant characteristics are summarized in Table 1.
Information on the participants’ surgeries and physiotherapy
received are described in Table 2. Postoperative physiotherapy
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services mainly consisted of a single postoperative assessment,
which for the purposes of this study will be defined as a single
visit by the physiotherapist to review the patient, teach
postoperative exercises, and assist in mobility or other needs.
Those who had physiotherapy arranged as a follow-up (n=2) or
a later referral (n=2) reported the experience to be very helpful
and educational, with supportive and highly skilled
physiotherapists.

Table 1. Participant characteristics.
Participant characteristic

Participants, n

Female

10

Age (years)
35-44

1

45-54

6

55-64

2

65-74

1

Ethnicity
White (Irish)

10

Highest level of education
Trade/technical/vocational training

1

Diploma

1

Some university

1

Bachelor’s degree

3

Master’s degree

3

Doctorate

1

Employment status
Unable to work

2

Employed

5

Self-employed

1

Temporary retirement

1

Retired

1

Approximate annual household income (€)
30,000-50,000

3

50,000-75,000

4

75,000-100,000

2

>100,000

1

Marital status
Single

1

Married or domestic partnership

7

Separated or divorced

2

http://mhealth.jmir.org/2020/7/e19721/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19721 | p.976
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Brennan et al

Table 2. Characteristics of breast cancer surgery for each participanta.
Type of breast surgery

Physiotherapy received after surgery

Extent of axillary
surgery

Time since
surgery (years)

Public or private
health care

Postoperative assessment

Axillary clearance

4

Public

Postoperative assessment

Axillary clearance

2.4

Private

Axillary clearance

Unknownb

Axillary clearance

1.2

Public patient in
private hospital

Mastectomy

Unknown

Reconstruction (type unknown)

Seen daily in hospital

Axillary clearance

4

Private

Postoperative assessment and later selfreferral

Axillary clearance

3.4

Public patient in
private hospital

Postoperative assessment

SLNB

2.5

Private

Postoperative assessment

Unknown

4

Public

Postoperative assessment

Unknown

2.2

Private

Mastectomy with implant reconstruc- Postoperative assessment
tion

Unknown

1.5

Private

Axillary clearance

1

Private

Participant 1
Bilateral mastectomy
Axillary clearance
Participant 2
Lumpectomy
Lumpectomy and axillary clearance
Participant 3

Participant 4
SLNBc and lumpectomy

No

Axillary clearance

Participant unsure

Mastectomy

Postoperative assessment

DIEPd flap reconstruction

Postoperative assessment and out-patient
follow-up; later referred by oncologist

Participant 5
Bilateral mastectomy
Participant 6
SLNB
Lumpectomy
Participant 7
Mastectomy with reconstruction
Participant 8
Mastectomy with DIEP flap reconstruction
Participant 9

Participant 10
SLNB
Mastectomy and axillary clearance
a

Postoperative assessment and out-patient
follow-up

To preserve anonymity, participants are not listed in order and participant numbers do not correspond to those used throughout the manuscript.

b

“Unknown” refers to missing data that was not gathered during the interviews [64].

c

SNLB: sentinel lymph node biopsy.

d

DIEP: deep inferior epigastric perforators.

Topic One: Rehabilitation Experiences
Under the topic of “rehabilitation experiences,” four main
themes were identified: acute and long-term consequences of
surgery; unmet needs and lack of support; self-driven
rehabilitation; and visions for high quality rehabilitation.
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Theme 1: Acute and Long-Term Consequences of
Surgery
Participants experienced short-term and long-term consequences
of the surgery, which impacted their function and quality of
life. Long-term upper limb dysfunction was described by
Participant (P) 6: “This arm is definitely still a bit weaker. If I
go to pick things up, picking up groceries or whatever, I don't
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have the same strength in this arm.” As well as physical
impairments of stiffness and weakness, participants experienced
feelings of overwhelm, fear, and anxiety. The prospect of
developing side effects of surgery could be worrying; P8 stated,
“I was terrified of lymphedema.” Most participants were
surprised by how they felt emotionally after the surgery, and
report not being prepared for what to expect:
I had no idea that there would be such life changing
things going on in my body. You kind of think, you’ll
have your surgery…and then life will go back to
normal, but it doesn't. [P6]
Secondary musculoskeletal complications developed for several
participants, such as frozen shoulder, bursitis, and postural
problems. P2 reported how she could not move her upper limb
into the required position to receive radiotherapy:
The first time around, I developed a frozen shoulder.
This was very evident when I was going for my
radiotherapy, I couldn’t do it.

Theme 2: Unmet Needs and Lack of Support
Participants were not always aware of the importance of
physiotherapy and rehabilitation and several felt that there was
a lack of emphasis on rehabilitation throughout their hospital
stay:
I mean I was told, but it wasn't heavily enforced and
it wasn't really stressed. I don't feel that it was high
priority. [P5]
As demonstrated in Table 2, most participants only had one
assessment with the physiotherapist, with no follow-up
appointment. P2 explained:
Your physiotherapist comes to you in the ward, goes
through the exercises with you, but other than that,
there isn’t any real physio support, you do the
exercises yourself.
This was felt to be insufficient, especially if concerns arose after
this assessment, as P6 expressed: “I didn't really feel like I had
a physiotherapist that I could ring up and talk to.” There were
also challenges with how the HEP was provided. The sheet of
paper containing descriptions of the exercises was carefully
minded by some participants, but others, including P4, didn’t
take the same approach: “you don't know where you have left
it half the time.” Several participants felt that the physiotherapy
assessment took place too soon after the surgery. P10 explained:
“I was probably still on morphine, so I probably wasn’t paying
enough attention.”
As a result of the above unmet needs, P1 reported feeling
uncertain about how to perform the exercises:
I didn't even know whether I was doing it right or not,
you know, sitting on the bed supposed to be doing
this or this, or whatever, and I didn't bother then. [P1]
Additionally, there were difficulties with the postoperative
self-management advice that they had received from the hospital.
The information was “very unstructured and informal” [P5] and
two participants felt it was too focused on what not to do: “don’t
do this, don’t do this; it wasn’t reassuring to me in any sense”
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[P4]. Upon discharge from hospital, treatment side effects
restricted participants’ abilities to do the HEP; they reported
feeling “quite weakened” from chemotherapy [P8], that
radiotherapy “affected my skin and it made the stretching very
sore” [P10] and that fatigue was “the biggest impediment to
doing (the HEP)” [P4]. Financial barriers prevented two
participants from arranging private physiotherapy appointments.
Time and scheduling were additional barriers to home
rehabilitation, as was a fear of movement:
I think a woman is naturally terrified of it and afraid
that those stretch things are going to, you know, hurt,
so, I think there is just a barrier. [P8]
At a time when professional advice and support was much
needed, participants felt alone and unsupported:
Certainly, post-surgery you feel quite isolated,
whereas, in chemo you are meeting oncology nurses
all the time, but post-surgery…you are on your own.
[P8]
Having little contact with health care professionals was
especially difficult when participants experienced unexpected
side effects, as P8 reported: “I found it quite shocking and
terrifying…essentially I had nobody to turn to.”

Theme 3: Self-Driven Rehabilitation
A desire and motivation to recover was expressed by all
participants. Despite the unmet rehabilitation needs and barriers
to home rehabilitation, 6 participants expressed they had had a
strong internal motivation which led them to persevere with the
HEP. P4 asserted: “if you say to me that this is what you need
to do to get better, I'll do it.” Another motivating factor was
personal experience of upper limb dysfunction:
There is no question about it. I felt if I didn't stretch
my arm…it would be very stiff and, and very, very
sore. [P6]
When participants did have follow-up physiotherapy
appointments, this sense of accountability was an external
motivating factor. Participants were proactive in fulfilling their
own rehabilitation needs; for example, they sourced information,
support and advice as required:
It's hard to do nothing, therefore whatever is at hand,
you will look up, research and investigate or speak
to…people like to feel like they are being pro-active
about their own recovery. [P5]
There was a strong role for peer support, and speaking to other
individuals with breast cancer was an effective way to gain
knowledge, advice and assistance:
It was very rarely involved interacting with
professionals, it was almost exclusively peer to peer,
asking other women, what to do about lymphoedema,
what to do about, when to wear a sleeve? [P5]
The holistic benefits of exercise were mentioned by all
participants. Some participants tried new forms of exercise to
address surgery-related upper body dysfunction, including yoga,
Pilates, and going to the gym:
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My posture was horrendous, I was just completely
rounded, you know, to hide… So now, through the
Pilates…my posture is greatly improved. [P2]
Overall, 3 participants reported that they did not engage in
exercise prior to surgery, but continued because they saw the
benefits of the particular activity. P1 stated that, “There is a
whole new me, from being a couch potato all my life, to doing
this.” Additionally, 8 participants discussed the social and
psychological benefits of exercise, which ranged from having
improved confidence and feeling calmer, to having the
opportunity to get fresh air and make new friends. Regarding
the sports club, participants spoke of finding “a great
camaraderie” [P3] and of “meeting people who have been
through something similar, you can all relate” [P4]. P10
expressed gratitude for the club and her experience as a member
of that community:
I also think that was the silver lining to the whole
experience ‘cos now I have a whole life around that,
and a whole lot of new friends, so that has been
brilliant.

Theme 4: Visions for High Quality Rehabilitation
Discussions of good experiences with health care professionals
and recommendations for service improvements provided
insights into patient preferences for breast cancer rehabilitation.
Participants appreciated proactive care and patient education.
P6 described a valuable interaction with her physiotherapist:
“she wasn't forceful but she made it clear that if you don't do
your exercises you will be left with less movement.” All
participants recommended more access to physiotherapy
services, especially follow-up assessments after discharge from
hospital:
I would have liked to, maybe, have gone through the
exercises that I was trying to do, check that I was
doing them properly. [P3]
Several participants recommended providing patients with more
information about what to expect after the surgery, regarding
diet, exercise, and breast prostheses. One participant suggested
this could be done through a physiotherapist-led preoperative
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information session, while another requested a postoperative
support group:
A support group for people, for the after-effects of
surgery and everything else, which would include the
physiotherapist plus maybe other things as well. [P6]

Topic Two: Technology
The experiences of the participants with mHealth technology
and the features that participants would like to see in an mHealth
tool for breast cancer rehabilitation were the two distinct themes
from this portion of the interviews.

Theme 1: Experience with Digital Technology for Health
The digital technologies used by participants for health and
rehabilitation are detailed in Table 3. None of the participants
used a breast cancer–specific mHealth tool; instead, participants
applied technology for the general population to meet their
cancer rehabilitation needs. Only 1 participant did not use any
digital technology for health, stating that, “I think here we are
seriously looking at an old age thing” [P3].
Technology played two main roles: first, it acted alongside
health care professionals, for example to help patients
understand information provided by the hospital: “[The
terminology] was all new language to me, so when I came home
I did google all that” [P1]. Second, it compensated for unmet
needs in health care provision, for example to provide exercise
advice: “I would do Pilates, I would watch an app to do that”
[P6]. Overall, 6 participants used activity monitors, and they
perceived them as good motivators to be physically active,
providing a sense of achievement when participants reached
their goals. Some disadvantages of mHealth were expressed,
such as feeling overwhelmed by the volume and content of
information: “you can really live in cancer-land” [P6]. Concerns
about data privacy were raised: “What happens if [your personal
information] somehow gets into the wrong hands?” [P7].
Additionally, it was acknowledged that technology cannot
replace the role of the human in health care:
As much as you want apps or websites, you also need
the human bit, you need them all. [P10]
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Table 3. Participants’ use of digital technology and mHealth.
Technology characteristic

Participants, n

Smartphone owner
Yes

10

Uses smartphone apps or wearables in daily life
Yes

10

Used mHealth tool designed for postoperative rehabilitation
No

10

Used or uses digital technology for general cancer rehabilitation issuesa
Activity monitor: wearable

5

Activity monitor: smartphone

4

Guided exercise app

2

Mindfulness app

2

Cancer-themed podcast

1

Online breast cancer magazine

1

Nothing

1

Used or uses digital technology for health information seeking

a

Yes

5

Yes, occasionally

2

Not sure

2

No

1

Some participants used more than one digital technology for rehabilitation issues.

Theme 2: Requirements for an mHealth System
All participants stated that they would have liked to have tried
out an mHealth system during home rehabilitation if such a
system had been available. Throughout the discussion,
participants suggested features they would like to see in such a
system (Table 4). These features largely focused on exercise
information and guidance. In total, 4 participants suggested
having a visual aid in the form of a physiotherapist or a
biofeedback avatar performing the exercises alongside them.
They felt that an avatar should resemble someone who could
have had breast cancer treatment, but not someone currently in
treatment:
I don't think you would need anybody bald, you
wouldn't want, necessarily, that reminder. Maybe not
somebody with gorgeous locks, short hair would be
fine. [P5]
A desire for both audio and visual exercise biofeedback was
expressed by P9: “If there is going to be an audio, having
something visual as well, it’s there if I wanted to check, ‘Yeah,
I am doing this correctly.’” It was important to many that the
system should be provided from the hospital: “if it's through
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the hospital, then, you know, it's got that legitimacy” [P5]. A
record of exercise performance was a popular feature, not only
because it would provide feedback to patients, but because it
would remotely provide feedback to the physiotherapist as well:
I would like to know that…somebody had taken an
interest and a follow-up in what I am doing…and then
they would be able to intervene if they saw I wasn’t
doing it properly. [P1]
Regarding the style of the system, there was a strong preference
for a “less is more” approach, with concise information that is
specific to the patient’s own situation:
Your concentration is shot after cancer when you are
having treatment…You need to ask a question and
get an answer. [P2]
There was a preference toward content that is positive and
life-affirming, delivered with an encouraging and reassuring
tone:
I think maybe some encouragement because it's such
a difficult time, not just 'do this,' but 'how are you
finding it?' You know, 'how's your day?' [P5]
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Table 4. Desired features in an mHealth home rehabilitation system: participant suggestions and frequency of suggestion.
Feature

Suggestion frequency, n

Information on exercises

8

Record of exercise sessions

6

Reminders

5

Motivational messaging

4

Exercise videos

4

Personalization of content

3

Contact with physiotherapist

3

Interact with other patients

2

Postoperative information

2

Goal setting

2

Repetition counter

2

Exercise progression generator

1

Discussion
Principal Findings
This study presented detailed insights into the physical
rehabilitation experiences and unmet needs of 10 women after
surgery for breast cancer. It has highlighted the barriers to home
rehabilitation and presents participants’ visions for high-quality
rehabilitation. Through this, the role of an mHealth system with
biofeedback features to reduce barriers and improve quality of
care can be seen. Additionally, this study explored patient
preferences and requirements for such a system. Under the topic
of “rehabilitation,” themes covering the experiences of acute
and long-term consequences of surgery; participants’ unmet
needs and feelings of lack of support; the motivation and need
to take the lead in one’s own rehabilitation; and participants’
visions for high-quality rehabilitation were identified. Under
the “technology” topic, the sample’s experience with digital
technology and mHealth were outlined, and key requirements
for an mHealth home rehabilitation support system were
identified.

Comparison with Prior Work
The findings regarding the acute and long-term consequences
of breast cancer surgery were wholly in line with previous
research. Throughout the “rehabilitation” section of the
interview, participants reported a desire for increased access to
physiotherapy services, both before and after surgery, and at
later stages of treatment. Alongside clinical practice guidelines,
other research with patient populations also supports these
recommendations for routine preoperative and follow-up
physiotherapy services [18,65,66]. Many participants had
extensive breast surgery and axillary clearance (Table 2), which
are risk factors for the development of lymphedema [67] and
arm and shoulder impairments [68], indicating that this sample
had substantial rehabilitation needs from the time of surgery
onward. All participants experienced postoperative upper limb
dysfunction, which for some resolved after the acute
postoperative period, but, as reported by Ewertz et al [7], these
symptoms could last long after treatment completion. As also
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described by Easley et al [69] in their analysis of interviews
with young breast cancer survivors, at the time of treatment
many participants were not made aware of rehabilitation services
or the importance of rehabilitation. Easley et al stated that their
participants also experienced a lack of support and had “no
place to turn for help.” In work by Harder et al [70] and Lee et
al [71], participants often felt that the perioperative information
they received was insufficient and poorly timed; participants in
this study shared this perspective. The recurrence of these
themes throughout literature that spans a decade suggests that
improvements in accessing rehabilitation services are not
happening quickly enough, and that innovative methods of
improving access to care are needed.

Implications of Findings
The unmet needs described by participants in this study include
a need to be educated in advance about the impact of the surgery
and the importance of rehabilitation; a need for more
physiotherapy services; a need for timely and clearly presented
information regarding postoperative care; a need for more
support on discharge and the ability to contact the appropriate
health care professional when concerns arise. These unmet needs
highlight areas in which improvements to care could be made,
either through traditional service development methods or
through the use of technology. An mHealth system, such as an
app, could assist in these improvements by being a portable
source of postoperative support by providing information,
prescribed exercises, and a method of remote contact with a
physiotherapist. Improved clinical outcomes have been
demonstrated by combining a standard postoperative HEP with
an mHealth app and biofeedback technology [35,72].
Additionally, Lambert et al [73] report that people with
musculoskeletal conditions self-report adhering to their HEP
better with an app than with a paper handout.
An important finding of this study was the participants’ high
levels of motivation to recover after surgery. Although
adherence to HEPs has been found to be low in many
populations [13,74,75], it is not necessarily the case in this
population. Essery et al [76] report that self-motivation is a
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positive predictor of adherence to home rehabilitation. Although
many participants reported doing their exercises “religiously,”
there was uncertainty regarding the exercises and barriers to
performing the HEP. This may have led participants to perform
poor-quality rehabilitation or to stop doing the HEP prematurely.
Improving motivation to exercise should therefore not be a
primary goal of mHealth in this context; instead, the focus
should be on improving the quality of rehabilitation.
No participants used mHealth technology for their postoperative
rehabilitation. This reflects the lack of digital technology
specifically designed for this period of breast cancer care and
a lack of awareness of available apps, rather than a lack of desire
to use mHealth, as all participants stated they would have used
a suitable mHealth tool if it was available. Older age was a
limiting factor for 1 participant for use of digital technology in
daily life, but it was not a barrier to her desire to use mHealth.
This is consistent with research by Abelson et al [77] which
found that older adults are as willing as younger adults to engage
with mHealth. Technologies with the capacity for objective,
detailed in-clinic assessment are emerging, such as the Kinect
(Microsoft Corp) reachable workspace system, as applied in a
breast cancer population by Uhm et al [78], and a
smartphone-based fatigue test developed by Cuesta-Vargas et
al [79]. As a key stakeholder in these technologies, the openness
of patients to the use of effective, helpful technologies is
essential. After the acute stage of recovery, participants often
used non–cancer-specific consumer technologies for physical
activity and mental well-being. However, these may not meet
the needs of individuals with breast cancer, as they do not
consider fatigue, upper limb dysfunction, and other
disease-specific considerations [80]. Zhou et al [81] developed
a program using WeChat to provide physical, psychological,
and social guidance after breast cancer surgery. Although this
did not support the user through biofeedback features, it
provided an opportunity to communicate remotely with a nurse
or doctor from the breast surgery team at a specific time of day.
Overall, participants saw value in an mHealth tool to support
patients during home rehabilitation after breast cancer surgery.
They requested a system which focuses on providing exercise
information, feedback on progress, and guidance in an
audiovisual manner. This is echoed in a 2019 exploration of
breast cancer survivors’ preferences for mHealth physical
activity interventions by Phillips et al [80], who found that
exercise progress feedback and exercise scheduling were highly
desirable features. Several of the suggested features for an
mHealth system can be categorized as biofeedback features
(record of exercise sessions, repetition counter, motivational
messaging), and these can be enabled through the use of a
wearable external sensor. This sensor data could also be applied
to optimize additional feedback-related features (contact with
physiotherapist, interact with other patients, goal setting,
exercise progression generator). External sensors are
increasingly being used in cancer care for both research and
clinical purposes [30,82]. They can be facilitators to exercise,
as found by Kokts-Porietis et al [55] who used wrist-worn
activity monitors in a physical activity intervention with breast
cancer survivors.
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Finally, it was important to participants that an mHealth system
would be provided by the hospital or a health care provider, and
that it would include a remote connection with the
physiotherapist. Chandra et al [83] found that physiotherapy
patients mainly felt “motivation by support when their
physiotherapist could view their exercise record, but were also
unsure if physiotherapists would actually view it.
Physiotherapists were cautiously positive about remote
communications, but had reservations regarding increased
workload. This feature is clearly valuable to the patient, but
should be developed closely with the physiotherapist to ensure
it is appropriate for all stakeholders. Additionally, participants
were keen to retain some face-to-face contact with the
physiotherapist, and therefore an mHealth system in this context
should be provided by the physiotherapist as an adjunct to
regular care.

Study Limitations
Breast cancer is a disease which affects 1 in 8 women across
their lifetime, and therefore the experiences of women with
breast cancer are incredibly varied and impossible to capture in
a single study. The themes presented strongly across the
participants and therefore appear to be highly representative of
the population [62]. Specific limitations of our sample are that
they were self-selecting and were actively engaged in a sports
team after their treatment. Although participants were not all
habitual exercisers prior to their diagnosis, they may have
inherent positive attitudes toward exercise performance. Due
to limited human resources, a full analysis of the transcripts
was performed by only one author. A second reviewer analyzed
sections of the transcripts to validate the lead researcher’s
analysis, and all authors reviewed and discussed the themes,
codes, and quotes.

Conclusions and Future Work
An mHealth intervention has the potential to support patients
during rehabilitation after breast cancer surgery. Understanding
unmet needs of users and their perspectives on mHealth at an
early phase of development enables the co-design of a
user-friendly and relevant system. A thematic analysis of
interviews with breast cancer survivors reflecting on their
rehabilitation experiences demonstrates that, while participants
were motivated to exercise, a lack of support on discharge and
a lack of emphasis on rehabilitation led to uncertainty during
rehabilitation and feelings of being alone and unsupported.
Participants stated they would have welcomed an mHealth
support tool that was reliable, provided by the hospital, and
focused on rehabilitation support. The results of this analysis
support a drive for improvements in breast cancer rehabilitation,
which can be led by technological and nontechnological means.
The impact of rehabilitation promotion and facilitation of access
to postoperative physiotherapy services on rehabilitation
outcomes should be investigated. These results provide
motivation and rationale to develop an mHealth system with
biofeedback that strives to improve outcomes for these
often-undertreated consequences of breast cancer treatment.
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Abstract
Background: The mobile health (mHealth) app trustworthiness (mHAT) checklist was created to identify end users’ opinions
on the characteristics of trustworthy mHealth apps and to communicate this information to app developers. To ensure that the
checklist is suited for all relevant stakeholders, it is necessary to validate its contents.
Objective: The purpose of this study was to assess the feasibility of the mHAT checklist by modifying its contents according
to ratings and suggestions from stakeholders familiar with the process of developing, managing, or curating mHealth apps.
Methods: A 44-item online survey was administered to relevant stakeholders. The survey was largely comprised of the mHAT
checklist items, which respondents rated on a 5-point Likert scale, ranging from completely disagree (1) to completely agree (5).
Results: In total, seven professional backgrounds were represented in the survey: administrators (n=6), health professionals
(n=7), information technology personnel (n=6), managers (n=2), marketing personnel (n=3), researchers (n=5), and user experience
researchers (n=8). Aside from one checklist item—“the app can inform end users about errors in measurements”—the combined
positive ratings (ie, completely agree and agree) of the checklist items overwhelmingly exceeded the combined negative ratings
(ie, completely disagree and disagree). Meanwhile, two additional items were included in the checklist: (1) business or funding
model of the app and (2) details on app uninstallation statistics.
Conclusions: Our results indicate that the mHAT checklist is a valuable resource for a broad range of stakeholders to develop
trustworthy mHealth apps. Future studies should examine if the checklist works best for certain mHealth apps or in specific
settings.
(JMIR Mhealth Uhealth 2020;8(7):e16844) doi:10.2196/16844
KEYWORDS
checklist; trustworthiness; trust; mobile health apps; validation; survey

Introduction
From self-diagnosis to wellness, mobile health (mHealth) apps
have evolved as a conduit for individuals to play more
pronounced roles in their own health care [1,2]. Sustaining the
uptake of mHealth apps is particularly necessary to realize their
potential in health systems. Among others, mHealth apps are
perceived as a vehicle to enhance patient-provider
communication, boost patient attempts to self-monitor health
http://mhealth.jmir.org/2020/7/e16844/
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conditions, as well as to advance patient empowerment [3].
Despite these positive outcomes, several studies have found
significant flaws in the privacy, security, and safety claims of
several mHealth apps on the market [4,5].
There is evidence to suggest that end users abandon or reject
mHealth apps that they perceive as untrustworthy [6-8]. So far,
regulatory bodies such as the US Food and Drug Administration
have been more concerned about the safety of mHealth apps
that purport to be medical devices or their accompanying
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16844 | p.988
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add-ons [9]. The wellness app space lacks quality assurance
frameworks and clear guidance from respective authorities [10].
In light of the relaxed regulatory approach to mHealth apps,
evaluation tools have been proposed to assist end users in
determining which apps are safe or secure and, thus, which can
be trusted [11,12]. Very few of these tools target app developers,
although they are vital stakeholders in ensuring that mHealth
apps are trustworthy from the outset [13]. To fill this gap, we
created the mHealth app trustworthiness (mHAT) checklist via
a focus group study with end users of health apps. The mHAT
checklist is displayed in Multimedia Appendix 1 and details of
the study can be found elsewhere [14].
The purpose of this study was to validate the mHAT checklist
by modifying its contents according to ratings and suggestions
from stakeholders familiar with the process of developing,
managing, or curating mHealth apps to ensure that its contents
are applicable. Since the checklist goes beyond the technical
aspects of app development, procuring the suggestions of
different stakeholders will ensure that it is suited for anyone
likely to be involved in app development. The value of
validating the checklist was reinforced by a preliminary
feedback exercise during the development of the mHAT
checklist. Among the six experts with information technology
(IT) backgrounds that provided feedback, there was a consensus
that the checklist must be validated among a wider range of
stakeholders.

Methods
Study Design
We designed a cross-sectional online survey to validate the
mHAT checklist. Ethical approval for this study was granted
by the ETH Zurich (Swiss Federal Institute of Technology)
Ethics Commission (EK 2019-N-20). To ensure that this study
poses little to no risks to the respondents, we did not require
any personal details [15]. Taking part in the survey implied
consent. The survey was administered through the
SurveyMonkey online survey tool (SurveyMonkey Inc) between
March 14 and July 10, 2019.

Survey Development
The first question in the 44-item open survey screened for
eligible respondents to ensure that only individuals with
experience in developing apps advanced on to the next page.
Another question requested participants’ areas of expertise and
was accompanied by four professions—administrators;
marketing personnel; software designers, programmers, or
developers; and user experience (UX) researchers—as well as
a field for free-text answers. To provide an overview of the
types of apps created by participants, the next question asked
for the function of an app respondents have created within the
last 5 years. The remaining 41 survey items consisted of the
mHAT checklist items and required answers on a 5-point Likert
scale, ranging from completely disagree (1) to completely agree
(5) [16].
Aside from the screening question, which blocked noneligible
participants from proceeding further, no other special functions,
such as skip logic, were applied to the survey. The number of
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questions on each page of the survey differed according to the
items in each segment of the checklist. Consequently, page 1
contained the 11 questions from the informational content
section, whereas page 2 was comprised of the seven questions
under organizational attributes. SurveyMonkey estimated 10
minutes as the average completion time.

Participant Recruitment
Our target population was a convenience sample of adults over
the age of 18 years who are knowledgeable about the processes
involved in developing mobile apps. Among others,
administrators (ie, business and systems); marketing personnel;
software designers, programmers, and developers; and UX
researchers from all geographical locations were eligible for
this study. In line with the principles for calculating sample
sizes for surveys, the minimum desired sample size was 30 [17].
Participants were recruited by propagating a link of the survey
hosted on the SurveyMonkey platform (1) to relevant individuals
via email and (2) on social media (ie, Twitter). In line with
minimizing access to participants’ personal information,
participants’ Internet Protocol (IP) addresses were not tracked,
and their computers were also not assigned unique identification
numbers.

Data Analysis
In accordance with recommended practice, the data from the
Likert scales were analyzed with descriptive statistics, such as
ranks, modes, frequencies, and ranges [16,18]. The frequencies
and percentages of the survey items were presented as positive,
neutral, and negative using Microsoft Excel. Positive ratings
refer to the sum of completely agree and agree, whereas negative
ratings are the sum of completely disagree and disagree.
Meanwhile, the neutral values present the raw ratings of each
item on the Likert scale. Only the checklist items with positive
ratings (ie, completely agree and agree) exceeding negative
ratings (ie, completely disagree and disagree) were retained.
The data derived from the open-ended questions were analyzed
by content analysis in NVivo 12 (QSR International) [19]. Novel
suggestions of items to include in the checklist were catalogued
accordingly.

Results
Participant Characteristics
Of the 144 individuals that responded to calls to participate in
this survey, 49 (34.0%) with some professional experience in
developing mobile apps were eligible to participate. Out of these
49 participants, 23 (47%) completed the survey in its entirety,
while 26 (53%) others completed it partially.
Overall, 22 respondents indicated their professional expertise
among the four fixed-choice professions provided in the survey:
6 (27%) administrators; 3 (14%) marketing personnel; 5 (23%)
software designers, programmers, or developers; and 8 (36%)
UX researchers. Another 15 free-text responses showed
additional professional backgrounds: 7 (47%) health
professionals, 5 (33%) researchers, 2 (13%) managers, and 1
(7%) IT professional. Figure 1 presents the frequencies of the
professions represented in this survey.
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Figure 1. Professional expertise of respondents (n=37). IT: information technology; UX: user experience.

The respondents had collectively created apps with 33 functions
within the last 5 years. By aggregating similar apps, 20 out of
33 (61%) sought to assist end users to self-manage or monitor
chronic diseases, such as diabetes and mental health, while 8
(24%) apps intended to promote healthy lifestyles through diet
and or exercise. The complete list of app functions can be found
in Multimedia Appendix 2.

Survey Responses According to mHAT Categories

and disagree) ratings according to categories of the checklist.
Aside from one checklist item—“the app can inform end users
about errors in measurements”—the combined positive ratings
(ie, completely agree and agree) of the checklist items
overwhelmingly exceeded the combined negative ratings (ie,
completely disagree and disagree). The individual ratings for
completely disagree, disagree, neutral, agree, and completely
agree can be retrieved from Multimedia Appendix 3.

In Table 1, we rank the positive (ie, sum of completely agree
and agree), neutral, and negative (ie, sum of completely disagree
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Table 1. Rankings of respondent ratings of checklist items.
Item

Negative, n (%) Neutral, n (%) Positive, n (%)

Informational content (n=29)
The privacy policies accompanying the app can be concise, clear, and easy to understand

1 (3)

6 (21)

22 (76)

The terms of service accompanying the app can be concise and easy to read

1 (3)

7 (24)

21 (72)

The app can be programmed such that it does not require too many end-user personal data

2 (7)

6 (21)

21 (72)

The app can provide accurate measurements

3 (10)

5 (17)

21 (72)

The app can be accompanied by clear end-user safety guidelines

3 (10)

6 (21)

20 (69)

The app can be created with evidence from robust research

4 (14)

5 (17)

20 (69)

The app can inform end users about errors in measurements

11 (38)

8 (28)

10 (34)

Fix bugs inherent within the app

5 (17)

4 (14)

20 (69)

Amend app contents based on improved research

4 (14)

7 (24)

18 (62)

In-house team

4 (14)

6 (21)

19 (66)

External third-party team

5 (17)

6 (21)

18 (62)

The app can ensure that personalized data for end users is precise

1 (3)

12 (41)

16 (55)

The research-backed evidence used to create the app can be easy to locate and understand

6 (21)

8 (28)

15 (52)

The app can highlight potential risks or side effects resulting from its use

9 (31)

8 (28)

12 (41)

My company can be transparent about our data-handling history and data breaches

2 (7)

4 (14)

22 (79)

My company can demonstrate that it values data-protection regulations

2 (7)

4 (14)

22 (78)

My company can employ skilled personnel within the app development domain to perform 4 (14)
all tasks relating to the app

4 (14)

20 (71)

My company can adopt clear policies on how to handle end-user data

3 (11)

6 (21)

19 (68)

Our app can be affiliated with a nongovernmental organization or a reputable government
agency

5 (18)

8 (29)

15 (54)

My company has developed similar apps in the past

8 (29)

5 (18)

15 (54)

My company has other reputable products or services to associate the app with

7 (25)

7 (25)

14 (50)

End users can readily suggest the app to others

2 (8)

4 (16)

19 (76)

The app store can display how often the app has been downloaded

3 (12)

5 (20)

17 (68)

The app can display the positive reviews that it receives

5 (20)

6 (24)

14 (56)

In the top results of search engines

6 (24)

10 (40)

9 (36)

As a featured app in the app store

4 (16)

10 (40)

11 (44)

The app can accompany a wearable device

5 (20)

10 (40)

10 (40)

The app can be easy to use and have a friendly end-user interface

1 (4)

4 (17)

19 (79)

The app can be made aesthetically appealing

1 (4)

5 (21)

18 (75)

The app can be programmed to send out a reasonable number of notifications

1 (4)

5 (21)

18 (75)

The data generated from the app can be anonymized to make individuals unidentifiable

3 (13)

3 (13)

18 (75)

The app can be easily accessed by the end users it aims to target

1 (4)

5 (21)

18 (75)

The data generated from the app can be secured by end-to-end encryption

0 (0)

7 (29)

17 (71)

The app can recommend regular updates to:

The information on the app can be certified by an:

Organizational attributes (n=28)

Societal influences (n=25)

To ensure that end users locate the app, it can be made to appear:

Technology-related features (n=24)
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Item

Negative, n (%) Neutral, n (%) Positive, n (%)

The data generated from the app can be:
Stored locally on the device

3 (13)

5 (21)

16 (67)

Encrypted

1 (4)

7 (29)

16 (67)

The app features can be customized by end users

4 (16)

5 (20)

15 (62)

Privacy can be a core consideration throughout the life cycle of the app

4 (17)

7 (29)

13 (54)

End users can easily access all of their data (eg, address and billing information)

4 (17)

7 (29)

13 (54)

The app can allow end users to easily delete their data

1 (4)

6 (26)

16 (70)

The app can seek explicit end-user permission before sharing data with third parties

3 (13)

6 (26)

14 (61)

The app can allow end users to opt in or decide which data can be stored or processed

2 (9)

7 (30)

14 (61)

The app can give end users the freedom to control how their data are used

2 (9)

8 (35)

13 (57)

The app can allow end users to restrict data sharing to third parties such as social networking 1 (4)
sites

9 (39)

13 (57)

The app can designate end users as proprietors (ie, owners) of their data

7 (30)

9 (39)

User control (n=23)

Suggestions for Additional Survey Items
There were two new suggestions of items to include in the
checklist: (1) transparency about business models and funding
streams as well as (2) statistics on app uninstallations. These
items were catalogued under the organizational attributes
(reputation) and informational content (transparency) categories
of the checklist, respectively. In the final version of the mHAT
checklist found in Multimedia Appendix 4, the new items are
indicated with an asterisk.

Discussion
Principal Findings
We have conducted a stakeholder survey to validate the mHAT
checklist, a practical tool for app developers to create
trustworthy mHealth apps. The checklist items can be considered
feasible in many different settings, since the majority of the
items were rated positively by the disparate stakeholders—UX
researchers, administrators, IT personnel, health care
professionals, researchers, managers, and marketing
personnel—who reviewed its contents.
Throughout the survey, it appeared that those items that could
apply to disparate mHealth apps were rated higher than those
items that may be relevant to certain apps but not others. For
example, “the app can inform end users about errors in
measurements” was the most negatively rated item, whereas
“the app can be easy to use and have a friendly end-user
interface” was the most positively rated. One plausible
explanation for this difference in ratings may be due to the
aspiration to design any app, regardless of function, to be user
friendly for its end users. The extent to which an app can have
no measurement errors, however, will differ from the function
of the app (eg, diabetes versus mental health).
The most negatively rated items in the survey—“the app can
inform end users about error in measurements” and “the app
can highlight potential risks or side effects resulting from its
http://mhealth.jmir.org/2020/7/e16844/

XSL• FO
RenderX

7 (30)

use”—demonstrated that app developers place marginal value
in informing end users about the errors, risks, or side effects
that may arise from their apps. Regardless of the reasons that
contributed to these ratings, such information is vital to
upholding end users’ trust in mHealth apps. Since plenty of
evidence suggests that some apps on the market perpetuate
inaccurate advice that may threaten patient safety, it is
imperative that app developers are transparent about these issues
[4,20]. Without a clear list of app risks or errors, end-user
concerns about the trustworthiness of mHealth apps are bound
to continue.
Since the checklist item “the app can inform end users about
error in measurements” received more negative than positive
ratings, it was excluded from the checklist. Meanwhile,
respondents suggested including two new items: (1) a disclosure
of the business model and (2) uninstallation statistics. Indeed,
when app developers obscure their business models, they are
perceived negatively by end users [6]. Including the
uninstallation statistics of an app, however, is interesting for
two reasons. On the one hand, it could signal transparency on
the part of app developers and thus boost end users’ trust. On
the other hand, it may deter end users from downloading the
app altogether, since unpopular apps are unlikely to be
downloaded in the first place [21].

Strengths and Limitations
To the best of our knowledge, the mHAT checklist is the only
empirically validated checklist that presents the attributes of
trustworthy mHealth apps. This validated checklist is a robust
tool for assisting app developers to create trustworthy apps. Our
study has limitations. Despite multiple attempts to obtain a
minimum sample size of 30 participants, challenges in recruiting
participants meant that fewer participants could take part in the
survey. Nonetheless, 23 participants answered all the survey
items affording informative statistical analysis. The convenience
sample recruited for this study is another limitation. Since these
samples are usually unrepresentative of an entire population,
our study may have missed out on capturing the opinions of
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some relevant stakeholders [22,23]. Further, ineligible
individuals may have participated in the survey for two reasons:
(1) it was an open survey and (2) to minimize access to
respondents’ personal information, their computers were not
assigned unique identification numbers. Nonetheless, there was
no incentive to participate, since no compensation was awarded.

Implications for Future Research
The mHAT checklist informs the conversation on the
expectations of trustworthy mHealth apps. Future studies should
assess whether the checklist is suitable for all mHealth apps or
whether it is better suited for certain apps than others. Through
additional studies, the contents of the checklist can be improved
to retain useful items and exclude redundant ones. More

van Haasteren et al
enquiries about the underlying reasons why app developers see
little value in informing end users about the risks, side effects,
or errors of their apps is also warranted.

Conclusions
This study presents a validated mHAT checklist: a useful guide
for app developers to create trustworthy health apps. The
41-item
checklist
is
comprised
of
five
main
categories—informational content, organizational attributes,
societal influences, technology-related factors, and user
control—and 11 subcategories—information accuracy,
understandability, transparency, brand familiarity, reputation,
recommendations, external factor, usability, privacy, autonomy,
and empowerment (see Multimedia Appendix 4).
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Abstract
Background: User-centered design (UCD) is a powerful framework for creating useful, easy-to-use, and satisfying mobile
health (mHealth) apps. However, the literature seldom reports the practical challenges of implementing UCD, particularly in the
field of mHealth.
Objective: This study aims to characterize the practical challenges encountered and propose strategies when implementing
UCD for mHealth.
Methods: Our multidisciplinary team implemented a UCD process to design and evaluate a mobile app for older adults with
heart failure. During and after this process, we documented the challenges the team encountered and the strategies they used or
considered using to address those challenges.
Results: We identified 12 challenges, 3 about UCD as a whole and 9 across the UCD stages of formative research, design, and
evaluation. Challenges included the timing of stakeholder involvement, overcoming designers’ assumptions, adapting methods
to end users, and managing heterogeneity among stakeholders. To address these challenges, practical recommendations are
provided to UCD researchers and practitioners.
Conclusions: UCD is a gold standard approach that is increasingly adopted for mHealth projects. Although UCD methods are
well-described and easily accessible, practical challenges and strategies for implementing them are underreported. To improve
the implementation of UCD for mHealth, we must tell and learn from these traditionally untold stories.
(JMIR Mhealth Uhealth 2020;8(7):e17703) doi:10.2196/17703
KEYWORDS
user-centered design; research methods; mobile health; digital health; mobile apps; usability; technology; evaluation;
human-computer interaction; mobile phone

Introduction
The user-centered design (UCD), or human-centered design, is
a framework for iteratively researching, designing, and
evaluating services and systems by involving end users and
http://mhealth.jmir.org/2020/7/e17703/
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other stakeholders throughout a project life cycle. [1-3]. Mobile
health (mHealth) projects benefit from UCD by using input
from patients, informal caregivers, clinicians, and other
stakeholders during the project life cycle to create better designs
and iteratively improve interventions, thus enhancing their
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usability, acceptance, and potential success when implemented
[4-6]. Increasingly, UCD has been recommended and adopted
in mHealth projects to great success [7], with many examples
of mHealth for people living with HIV [5,8], chronic conditions
[9-11], or mental illness [6,12,13].

•

UCD is supported by popular tools and methods, such as
cognitive task analysis, workflow studies and journey mapping,
participatory design, rapid prototyping, usability testing, and
heuristic evaluation [14-17]. Textbooks, articles, and other
resources offer easily accessible and detailed guidance on the
general UCD process and specific UCD methods [18,19].
However, an informal review of the literature reveals little
information about the practical implementation of UCD
methods.

In presenting these challenges and strategies, we offer
illustrations from our own experiences, particularly the Power
to the Patient (P2P) project (R21 HS025232) and cite others
that have been described in the literature in and outside the
mHealth arena.

Practical challenges reported in studies largely in non–health
care domains include ensuring participants’ representativeness
of the target population [20]; threats to innovation [21];
difficulty communicating with people from different
backgrounds [22]; and organizational barriers, such as not
having convenient access to participants [23].
Although studies applying UCD for mHealth are on the rise,
very few mHealth studies report the challenges they face while
planning and executing UCD activities, or they do so
parenthetically. UCD challenges may be unique or amplified
in the field of mHealth. For example, there are known
difficulties in evaluating the effectiveness of mHealth solutions,
in part because of the variable and multifactorial nature of health
and illness trajectories [6]. mHealth projects often involve
unique stakeholders, drawn from vulnerable patient populations
(eg, older adults, patients with chronic conditions) [24,25] and
busy clinician experts [6,26], or sometimes both. Moreover, on
the one hand, there is sometimes a mismatch between the use
of UCD methods (eg, rapid prototyping, user testing) and
emerging technologies (eg, sensors) and, on the other hand,
traditions (eg, clinical trials) and technological conservatism
that characterize much of the health care sector [27-29].
Given the presence and importance of the practical challenges
for implementing UCD, coupled with the increased use of UCD
for mHealth, we argue for the need to explicitly describe those
challenges. As mHealth technologies become more pervasive,
navigating practical UCD challenges is essential for the
development of “safe, sound, and desirable” [30] mHealth
solutions that improve health outcomes while involving
stakeholders in the design process [31,32]. We believe that
identifying, reporting, and discussing the untold stories of
actually implementing UCD for mHealth will help in
overcoming the significant gaps between research and practice
[33,34].

Methods

•

Characterize practical challenges encountered while
implementing UCD to design an mHealth app for older
adults with heart failure.
Discuss strategies that we used or considered using to
manage these challenges.

Power to the Patient Project
From 2017 to 2019, we performed a UCD study to design and
evaluate information technology for older adults with heart
failure. On the basis of previous literature, we knew that these
patients had unmet needs and required additional support to
monitor and manage symptoms and various related behaviors,
including medication use, dietary and fluid restriction, and
physical activity [35-37]. Our work focused on delivering
information and decision support by leveraging a novel
technological opportunity, namely, sharing with patients the
data from their cardiac implanted electronic devices (CIEDs).
Many patients with heart failure have CIEDs for the delivery
of timely cardiac therapy and the capturing of data that can
predict decompensation and other events leading to
hospitalization and other downstream outcomes [38,39]. Patients
seldom receive their CIED data [40,41], but technical and
cultural changes are increasing the likelihood that they will in
the future [41-43].
Figure 1 presents an overview of the project’s timeline, and
Textboxes 1 and 2 further elaborate on the methods used. Select
methods and results from the project are available elsewhere
[19,32,44-47].
The project began with a problem analysis or formative study
of the domain as a precursor to design. This phase comprised
interviews with 24 older adults with heart failure, half of whom
had CIEDs, to learn about how they made decisions about their
health. These interviews used the critical incident technique, a
method that asks participants to recall and describe a specific
event or scenario and uses probes to better understand the
participants’ thoughts and actions during the event or scenario
[48,49]. We also examined participants’ decision-making
strategies in response to fictitious scenarios [16]. In these
scenarios, individuals were presented with hypothetical
situations related to data from a fictitious CIED and asked to
think aloud as they made decisions about how to respond. Other
formative study methods were a brief observation of a device
clinic, meetings with 2 cardiologists, and sharing of findings
and design work from 2 recent similar studies on CIED data
sharing [43,50].

Overview
The objectives of this study were as follows:
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Figure 1. Timeline of the Power to the Patient project.

Textbox 1. Formative research methods used to establish the Power to the Patient’s domain space.
Patient interviews
•

Method: 70-min (1) critical incident interviews and (2) scenario-based cognitive interviews to understand the decision-making process of older
adults with heart failure

•

Participants: 24 English-speaking older adults (≥65 years) diagnosed with heart failure (New York Heart Association Class II-IV) and 14
accompanying support persons (family and friends). Patients were receiving care at Parkview Health (Fort Wayne, Indiana)

•

Procedure: (1) Participants were asked to describe a recent minor adverse health event and were probed with questions about their thought,
feelings, and actions. (2) Participants were presented with a picture of a fictitious device that could give them a CIED score representing their
heart health; they were asked to describe what they would think and do depending on the score displayed on the device

Patient advisory meetings
•

Method: One-on-one meetings with patient advisors soliciting feedback on (1) personas and use-case scenarios and (2) early design concepts
and prototypes

•

Participants: 2 older adults with heart failure from the community (Indianapolis, Indiana) who voluntarily assisted the study in an advisory
capacity

•

Procedure: (1) Advisors met with the research team to discuss the preliminary findings from the interviews and early persona development. They
provided feedback on the findings, methods, and relevance of the work. (2) Advisors were presented with design alternatives of a Power to the
Patient prototype, and then they interacted with it while thinking aloud using a computer and a mouse

Clinician advisory board meeting
•

Method: Group dinner with clinician experts to elicit feedback on personas, use-case scenarios, and early concepts

•

Participants: 7 Parkview Health clinicians (2 cardiologists, a device clinic supervisor, 2 technicians, a nurse, and the vice president of operations
for the Parkview Heart Institute)

•

Procedure: Personas and scenarios were presented, among other findings, and questions were asked of clinicians regarding the validity of the
findings and related current protocols (some of which were subsequently collected)

Individual interviews with 2 cardiologists
Observation of clinical encounters with a patient in the device clinic

http://mhealth.jmir.org/2020/7/e17703/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17703 | p.998
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Cornet et al

Textbox 2. Evaluation methods used during the Power to the Patient development.
Usability evaluations, round 1 (R1) and round 2 (R2)
•

Method: 90-min task-driven evaluation sessions of Power to the Patient prototypes to assess usability (primarily) and acceptability (secondarily)

•

Participants: 4 (R1) and 8 (R2) English-speaking older adults diagnosed with heart failure and 3 accompanying support persons (2 in R1 and 1
in R2)

•

Procedure: Participants performed specific tasks in the prototype while thinking aloud. Testing occurred in a private room, with an interactive
prototype made in Axure RP 9 running on a Samsung Galaxy S7 smartphone. Participants’ manual interactions were video recorded. Pretest,
participants completed a demographic survey (ie, age, gender, technology use, and education level) and the Newest Vital Sign health literacy
screening (NVS) [51]; posttest, they completed the system usability scale [52], National Aeronautics and Space Administration Task Load Index
(NASA-TLX) [51], and user acceptance survey. Participants were also interviewed about their understanding and projected use of Power to the
Patient prototypes.

Usability evaluation, round 3 (R3)
•

Method: 90-min scenario-driven evaluation sessions of Power to the Patient prototypes to assess acceptability (primarily) and usability (secondarily)

•

Participants: 12 English-speaking older adults diagnosed with heart failure, with cardiac implanted electronic devices, and accompanied by 5
support persons

•

Procedure: Participants simulated days 1 and 10 of longitudinal use of the Power to the Patient prototype while thinking aloud. They completed
the same assessments as in earlier rounds and were interviewed about their understanding and projected use of the Power to the Patient prototype.

Heuristic evaluation
•

Method: Heuristic evaluation questionnaire to assess usability of Power to the Patient prototypes

•

Participants: 3 user-centered design experts external to the team

•

Procedure: Participants explored the prototype based on 2 use cases. They then reported their observations for 9 heuristics and gave an overall
rating for the usability of the prototype

Findings from the formative study were analyzed to develop
personas, representing distinct ways patients made decisions,
and use-case scenarios, representing decision-making situations
in which hypothetical patients with CIEDs might find
themselves. A model was also created depicting the flow of
naturalistic decision making for heart failure self-care. These
products were presented separately to 2 patient advisors and a
panel of clinicians, who provided feedback on the realism and
relevance of the personas and scenarios. The personas, use-case
scenarios, and a review of the literature and market landscape
(eg, app store reviews of similar mHealth products) were used
to formulate requirements and early design concepts to be
presented to patient advisors.
The design involved writing requirements and 5 months of
iterative prototyping, concluding with an interactive prototype.
Subsequently, we performed 3 rounds of formal
laboratory-based usability testing with 24 participants,
interleaved with periods of prototype redesign. Each round had
a more complete prototype and an increasing number of
participants (ie, n=4 in round 1, n=8 in round 2, and n=12 in
round 3). The project concluded with a final refinement of the
prototype and formal heuristic evaluations by 3 outside UCD
experts.
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The P2P app designed in this study had 4 core patient-facing
components: a heart health score calculated from CIED data (a
fictitious concept inspired by existing research [53,54]),
self-assessments on recommended heart failure self-care
domains (eg, medication use, sodium-restricted diet), tips and
strategies for better self-management, and logs of data captured
by the app. We designed and tested different implementations
of these core concepts, changing information architecture and
amending feature sets as we received feedback from study
participants. For example, in one iteration, assessments, tips,
and strategies were organized using the concept of plans that
users could select.

Results
Overview
The UCD process as a whole and the 3 major UCD phases of
formative research, design, and evaluation present associated
implementation challenges. Twelve of the most pervasive
challenges are summarized in Figure 2. Next, we discuss each,
with examples from our experience with P2P, supplemented by
relevant literature.
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Figure 2. UCD challenges encountered during Power to the Patient research, development, and evaluation. UCD: User-centered design.

Whole User-Centered Design Process
We identified 3 challenges related to the UCD process as a
whole: deciding on the number of design-and-test iterations
(UCD process challenge 1); managing logistics associated with
UCD projects, such as preparing materials and recruitment costs

(UCD process challenge 2); and collaborating as a
multidisciplinary team by navigating misaligned goals and
communication breakdowns (UCD process challenge 3).
Recommendations for the UCD process are listed in Textbox
3.

Textbox 3. Recommendations for the user-centered design process.
1.

Keep the number of iterations flexible, estimating the range based on available resources but adjusting as the project progresses.

2.

Avoid endless iterations by having a clear criteria for when to end the design and testing activities.

3.

Consult or collaborate with experienced practitioners to anticipate and manage logistic challenges.

4.

Explicitly discuss and seek to align multidisciplinary team members’ goals and preferences early on, managing these over time through open
communication.

5.

Involve a multilinguistic conductor to lead the team and coordinate members with diverse values, norms, practices, vocabularies, theories, and
methods.

User-Centered Design Process Challenge 1: Deciding
on the Number of Iterations
We planned the number of design-and-test iterations early in
the project to satisfy the requirements of the funding agency
and Institutional Review Board (IRB). Three iterations were
originally estimated as feasible, given the timeline and amount
of funding. Each iteration was assumed to require an average
http://mhealth.jmir.org/2020/7/e17703/
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of at least 2 months of time and budget. As the project
progressed, it became apparent that those assumptions were
correct and that to adhere to budget and project timeline
restrictions, we would be able to complete the 3 planned
iterations. The number of participants in total and per iteration
was based on several considerations. The total of 24 test
participants were based on the project budget and timeline, as
above, and the goal of having an average of 8 participants per
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test, a typical upper range for formative testing. For the initial
2 iterations, our focus was on identifying overt usability issues,
and based on Nielsen’s recommendations, we planned to enroll
about 4 to 8 participants (a few participants can uncover most
usability issues [55]). In the last round, as our focus shifted
toward evaluating acceptance and the extent to which the design
was usable across a more diverse set of users, we recruited 12
participants.
Iterations in UCD benefit software development by reducing
usability issues and improving features before it is too late or
too expensive to make changes [56]. Iteration is generally
recommended [56], but the number of iterations is not fixed
and often depends on the project and how it progresses.
However, deviating from a planned number of deviations can
be costly or prohibited for other (eg, regulatory or management)
reasons. Conversely, endless iteration is counterproductive and
delays in-the-wild field testing and actual implementation.

UCD Process Challenge 2: Managing UCD Logistics
Many of our recurring challenges were related to logistics, such
as meeting recruitment goals, preparing and managing materials
(ie, instructions, presentations, and design documentation), and
arranging a specific time for members and advisors to meet
despite being geographically dispersed. Others have reported
similar challenges in mHealth projects [57,58], but more often
they are assumed and discussed informally between
practitioners. This means that novice UCD practitioners tend
to underestimate logistic challenges and have limited
information on how to address them. UCD logistics challenges
often mirror challenges to implementing patient-centered
research in general, for example, the taxonomy of challenges
by Holden et al [59], which includes patient identification and
recruitment; privacy and confidentiality; conflicts with
compensation; and logistical issues, such as travel, timing, and
communication. Authors have described strategies to achieve
buy-in, trust, transparency, accommodation (flexibility),
openness, and anticipation [59,60], as well as checklists for
implementing these general strategies [61].
Others have described the additional costs of recruiting end
users for UCD projects [20,57]. It is even more difficult to
recruit a representative sample in a technology project when
technology ownership and proficiency are among the eligibility

Cornet et al
criteria [62] or the notion of technology leads individuals to
decline participation [63]. Age- and illness-related physical and
cognitive limitations may also exclude some individuals from
mHealth studies [6,64]. In such cases, UCD projects must also
consider whether to involve informal caregivers or others (eg,
translators) who could assist patients during formative research
or testing.

UCD Process Challenge 3: Collaborating as a
Multidisciplinary Team
Our P2P project was the fruit of collaboration between a
research university and a research center in a large health
system, with support from patient and clinician advisors. Our
team included a cardiologist coinvestigator who provided
invaluable clinical information, feedback, and access to local
and national clinical leaders. However, with disciplinary
diversity comes disagreement, communication difficulty, and
differences in assumptions, and although these are all desirable
elements, they require efforts to manage, for example, by
frequently asking team members to state their assumptions.
Multidisciplinary collaboration is often encouraged in UCD
[6,65,66], including partnerships between designers and
clinicians [67,68]. Those who have attempted such
collaborations are aware of the methodological and cultural
misalignment or divergent goals between Human-Computer
Interaction technologists and clinicians [65,69]. Strategies to
overcome these collaboration challenges include structured
communication and the involvement of a multilinguistic
(symphonic) conductor, a person who has learned “each team
member’s discipline- or profession-specific values, norms,
practices, vocabularies, theories, and methods to coordinate and
translate between dissimilar members” [70].

Formative Research
We encountered 3 types of formative research challenges in the
P2P project: determining when and how to involve stakeholders
(formative research challenge 1), recruiting participants and
advisors who are representative of stakeholder groups (formative
research challenge 2), and fostering meaningful interactions
between stakeholders and designers despite personnel constraints
(formative research challenge 3). Recommendations for
formative research are listed in Textbox 4.

Textbox 4. Recommendations for formative research.
1.

Involve stakeholders early.

2.

Avoid over recruiting or collecting more data than can be expediently analyzed.

3.

Use shorter-cycle iterative research sprints with smaller sample sizes instead [55].

4.

Carefully balance expectations placed on stakeholders versus what they are able or willing to do.

5.

Deprioritize but do not discard the ideas that stakeholders rejected early on before the ideas reached maturity.

6.

When possible, generate involvement from multiple stakeholder groups.

7.

Use diverse recruitment methods to ensure stakeholders are chosen for representativeness, not convenience.

8.

Foster direct relations between designers and stakeholders.

9.

Minimize avoidable personnel changes and practice cross-staffing across user-centered design phases.

http://mhealth.jmir.org/2020/7/e17703/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17703 | p.1001
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Formative Research Challenge 1: Determining Timing
and Level of Stakeholder Involvement
We involved patients and clinicians early in the P2P project in
several ways, including informant interviews and feedback on
analyses, requirements, and early design concepts. This helped
learn lessons early, such as clinicians insisting that because of
interindividual variability in physical activity, activity goals
should be highly individualized, whereas other goals (eg,
medication adherence) could be identical for all users. Early
learning allowed earlier decisions about scope, facilitated
evidence-based design choices, and prevented having to make
costly future design revisions. In terms of the scope, early
stakeholder involvement helped eliminate especially difficult
or risky design concepts, for example, including medication
titration advice.
Early involvement was not always simple. The number and
depth of P2P interviews yielded more data than could be
analyzed in the time allotted. As a result, several important
findings from stakeholder interviews were not discovered until
further in the design process, negating some of the benefits of
early learning. Furthermore, having sought feedback early may
have prematurely terminated concepts that were promising but
premature at the time.
The forms of involvement vary from collecting extensive data
to asking individuals to assess early products [65]. The level of
involvement can also be adjusted between informing (as in
interviews), advising (as in reviewing concepts), and doing (as
in having stakeholders co-perform research or design work)
[71]. However, more active or laborious stakeholder
involvement risks asking individuals to do more than what is
realistic, reasonable, or affordable [21,72]. This is often the case
when individuals are asked to be co-designers without adequate
training in design, compensation for their contribution, or
understanding of the problem space. Although some
involvement is essential to UCD, more is not always better [71].

Formative Research Challenge 2: Choosing Stakeholder
Representatives
P2P was fortunate to obtain input from patients sampled from
a pool of current patients; volunteer advisors who were willing
to meet repeatedly with the design team; and various clinicians,
some of whom also offered access to their clinic and protocols.
Not every design team can easily access stakeholders for
formative research in a timely manner, far less multiple
stakeholder groups, especially when the stakeholders include
busy professionals. Some researchers resort to gathering data
from less representative convenience samples, including online
services offering access to paid volunteers, such as Amazon’s
Mechanical Turk or the Qualtrics Panel [73-75].
Despite having adequate access, P2P was also limited in the
variety and representativeness of stakeholders. The patients we
interviewed in our formative research were all white, and
two-third were male. Patient advisors were more likely to be
educated and engaged in their health than peers, consistent with
the general trend that patient advisors are rarely ordinary people.
Clinicians in our study may have been more motivated than
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nonparticipants. Although stakeholder involvement is essential
to UCD [1,76], it is predicated on stakeholders having unique
knowledge or insights that designers do not have. However,
stakeholders too have limited knowledge and represent primarily
the communities to which they belong, meaning even with
stakeholder involvement, there may exist multiple blind spots.
When those who are involved differ from end users (eg, on race,
education, or motivation), those blind spots may disadvantage
underrepresented groups [63]. In practice, however, few design
studies have the opportunity to conduct formative research with
large samples representative of the population, whereas
increasing sample size exacerbates formative research challenge
1 (“When and how much to involve stakeholders”), as discussed
above.
Those who have worked extensively with patient advisory
boards offer useful advice on assembling the right group of
stakeholders, especially when they must work together, as on
a panel. Suggestions include leadership commitment to listening
to stakeholder suggestions, diverse recruitment (to avoid the
abovementioned blindspots), careful selection of individuals
who will work well with others, and adequate funding to
compensate or otherwise support stakeholders [77].

Formative Research Challenge 3: Fostering Interactions
Between Stakeholders and Designers
We attempted to promote direct interactions between designers
and both patient and clinician stakeholders. Designers attended
many of the formative research sessions or had direct access to
the collected raw data. Furthermore, to ensure continuity, there
was cross-staffing of formative research, design, and evaluation
teams. One project member personally participated in almost
every interview, feedback session, design meeting, and usability
test. However, she was the only design team member who had
interviewed patients and was therefore expected to be the voice
of patient participants on the design team. Over time, turnover
greatly reduced the number of team members who had been
present from the beginning of the project and had therefore
participated in any formative research activities.
Having designers interact directly with stakeholders, and
especially end users, has been shown to yield better results [78]
than hearing about the stakeholders and end users from another
source [71]. Continual interaction with stakeholders during the
UCD process helps designers gain a firsthand experience of the
domain [78,79]. However, when projects progress sequentially
from formative research with stakeholders to design and
evaluation, turnover and staffing limitations may mean that
those designing or testing the product may not have had such
firsthand experience.

Design
We identified 3 challenges related to the design phase of UCD:
overcoming designers’ assumptions with empirical research
findings (design challenge 1), managing project scope and
complexity and avoiding scope creep (design challenge 2), and
maintaining the innovation equilibrium by balancing new ideas
with outside constraints (design challenge 3). Recommendations
for design are listed in Textbox 5.
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Textbox 5. Recommendations for design.
1.

Engage stakeholders during design as ad hoc informants or co-designers to challenge incorrect assumptions.

2.

Conduct iterative new rounds of data collection during the design phase as questions arise that are best answered by gathering evidence.

3.

Seek simplicity and thus reducing complexity.

4.

Monitor for scope creep [80] and overly complex designs, relative to what end users need.

5.

Plan for feature deimplementation (ie, removing features from design), using techniques such as a formal termination plan [33].

6.

Without stifling innovation, ensure stakeholders can rule out designs that are unsafe, unacceptable, infeasible, inconsistent with clinical reality,
or otherwise impractical.

7.

For innovative ideas transcending conventional practice, develop clear plans for how the design will fit in or overcome existing infrastructure
constraints, regulations, preferences, and habits.

Design Challenge 1: Overcoming Designers’
Assumptions
Designers naturally make decisions that are inspired by but
immediately validated by end user evidence. Some of these
decisions are based on assumptions that go unquestioned during
design but are discovered to be incorrect during testing. This
situation underscores the value of testing and the limitations of
design. In the P2P project, for example, we incorporated rewards
based on the literature. Nothing in the formative data
contradicted the potential value of rewards, so it was not until
testing that we learned that most participants thought the rewards
were distracting. Some assumptions are also persistent and can
be made despite disconfirming formative research findings. For
example, members of the design team persistently believed that
end users would have little technology experience, despite
evidence to the contrary from formative research and usability
testing.
Designer bias is difficult to overcome, even when UCD methods
are used to collect contradictory evidence. The sequence of
design following formative research means some assumptions
are not tested or contradicted until the testing phase, by which
time the assumptions may have greatly influenced the design.
An alternative would be to conduct additional research to
challenge the design team’s assumptions during the design
phase, but before formal testing [81]. Furthermore, designers
should be judicious in the use of design techniques, such as
personas, which can lead to oversimplification and encourage
misleading assumptions about end users [82]. Other strategies
to mitigate incorrect assumptions include conducting more
frequent testing or including stakeholders on design teams to
challenge assumptions during the design process [50,71].

Design Challenge 2: Managing Project Scope and
Complexity
Similar to other design projects, P2P produced many ideas,
which were easier to generate than to dismiss. As a result, we
attempted to include in a single app a large variety of features.
We also attempted to integrate these many features to produce
a coherent product. Often, multiple features were being slowly
designed in parallel, rather than perfecting 1 feature before
moving on to the next. These conditions sometimes led to
confusion about the purpose of the app. More features also
meant less time and effort spent designing or testing each.
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Complexity and scope need to be carefully managed to avoid
natural tendencies to add (rather than subtract) from taking over.
Additional research could be used to help prioritize features and
determine which features are attractive to designers but not
needed by end users [28]. When a project’s scope is intentionally
large, steps can be taken to create distinct modules (chunks of
features) [83], which provide coherent structure and separation.
If complexity is inevitable, the project team will need to plan
for more extensive testing by conducting longer sessions or
sessions with more users.

Design Challenge 3: Maintaining the Innovation
Equilibrium
In our experience, designers, clinician stakeholders, and patient
stakeholders were divided on what was possible for and needed
from the product being designed. Generally, clinicians were
more conservative, preferring to replicate existing practices and
avoid less studied or riskier options. For instance, clinicians
were more conservative than designers about how much
unedited information and control over its interpretation to offer
patients. Another point of contention was whether to integrate
the product into other health information systems, including
electronic medical records. Patients preferred integration,
whereas designers were divided on leveraging those systems at
the expense of their practical limitations and regulatory
constraints. Innovation also conflicted with clinical reality, a
case where a patient or designer might envision something that
is not technically possible or clinically relevant [32]. For
example, the design team assumed an ability to predict heart
failure events through CIED data that were beyond publicly
available scientific knowledge. Designers’ innovative ideas
could also be mismatched with what patient end users were
used to and could comfortably perform. This may have been
the case with patients’ dislike of rewards or reluctance to rate
their health using standard online rating conventions (eg, out
of 5 stars). In general, end users tend to have more conventional
preferences than designers [26]. In mHealth projects, patients
may be unaware of or reluctant to suggest all the technological
possibilities granted by smartphones [29], such as push
notifications [84] or smartphone sensors [27].
In conversations with innovators, UCD professionals often hear
the statement attributed to Henry Ford, “If I had asked people
what they wanted, they would have said faster horses.” The
broader challenge is maintaining the innovation equilibrium:
allowing innovators to innovate, while also allowing
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17703 | p.1003
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stakeholders to influence or evaluate their design, especially
when it comes to usability, safety, and privacy. The related
challenge is to prevent innovation from creating products that
commit what Cornet et al [32] call type 2 design error, which
“occurs when designers do not accommodate the clinical reality,
including biomedical knowledge, clinical workflows, and
organizational requirements.”

Cornet et al

Evaluation
We identified 3 evaluation challenges: managing the tradeoff
between laboratory and in-the-wild usability sessions (evaluation
challenge 1); adapting standardized methods to the end user
population, in our case, older adults (evaluation challenge 2);
and deciding on the number of concurrent evaluation methods
relative to the effort spent setting up sessions and analyzing
data (evaluation challenge 3). Recommendations for evaluation
are listed in Textbox 6.

Textbox 6. Recommendations for evaluation.
1.

Use a laboratory setup for usability testing to improve efficiency and effectiveness.

2.

Begin testing in the laboratory but transition to in-the-wild testing as time and budget allow.

3.

Adapt methods to end user needs, when necessary, even if this means deviating from the standard.

4.

Allow for flexibility and experimentation, at times sacrificing standardization.

5.

Control the number of concurrent evaluation methods; use efficiency, pacing, and workload management strategies if multiple methods are
implemented.

Evaluation Challenge 1: Conducting Laboratory or
In-the-Wild Usability Sessions
P2P usability testing was conducted in a laboratory setting,
albeit in meeting rooms without built-in usability or simulation
equipment (eg, a control room, multicamera recording, eye
tracking). Although this setting was adequate in most cases, it
was at times inconvenient. The laboratory setting was more
challenging because it required participants to test prototypes
in a time and place dissimilar from the intended context of use.
Participants spent 30 min using a prototype technology meant
to be used for weeks, months, and years. They were then asked
to project how they would use the technology in practice. In the
third round of testing, scenarios were used to simulate several
days in the prolonged use of the product to help participants
project future acceptance and use. However, the cross-sectional
and laboratory-based design of our testing limited our
confidence in our findings regarding acceptance and future use,
relative to findings of usability (eg, observed errors or subjective
usability ratings).
Evaluating mHealth prototypes in a laboratory setting offers
ideal conditions for detecting product software usability issues,
such as navigation or layout issues. Such evaluation however
lacks external validity in reproducing the context of the use of
the mHealth product [85] and therefore fails to assess most
issues related to product hardware usability, operating system
usability, acceptance, and longer term outcomes (eg, changes
in behavior or health) [6]. Laboratory evaluation is appropriate
to quickly iterate on designs and address usability issues before
in-the-wild testing to avoid fielding a poorly designed product.
However, in-the-wild testing is expensive and time-intensive
and may not be possible in every project.

Evaluation Challenge 2: Adapting Methods to End Users
We adapted the standard methods in several ways, including
accommodating older adult participants. For example, we
administered a simplified version of the System Usability Scale
(SUS) self-report measure, which we developed specifically for
older adults [9,86,87]. We built flexibility for breaks during
http://mhealth.jmir.org/2020/7/e17703/
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testing, especially given the use of diuretic medications by
patients with heart failure. We also discovered challenges that
we had not anticipated, for example, a participant having
difficulty completing computer-based surveys because of vision
and motor impairment.
In the context of mHealth projects, adapting standardized
usability evaluation methods to end users is often necessary to
accommodate patient abilities and limitations. For example,
most standardized usability scales have technical or difficult
words [86]; thus, many studies edit these measures, for example,
by changing the “cumbersome” in the SUS to “awkward” [88].
Although standardized methods ensure scientific reproducibility,
rigidity in the UCD process can undermine the goal of iteratively
improving a product, which often requires flexibility and
experimentation [65]. If, for example, researchers discover that
some older participants have difficulty using a touchscreen
device, it may be worth adapting the protocol to permit the use
of a mouse or stylus in subsequent testing.

Evaluation Challenge 3: Deciding on the Number of
Concurrent Evaluation Methods
Our testing involved participant consenting, lengthy pre- and
posttest surveys, posttest interviews, and task-based usability
testing with think-aloud. In addition, each testing session
required a pretest room and equipment setup and posttest
aggregation of data from audio, video, computerized, and written
recordings. At times, the multiplicity of methods in a single
session resulted in testing sessions being cut short. Moreover,
the amount of data collected during testing affected the speed
at which the team could analyze usability test findings and
prepare the next design for another round of testing.
Using multiple concurrent evaluation methods improves
triangulation and therefore mHealth usability [89]. However,
each method adds burden and affects the timeline. Thus, those
implementing UCD should pursue strategies to reduce
inefficiency (eg, use of a dedicated testing room to reduce setup
labor), ensure pacing (eg, blocking off staff time for testing and
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analysis), and reduce workload (eg, use of automated usability
data collection or analysis) [90].
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Discussion

caution, as they have not been formally validated across projects,
project teams, or environments. The mHealth UCD community
should actively debate these recommendations and produce new
ones.

Limitations

Conclusions

The challenges reported were based on our experience with a
P2P project, supplemented by firsthand experience with multiple
other mHealth projects and a review of the literature. However,
the literature yielded few explicit depictions of challenges and
less formal discussion of them. (This validated the goals of this
paper.) Both our experiences and most of those described in the
literature originated in academic environments, which have
unique staffing, timing, and funding characteristics. The UCD
implementation challenges and strategies encountered in the
industry may be different, although an examination of gray
literature (eg, blog posts and popular design books) shows some
similarities. Finally, our recommendations are to be taken with

UCD implementation for mHealth apps can lead to highly usable
and acceptable patient-centered and clinically valid solutions.
Implementation is challenging, as the 12 practical challenges
in this paper easily illustrate. However, these challenges can be
overcome, and our recommendations may help others apply
UCD to mHealth or similar arenas. Telling and learning from
the typically untold stories will result in more efficient, effective,
and sustainable mHealth design efforts, effectively bridging the
gap between the science and practice of UCD and mHealth
implementation. We call on our fellow researchers, designers,
and UCD experts to document and share their own challenges
and strategies toward improving the implementation of UCD.
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Abstract
Background: Due to the widespread and unprecedented popularity of mobile phones, the use of digital medicine and mobile
health apps has seen significant growth. Mobile health apps have tremendous potential for monitoring and treating diseases,
improving patient care, and promoting health.
Objective: This paper aims to explore research trends, coauthorship networks, and the research hot spots of mobile health app
research.
Methods: Publications related to mobile health apps were retrieved and extracted from the Web of Science database with no
language restrictions. Bibliographic Item Co-Occurrence Matrix Builder was employed to extract bibliographic information
(publication year and journal source) and perform a descriptive analysis. We then used the VOSviewer (Leiden University) tool
to construct and visualize the co-occurrence networks of researchers, research institutions, countries/regions, citations, and
keywords.
Results: We retrieved 2802 research papers on mobile health apps published from 2000 to 2019. The number of annual
publications increased over the past 19 years. JMIR mHealth and uHealth (323/2802, 11.53%), Journal of Medical Internet
Research (106/2802, 3.78%), and JMIR Research Protocols (82/2802, 2.93%) were the most common journals for these publications.
The United States (1186/2802, 42.33%), England (235/2802, 8.39%), Australia (215/2802, 7.67%), and Canada (112/2802, 4.00%)
were the most productive countries of origin. The University of California San Francisco, the University of Washington, and the
University of Toronto were the most productive institutions. As for the authors’ contributions, Schnall R, Kuhn E, Lopez-Coronado
M, and Kim J were the most active researchers. The co-occurrence cluster analysis of the top 100 keywords forms 5 clusters: (1)
the technology and system development of mobile health apps; (2) mobile health apps for mental health; (3) mobile health apps
in telemedicine, chronic disease, and medication adherence management; (4) mobile health apps in health behavior and health
promotion; and (5) mobile health apps in disease prevention via the internet.
Conclusions: We summarize the recent advances in mobile health app research and shed light on their research frontier, trends,
and hot topics through bibliometric analysis and network visualization. These findings may provide valuable guidance on future
research directions and perspectives in this rapidly developing field.
(JMIR Mhealth Uhealth 2020;8(7):e18212) doi:10.2196/18212
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mobile app; mobile health; mhealth; digital health; digital medicine; bibliometrics; co-word analysis; mobile phone; VOSviewer
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Introduction
Worldwide, the use of mobile phones has reached widespread
popularity at an unprecedented rate [1]. There were more than
325,000 mobile health apps in 2017 [2]. According to Zion
Market Research, the global mobile health app market will grow
from $8.0 billion in 2018 to $111.1 billion by 2025 [3].
Recently, mobile health apps have seen significant growth. An
increasing number of hospitals and health care institutions are
using mobile health apps to monitor the development of diseases
and improve health care outcomes [4]. Therefore, it is essential
to understand the use, significance, trends, and research hot
spots of mobile health apps in the health care domain.
Bibliometric analysis has been widely used in quantitative
analysis of academic literature to describe the hot spots, trends,
and contributions of scholars, journals, and countries/regions
[5-8]. Co-word analysis, proposed in the late 1970s [9,10] as
an important bibliometric technique, can identify the main
themes, investigate hot spots, and detect knowledge in literature.
Thus, bibliometrics can contribute to monitoring the
development and patterns of effective publications [11]. In
recent years, bibliometric analysis has been applied to
biomedicine and health care [12-15]. In the current study, we
used bibliometric quantitative analysis and network visualization
to describe the research trends, research hot spots, emerging
topics, and collaboration partners in the field of mobile health
apps. Our study is the first one to quantitatively analyze the
characteristics and hot topics of mobile health app research.
Our study may provide valuable guidance on future research
directions in this rapidly developing field.

Methods
Data Collection
Web of Science (WOS) is an extensive international database
of academic information, including more than 9000 prestigious
and high-impact research journals from all over the world. WOS
contains various characteristics that can be used for bibliometric
study, including title, author, institution, country/region,
publication year, and keywords [9]. WOS has been recently
receiving more attention as a reliable data source for bibliometric
analysis in the biomedical domain, with applications in clinical
and bench science research questions (eg, cardiovascular disease,
diabetic kidney disease, and long noncoding RNA) [8,16,17].
On October 6, 2019, we conducted a publication search in WOS
to find publications using the following search strategy:
TS=“mobile health app*” OR (TS=“mobile app*” AND
TS=(“health*” OR “medic*” OR “clinic*” OR “hospital*”)).
Only full-length papers were included, and no language
limitation was set. We validated the reliability of our search
strategy by manually reviewing the retrieved publications [18].
All data from retrieved publications were collected and saved
in TXT formats.

Data Analysis and Visualization Maps
We aimed to exploit bibliometric analysis to identify the
knowledge structure, research frontiers, research hot spots,
active authors, and other bibliometric information in the mobile
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health app area. Bibliometric analysis typically consists of the
construction of bibliometric maps and the graphical
representation of such maps [19]. Co-word analysis was used
to calculate the frequency of co-occurrence of bibliographic
information and perform hierarchical clustering based on the
co-occurrence information [9,10]. Finally, the clusters were
visualized graphically.
In this study, we have applied widely used bibliometric analysis
tools on the WOS data. Bibliographic Item Co-Occurrence
Matrix Builder version 2.0 [10] was used to extract and analyze
bibliographic information on the publication years and the
journal sources. VOSviewer (version 1.6.13; Leiden University)
was used to extract bibliographic information on researchers,
institutions, countries/regions, references, and keywords.
VOSviewer uses the visualization of similarities mapping
technique, which produces better structured maps than other
popular multidimensional scaling techniques for bibliometrics
[19]. Specifically, when constructing a map, VOSviewer takes
as input a similarity matrix that is created using a similarity
measure known as the association strength [20]. It calculates
the similarity sij of two items i and j with the equation sij = cij /
(wiwj), where cij denotes the number of co-occurrences of items
i and j, and where wi and wj denote the total number of
occurrences of items i and j. Once the similarity matrix is
created, VOSviewer maps all the items in a 2-dimensional map
so that items with a high similarity will be located close to each
other, while items with a low similarity will be located far from
each other. Unlike other map-viewing programs, VOSviewer
pays special attention to the graphical representation of
bibliometric maps in an easy-to-interpret way [19].
Using network-mapping techniques, we created different
bibliometric maps that included coauthorships of authors,
institutions, and countries/regions; co-citations of references;
and co-occurrence of keywords. Each node in a map is
represented by a circle with a label. Larger circles indicate
higher-frequency items. The color of each circle is determined
by the clusters it belongs to. The thickness and length of links
between nodes represent the association strength between
corresponding nodes. A maximum of 500 lines was set to display
the 500 strongest links between nodes.

Research Ethics
Data from bibliographic information were searched and
downloaded from WOS. These were publicly available data.
The extraction of these data did not involve interaction with
human subjects or animals. Thus, there were no ethical issues
involving the use of these data, and no approval from an ethics
committee was required.

Results
Publication Outputs
Based on our search strategy, we identified and incorporated
2802 publications on mobile health apps from WOS. The
number of annual publications on mobile health apps increased
from 2 publications in 2000 to 692 publications in 2018 (2019
data are incomplete because they reflect only approximately 9
months of publications). Before 2013, the number of annual
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publications did not exceed 100. However, the number of annual
publications in 2014, 2015, 2016, 2017, and 2018 was 122, 263,
430, 507, and 692, respectively.

Distribution of Source Journals
Publications on mobile health app research were distributed
across 1209 journals; 848 of these journals have published only

1 paper on mobile health apps. Table 1 lists the top 10 journals
on this topic. JMIR mHealth and uHealth published the most
papers (323/2802, 11.53%), followed by Journal of Medical
Internet Research (106/2802, 3.78%), then JMIR Research
Protocols (82/2802, 2.93%). The top 10 journals published 776
publications, accounting for 27.64% of all publications in this
study.

Table 1. Top 10 journals publishing research on mobile health app research, 2000-2019.

a

Rank Journal

Country

Categories

Publications, n

Percentagea

1

JMIR mHealth and uHealth

Canada

Medical informatics

323

11.53

2

Journal of Medical Internet Research

Canada

Medical informatics

106

3.78

3

JMIR Research Protocols

Canada

Medical informatics

82

2.93

4

Plos One

United States

Multidisciplinary sciences

47

1.68

5

Journal of Medical Systems

United States

Medical informatics

43

1.53

6

BMC Medical Informatics and Decision
Making

England

Medical informatics

37

1.32

7

International Journal of Medical Informatics Ireland

Medical informatics

37

1.32

8

Telemedicine and e-Health

United States

Health care sciences and services

37

1.32

9

JMIR Mental Health

Canada

Medical informatics and mental health

33

1.18

10

BMJ Open

England

Medicine, general and internal

31

1.11

The total number of retrieved papers on mobile health apps from 2000 to 2019 (N=2802) was used as the denominator.

Distribution and Coauthorship of Countries/Regions
According to the search results, 2802 publications came from
104 countries/regions. Figure 1 shows the location of the top
30 countries/regions that were publishing mobile health app

research. The United States has the largest number of
publications (1186/2802, 42.33%) and England ranks second
(235/2802, 8.39%), followed by Australia (215/2802, 7.67%)
and Canada (112/2802, 4.00%).

Figure 1. Top 30 countries/regions publishing mobile health app research, 2000-2019.
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As shown in Figure 2, the coauthorship analysis of
countries/regions reflects the collaboration relationship between
countries/regions in this field, as well as the degree of
collaboration. The larger nodes represent more productive
countries/regions in this field; the thickness and length of links

between nodes represent the cooperative relationship between
countries/regions. Figure 2 shows the 45 most productive
countries/regions in this field from 4 collaboration clusters,
which were distinguished by different colors.

Figure 2. The coauthorship network of countries/regions that contributed to mobile health app research, 2000-2019. Peoples R China: People's Republic
of China. USA: United States of America.

Distribution and Coauthorship of Institutions
According to the search results, 3795 research institutions
contributed to mobile health app research. Table 2 presents the
top 10 most productive institutions in mobile health app

research. The University of California San Francisco (67
publications) ranked first among all institutions identified,
followed by the University of Washington (58 publications)
and the University of Toronto (56 publications).

Table 2. Top 10 most productive institutions in mobile health app research, 2000-2019.
Rank

a

Institution
a

Country

Publications, n

Citations, n

1

Univ of California San Francisco

United States

67

819

2

Univ of Washington

United States

58

511

3

Univ of Toronto

Canada

56

640

4

Stanford Univ

United States

46

432

5

Univ of Pittsburgh

United States

45

409

6

Harvard Medical School

United States

42

408

7

Columbia Univ

United States

39

387

8

Northwestern Univ

United States

39

296

9

Univ of Sydney

Australia

39

240

10

Seoul National Univ

South Korea

33

184

Univ: university.

Coauthorship analysis was performed by VOSviewer to display
the visualization network map of institutions in mobile health
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These clusters are shown in Figure 3 and distinguished by
different colors.

Figure 3. The coauthorship network of institutions that contributed to mobile health app research, 2000-2019. Univ: university.

Distribution and Coauthorship of Authors
According to the search results, 2802 mobile health app
publications were written by 13,040 authors, with an average
of 5 authors per publication. Table 3 presents the top 10 most

productive authors (all authors of each publication were ranked
equally) in mobile health app research. Schnall R (15
publications) ranked first among all authors, followed by Kuhn
E (14 publications), Lopez-Coronado M (14 publications), and
Kim J (14 publications).

Table 3. Top 10 most productive authors in mobile health app research, 2000-2019.
Rank

Author

Publications, n

Citations, n

1

Schnall R

15

217

2

Kuhn E

14

223

3

Lopez-Coronado M

14

130

4

Kim J

14

43

5

Lee S

13

365

6

Li J

13

49

7

Torous J

12

271

8

Lee JH

10

107

9

Lee J

10

46

10

Zhang Y

10

36

Our coauthorship analysis of authors showed that 221 of 13,040
authors had published at least 4 papers, and the largest set of
associated authors consisted of 95 authors in 6 clusters. The
node label shows the author's name, and the node size represents
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the number of published publications. Links connecting 2 nodes
represent coauthorship between the 2 authors, and thicker links
represent more collaboration between the 2 authors, as shown
in Figure 4.
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Figure 4. The coauthorship network of authors who contributed to mobile health app research, 2000-2019.

Reference Co-Citation Analysis
Through the co-citation analysis (examining references cited in
publications), we explored the knowledge base for the mobile
health apps field. We identified 2802 mobile health app
publications, which cited 76,721 references, averaging 27
references per publication. The top 10 most frequently cited
references are listed in Table 4. The publication that received
the most citations, Stoyanov and colleagues’ “Mobile App

https://mhealth.jmir.org/2020/7/e18212
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Rating Scale: A New Tool for Assessing the Quality of Health
Mobile Apps,” was published in JMIR mHealth and uHealth
in 2015 and received a total of 106 citations as of October 6,
2019. We chose the top 64 references, which were cited at least
30 times by the retrieved papers, to generate a visualization
network map with VOSviewer of co-cited references in mobile
health app research. This visualization network showed 3 main
clusters marked in different colors, as shown in Figure 5.
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Table 4. Top 10 cited references in mobile health app research, 2000-2019.
Rank Author

Journal

Title

Citations, n

1

Stoyanov SR et al (2015)

JMIR mHealth and uHealth

Mobile App Rating Scale: A New Tool for Assessing the Quality
of Health Mobile Apps

106

2

Free C et al (2013)

Public Library of Science
Medicine

The Effectiveness of Mobile-Health Technologies to Improve
Health Care Service Delivery Processes: A Systematic Review
and Meta-Analysis

101

3

Braun V and Clarke V
(2006)

Qualitative Research in Psychology

Using Thematic Analysis in Psychology

98

4

Donker T et al (2013)

Journal of Medical Internet
Research

Smartphones for Smarter Delivery of Mental Health Programs: A 85
Systematic Review

5

Krebs P and Duncan
DT(2015)

JMIR mHealth and uHealth

Health App Use Among US Mobile Phone Owners: A National
Survey

6

Davis FD (1989)

Management Information
Systems Quarterly

Perceived Usefulness, Perceived Ease of Use, and User Acceptance 78
of Information Technology

7

Dennison L et al (2013)

Journal of Medical Internet
Research

Opportunities and Challenges for Smartphone Applications in
Supporting Health Behavior Change: Qualitative Study

8

Mosa AM et al (2012)

BMC Medical Informatics
and Decision Making

A Systematic Review of Healthcare Applications for Smartphones 71

9

Luxton DD et al (2011)

Professional Psychology: Re- mHealth for Mental Health: Integrating Smartphone Technology
search and Practice
in Behavioral Healthcare

58

10

Riley WT et al (2011)

Translational Behavioral
Medicine

58

Health Behavior Models in the Age of Mobile Interventions

79

77

Figure 5. The co-citation network of references in mobile health app research, 2000-2019.

Co-Occurrence Analysis of Top 100 Keywords
Keywords cover the main topics of a publication and are well
suited to be used for analyzing related research hot spots. The
research hot spots of mobile health app research were identified
https://mhealth.jmir.org/2020/7/e18212
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RenderX

through co-occurrence analysis of the top 100 keywords. We
used VOSviewer to extract and cluster the top 100 keywords.
Multimedia Appendix 1 shows the frequency and clustering of
the top 100 keywords.
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As shown in Figure 6, we used VOSviewer to build a
visualization network map of the top 100 keywords in 5 clusters
with their co-occurrence. The keywords mobile application
(1124), mobile health (631), intervention (347), health (329),
and technology (315) are located at the center of the
visualization network map. The 5 clusters are represented by
color: red (cluster 1), green (cluster 2), blue (cluster 3), yellow

Peng et al
(cluster 4), and purple (cluster 5). The node label is the keyword,
and the node size represents the frequency of the keywords.
Links connecting 2 nodes represent a co-occurrence relationship
between the keywords. For visualization purposes, the top 500
links among keywords were determined based on how frequently
they co-occur in the same publication.

Figure 6. The co-occurrence network of the top 100 keywords in mobile health app research, 2000-2019.

Discussion
In the current study, we explored the bibliometric characteristics
of mobile health app research and we identified research trends,
research hot spots, and the knowledge base associated with
mobile health apps through our co-word analysis of the top 100
keywords.

Global Trends in Mobile Health App Research
The change in the number of academic publications in a field
is an important indicator of the evolving trends in this field.
Mobile health app research included over 2800 publications
around the world. The number of research papers published on
mobile health apps annually has been increasing since 2000,
with particularly notable gains in the past 5 years.
https://mhealth.jmir.org/2020/7/e18212
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For journal sources, the top 3 journals publishing mobile health
app research belong to the area of medical informatics,
accounting for 18.24% (511/2802) of the total publications.
Meanwhile, 848 journals had only 1 mobile health app–related
publication, accounting for 30.26% (848/2802) of the total
publications. Journals publishing mobile health app research
were widely distributed across the general health domain, with
higher concentration, as expected, in the field of medical
informatics.

The Coauthorship Networks in Mobile Health App
Research
Due to the accessibility of bibliometric analysis, coauthorship
is frequently used as a proxy for research collaboration. A
coauthorship network can reflect the collaborative relationship
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18212 | p.1017
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among researchers and provide potential opportunities for other
researchers to cooperate; examining this network can highlight
potential opportunities for enhanced collaboration both within
and outside of the existing network. The coauthorship network
reflects author, institution, and country.

app research [21]. As shown in Figure 6, there were 5 clusters
of mobile health app research that were formed by co-occurrence
cluster analysis of the top 100 keywords. Combined with the
characteristics of mobile health apps, the 5 clusters were
analyzed as described below.

We found that the United States was the most significant
contributor to mobile health app research. Of the publications
identified, 65.06% (1823/2802) were published in the United
States, England, Australia, and Canada, the current global
leaders in mobile health app research. Figure 2 shows that the
United States is the center of an international coauthorship
network and cooperates with many countries/regions. The
yellow coauthorship networks are mainly Asian
countries/regions, such as China, Korea, and Singapore. The
blue coauthorship networks are dominated by European
countries such as Germany, Spain, and Italy. Our findings
indicate that cooperation among countries/regions has certain
regional characteristics. These groupings prompt speculation
that cooperation on mobile health app research among
countries/regions may be influenced by geographic proximity
or by a shared language.

Cluster 1 (red cluster) mainly focuses on the technology and
system development of mobile health apps and includes 29
high-frequency keywords, such as mobile app, technology,
smartphone, system, model, usability, acceptance, design,
devices, barriers, privacy, and attitudes. With the continuous
development of smartphone and information technology,
researchers need to update or develop new mobile health apps
to meet the growing needs of patients and medical staff. The
system development of mobile health apps mainly includes a
user-computer interface, algorithms, privacy, design, and
computer security, and it follows the principles of user-centered,
convenient operation, safety, and stability [22,23]. As a new
product, the effectiveness, quality, and accuracy of various
mobile health apps used in health care need to be continuously
evaluated through academic research [24,25].

We found that 7 of the top 10 most productive institutions are
from the United States, and the other 3 are from Canada,
Australia, and South Korea. Figure 3 shows that the top 10
institutions are almost at the core of each coauthorship network.
These most productive institutions and groups are leading the
trends in mobile health app research. There is an excellent
cooperative relationship between these institutions.
We identified 13,040 authors who have published research on
mobile health apps. Of those authors, only 233 (1.79%) have
published more than 4 papers in this emerging field, forming 5
relatively small coauthorship networks. We conclude from this
finding that there are many researchers interested in pursuing
mobile health app research, but collaboration between authors
remains limited. Promoting collaboration between authors,
institutions, and countries would expand the number of authors
regularly publishing in this field and could contribute to more
effective dissemination of innovative practices in mobile health
app use.

Basic Knowledge and Hot Topics in Mobile Health
Apps
More than three-quarters of the top 10 most frequently cited
references in mobile health app research were published after
2011. This timeline is consistent with our understanding of
mobile health app research as a rapidly emerging field of study.
As shown in Figure 5, the most frequently cited references
formed 3 clusters (shown in red, green, and blue). These clusters
correspond to 3 basic groupings of research: (1) promotion of
health behavior change (in red), (2) evaluation of quality of
mobile health apps (in green), and (3) assessment of efficiency
of mobile health apps (in blue).
Keywords are standardized terms used to ensure that
publications are indexed uniformly by topic. Therefore, mapping
the co-word network by analyzing the co-occurrence frequency
of keywords from multiple publications is helpful to study the
internal structure and the hot topics in the field of mobile health
https://mhealth.jmir.org/2020/7/e18212
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Cluster 2 (green cluster) mainly focuses on mobile health apps
used in mental health and includes 22 high-frequency keywords,
such as quality of life, depression, validity, mental health,
prevalence, therapy, anxiety, reliability, efficacy, disorders,
questionnaire, stress, and cognitive behavioral therapy. It is
reported that about 29% of humans suffer from mental illness
in their lifetime, and more than 55% of these do not receive the
treatment they need [26]. Mobile health apps can provide instant
support, anonymity, customization, and low cost. These
characteristics can potentially improve access to mental health
services, thereby improving the equity of mental health resource
allocation. Mobile health apps can be used as independent
self-help mental health assessment tools and can be used to
deliver online interventions aimed at diagnosis, treatment, and
monitoring. Importantly, mobile health apps improve the
accessibility of treatment through ecological momentary
assessment to reduce the barriers to face-to-face help, especially
in patients with depression, anxiety, stress, and other symptoms
[27,28].
Cluster 3 (blue cluster) focuses on mobile health apps used as
mobile health tools in telemedicine, chronic disease, and
medication adherence management and includes 21
high-frequency keywords such as mobile health, care,
telemedicine, self-management, eHealth, medication adherence,
communication, diabetes, chronic disease, glycemic control,
hypertension, and asthma. Telemedicine delivered using mobile
health apps is an innovative model of health care, with
significant potential to solve challenges in today's health care
environment [29]. This approach can provide cost-effective
solutions that bridge geographical and institutional barriers [30].
Mobile health app use for telemedicine is gaining in popularity
in developing countries, where medical institutions are often
remote and inaccessible [31,32]. Globally, chronic diseases
currently account for 60% of the global disease burden [33].
Importantly, patients with chronic diseases are prone to
secondary complications, which can be prevented by
strengthening patient education and self-management. Mobile
health apps can be used in a variety of environments, enhancing
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their effectiveness as tools for self-management and monitoring
[34]. They are widely used in the management of diabetes,
hypertension, and asthma [35,36]. Mobile health apps can
provide personalized medication adherence reminders and early
warnings and improve medication adherence in patients [37,38].
Cluster 4 (yellow cluster) mainly focuses on mobile health apps
used in health behavior and health promotion and includes 18
high-frequency keywords, such as intervention, health, physical
activity, behavior, risk, weight loss, obesity, nutrition, diet,
health promotion, and overweight. With the development of
portable wearable devices and smart sensors, mobile health apps
can provide self-tracking capabilities. People can track measures
of interest such as weight, calories consumed, heart rate,
respiratory rate, and exercise status, and can also record how
they feel or how they are responding to treatment (eg, side
effects). Tracking capabilities of this type can be used by people
to promote the adoption of healthful behaviors, such as physical
exercise, reasonable diet, and obesity prevention [39-41].
Cluster 5 (purple cluster) mainly focuses on mobile health apps
used in disease prevention via the internet and includes 10
high-frequency keywords, such as internet, prevention, trial,
smoking cessation, social media, cancer, and human
immunodeficiency
virus
(HIV).
The
International
Telecommunication Union estimates that 4.1 billion people
were using the internet at the end of 2019 [42]. The internet can
provide anonymity, low intervention costs, and the ability to
fulfill effective solutions. Building on these characteristics,
internet-based mobile health apps can promote disease
prevention to solve health problems. Compared with traditional
disease prevention, mobile health apps using social media
technology can attract users in a more interactive way, provide
convenient health education and rapid internet intervention, and

Peng et al
achieve excellent results in HIV, smoking cessation, and cancer
[43-45].

Limitations
Our study is, to our knowledge, the first bibliometric analysis
of mobile health app–related publications. Still, there are some
limitations to this study. First, there may be language bias
because, although we did not place any limits on the language
of publications in our study, most WOS publications are in
English. Second, the quality of publications in WOS is not
uniform. Conducting a weighted analysis of publications based
on the assessment of quality was outside the scope of our study;
therefore, it is possible that our analysis has given equal attention
to publications of differing quality. Finally, the current data for
analysis were only extracted from WOS, excluding data
extracted from other search engines such as Scopus (Elsevier),
PubMed, or Google Scholar (Google LLC). Thus, it is possible
that publications appearing only through one of these other
search engines have been missed. We plan to address this by
exploring ways of combining different data sources in future
work.

Conclusions
Through the bibliometric quantitative analysis and visualization
network map of the data extracted from the WOS database, the
current study reveals the research status, research trends, hot
spots, and coauthorship network of mobile health app research.
Mobile health app research is a new and promising field
globally, with great potential for improving patient care and
promoting health. By comprehensively summarizing the trends
in mobile health app research, we expect this work may serve
as a guide for facilitating future research directions to advance
this field of research further.
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Abstract
Background: In recent years, there has been an exponential growth of mobile health (mHealth)–related apps. This has occurred
in a somewhat unsupervised manner. Therefore, having a set of criteria that could be used by all stakeholders to guide the
development process and the assessment of the quality of the apps is of most importance.
Objective: The aim of this paper is to study the validity of the Mobile App Development and Assessment Guide (MAG), a
guide recently created to help stakeholders develop and assess mobile health apps.
Methods: To conduct a validation process of the MAG, we used the Delphi method to reach a consensus among participating
stakeholders. We identified 158 potential participants: 45 patients as potential end users, 41 health care professionals, and 72
developers. We sent participants an online survey and asked them to rate how important they considered each item in the guide
to be on a scale from 0 to 10. Two rounds were enough to reach consensus.
Results: In the first round, almost one-third (n=42) of those invited participated, and half of those (n=24) also participated in
the second round. Most items in the guide were found to be important to a quality mHealth-related app; a total of 48 criteria were
established as important. “Privacy,” “security,” and “usability” were the categories that included most of the important criteria.
Conclusions: The data supports the validity of the MAG. In addition, the findings identified the criteria that stakeholders consider
to be most important. The MAG will help advance the field by providing developers, health care professionals, and end users
with a valid guide so that they can develop and identify mHealth-related apps that are of quality.
(JMIR Mhealth Uhealth 2020;8(7):e17760) doi:10.2196/17760
KEYWORDS
assessment; Delphi method; MAG; mobile apps; mobile health; validity; guide

Introduction
Mobile apps are increasingly being used for health care [1-3].
The implementation of mobile devices such as phones, patient
monitoring devices or personal digital assistants, and wireless
devices has proven that they can be used for improving
communication between patients and health professionals [4],
and improving adherence to treatment [5]. Importantly, recent
reports have suggested that smartphones have become the most
popular technology among physicians [6,7]. In addition, there
http://mhealth.jmir.org/2020/7/e17760/
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has been a sharp increase in the use of these technologies by
the general population. For example, official estimates indicate
that in 2019 a total of 65% of people had a smartphone, and by
2025, this figure will have increased to 80% [8].
However, this increase in use has occurred in a somewhat
unsupervised manner; that is to say, it has not been regulated
or supervised in any way. In addition, a large number of mobile
health (mHealth) apps have been developed without any rigorous
scientific basis [9,10] or having undergone any validation
process, thus undermining the confidence of both patients and
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17760 | p.1023
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health care professionals [11]. Moreover, information privacy
practices are not transparent to users and, in many cases, are
absent, opaque, or irrelevant [12]. Finally, there is mounting
evidence to show that this lack of control and development
without guidance is placing consumers at risk [13].

to address this issue, here we use the Delphi method [29,30] to
analyze the validity of the MAG. By using this method, we also
want to explore whether new criteria could be included to
improve the guide. We also want to examine the importance of
these criteria as perceived by the stakeholders.

In an attempt to solve this problem, and guarantee the quality
of existing and future health apps, various government-related
initiatives have been taken at the regional level (eg, the proposal
“AppSalut” [14,15] in Catalonia and the “AppSaludable Quality
Seal” [16] in Andalusia, Spain), the national level (eg, “Good
practice guidelines on health apps and smart devices [mobile
health or mhealth]” [17] in France; “Health apps & co: safe
digital care products with clearer regulations” [18] in Germany;
“Medical devices: software applications [apps]” [19] in the
United Kingdom; “Policy for Device Software Functions and
Mobile Medical Applications” [20] in the United States;
“Regulation of Software as a Medical Device” [21,22] in
Australia), and the international level, such as the “Green Paper
on mobile health” by the European Commission [23]. In general,
these initiatives provide recommendations and regulations to
establish how health apps should be and guarantee their quality.
However, they show important differences on the key criteria.
For example, “Appsalut” emphasizes usability issues [14,15],
while “Regulation of Software as a Medical Device” emphasizes
safety [21,22] as it equates health apps with medical devices.
Clinicians and researchers have also attempted to provide
specific solutions to this major problem [24]. For example,
Stoyanov and colleagues [25] developed a scale to classify and
rate the quality of mHealth apps. There have also been other
attempts to provide alternatives for assessing mHealth apps (eg,
[26,27]), each one of which suggests its own quality criteria.
All these attempts have positive and negative characteristics.
A major limitation common to many of these initiatives is that
they have been created from one narrow perspective and
focusing on, for example, a specific health problem or
intervention such as emergency interventions [27] or a
stakeholder such as adolescents [26]. In addition, some of them
have been created from a specific perspective, for example,
taking into account usability issues rather than safety. Thus,
there is no common set of criteria that can be used by all
stakeholders to guide the development process and the
assessment of the apps’ quality.

Methods

Recently, to help overcome these limitations, we conducted a
study to develop such a guide: the Mobile App Development
and Assessment Guide (MAG) [28]. We studied the guidelines,
frameworks, and standards available in the field of health app
development, with a particular focus on the world regions where
the mHealth market was most significant, and pinpointed the
criteria that could be recommended as a general standard. We
suggested a guide containing 36 criteria that could be used by
stakeholders. Our preliminary study showed that stakeholders
found them to be important. They also found them easy to
understand and use [28].
However, that study had some limitations. Most importantly,
although the criteria identified underwent a preliminary analysis
of comprehensibility and importance by a selected group of
stakeholders (ie, health care experts, engineers, and potential
patients), they did not undergo a validation process. Therefore,
http://mhealth.jmir.org/2020/7/e17760/
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Procedure
The Delphi method was created for people to reach consensus
by answering questions in an iterative process [29]. Although
the traditional Delphi process has an open initial phase [29], in
this study we use a modified Delphi process, which provides a
common starting point for discussion. This modified Delphi
method is widely used, as it saves time and does not interfere
with the original tenets of the method that participants can give
suggestions and inputs at any stage [31]. It has been shown that
results from Delphi-based studies offer more accurate answers
to difficult questions than other prognostication techniques [32].
This modified Delphi method and the judgment of people are
acknowledged as legitimate and valid inputs to generate
forecasts, and have been used in many different areas to reach
consensus on such strategic issues as the identification of health
care quality indicators [33]; predictors of chronic pain and
disability in children [34]; predictors of chronic pain in adults
with cancer [35]; the needs of adolescents and young adult
cancer survivors [36]; and, in the mHealth field, to develop an
assessment framework for electronic mental health apps [37].

Participants
Our goal was to recruit 30 stakeholders, as this number has been
shown to be sufficient for this kind of study [38,39], from any
of the following groups: (1) health care professionals, (2)
developers of health-related apps, and (3) users of health apps.
To identify potential participants and ensure an appropriate
panel of stakeholders, we adopted five strategies: (1) we
searched for national (Spain) and international organizations or
associations of digital health professionals to make contact with
health professionals knowledgeable about the topic; (2) we
searched for medical health apps in the app stores of the main
smartphone systems (Android and iOS), identified the most
downloaded and best rated apps, and searched for their
developers to ensure the participation of experienced individuals;
(3) we searched for national (Spain) and international
organizations to recruit patients with experience in the use of
health-related apps or with an interest in this area; (4) we made
a general call through the social networks of our research group
to increase the likelihood of recruiting participants who satisfied
the inclusion requirements; and (5) we asked researchers and
clinicians who we personally knew were experts in the field to
participate and help us identify other potential participants.
We identified 158 potential participants from Europe, Asia,
Australia, and North and South America. They were
multidisciplinary and included health care professionals, patients
as potential end users, and developers.
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Survey Content and Procedure

significance level (P<.05) were computed. All data analyses
were performed using SPSS v.25 for Windows (IBM Corp).

We developed a list of items on the basis of the criteria in the
MAG [28]. Some of the criteria were broad and encompassed
several issues and characteristics, so we broke them down into
specific items to facilitate the comprehensibility and accuracy
of responses. For example, the original criterion “The app can
be consulted in more than one language. All languages adapt
appropriately to the content interface” was divided into two
items: “The app can be consulted in more than one language”
and “All languages adapt appropriately to the content interface.”
When the set of items was ready, it was moved to an online
survey so that it could be distributed to participants more easily.
Potential participants received an email with explanations about
the study and a link to the survey. All the information was
available in Spanish and English.
The survey included some sociodemographic questions and 56
items for rating, which were grouped in the same categories as
the original guide, such as usability [28]. On a numerical rating
scale from 0 (not important at all) to 10 (extremely important),
participants had to report how important they considered each
one to be for the quality of a health-related mobile app.
Participants were also given instructions to include any other
item they felt was important and missing from the original list.
Like the original items, these new items were also rated.
Participants were informed that only the criteria that received
a score of 9 or higher from at least 75% of the participants would
be included in the final list of criteria that a health-related app
should meet. The rest were discarded.
Study data were collected and managed using LimeSurvey tools
(LimeSurvey GmbH) [40]. We computed means and standard
deviations of the demographics to describe the sample of
participants. We used paired t tests (two-tailed) to study potential
differences in the variance of the items between rounds and of
the potential changes in the age or sex of participants. To study
the consensus, mean, standard deviation, 95% confidence
interval (with the lower and upper values for each item), and
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Delphi Rounds
In the first round, the survey was sent to 158 potential
participants: 45 patients as potential end users, 41 health care
professionals, and 72 developers. They were informed about
the study and the requirements to participate. Participants were
given 3 weeks to respond, during which time a reminder was
sent each week to maximize the involvement of as many
participants as possible. The survey took approximately 15
minutes. The answers were analyzed, and some new items were
added in response to the suggestions of the participants.
In the second round, the results of the first iteration were sent
by email to all the participants who had provided responses to
the initial survey so that they could see their position and the
position of the group as a whole on the items, as well as the
level of agreement among the participants. This information
was given so that participants in the group could re-examine
their initial responses, in light of the group’s opinion.
Participants in this second round were asked to respond to the
revised survey. Again, they were given 3 weeks to answer. The
Delphi methodology requires that this procedure be repeated
until participants’ responses reach stability or when a point of
diminishing returns is reached [39].
The stability of responses was the criterion used to identify that
consensus had been reached on any given question [30,38]. In
this study, stability was reached after two rounds (see the Results
section), which is consistent with the findings of previous Delphi
studies (eg, [35,41]). We considered that consensus was reached
on a particular criterion when 75% of the participants rated it
with at least a 9 [34]. If a criterion was rated with a 9 or more
by at least 90% of the participants, we considered it to be of
key importance for an mHealth-related app. The results only
showed statistically significant differences for two items (see
the Results section). Thus, given the stability of the responses,
we decided to stop the iteration process after round 2. Figure 1
describes the steps of the study.
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Figure 1. Steps in the Delphi poll.

Results

in the mean age of participants and female participation was
detected between rounds (see Table 1).

Round 1

Multimedia Appendix 1 summarizes all the information about
participants’ responses to the initial 56 items.

Of the 158 stakeholders invited, 42 (27%) responded to the first
round. The demographic characteristics of the participants in
each round are shown in Table 1. There were no statistically
significant differences in terms of sex or age between those who
were invited and those who participated. Only a small increase
http://mhealth.jmir.org/2020/7/e17760/
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To determine consensus on the items, we examined the
percentage of participants who agreed on their importance. Items
with an agreement ≥75% of participants were considered to
have reached consensus. We also used confidence intervals,
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instead of discrete estimation, because they have less error (see
[34] for a similar procedure). Out of the total 56 items,
participants reached consensus on the importance of 32 (57%)
of the items (ie, at least 75% of the participating stakeholders
rated their importance with a 9 or higher on the 0-10 scale).

In this first round, participants added 36 new items to the
original list. As previously described, in response to participants’
suggestions, changes were made to items 3, 51, 68, and 73. In
addition, items 33 and 69 were divided in two, as several
participants considered that they included two different clauses
(see Multimedia Appendix 1).

Table 1. Sample characteristics in each round.
Characteristics

Invited participants (N=158)

Participants round 1 (n=42)

Participants round 2 (n=24)

Male

17 (42.5)

15 (44.12)

9 (37.5)

Female

23 (57.5)

19 (55.88)

15 (62.5)

Health care professionals

45 (28.48)

16 (38.1)

9 (37.5)

Developers

41 (25.95)

14 (33.33)

8 (33.33)

Final users

72 (45.57)

12 (28.57)

7 (29.17)

39.82

41.39

43.08

Spain

78 (49.37)

28 (82.35)

20 (83.33)

United States

13 (8.23)

1 (2.94)

1 (4.17)

Argentina

1 (0.63)

1 (2.94)

1 (4.17)

Italy

1 (0.63)

1 (2.94)

1 (4.17)

Australia

6 (3.8)

1 (2.94)

1 (4.17)

United Kingdom

15 (9.49)

2 (5.88)

0 (0.00)

Canada

8 (5.06)

0 (0.00)

0 (0.00)

Brazil

3 (1.9)

0 (0.00)

0 (0.00)

India

6 (3.8)

0 (0.00)

0 (0.00)

Indonesia

1 (0.63)

0 (0.00)

0 (0.00)

Germany

5 (3.16)

0 (0.00)

0 (0.00)

Poland

2 (1.27)

0 (0.00)

0 (0.00)

Ireland

2 (1.27)

0 (0.00)

0 (0.00)

Turkey

1 (0.63)

0 (0.00)

0 (0.00)

Kazakhstan

1 (0.63)

0 (0.00)

0 (0.00)

Switzerland

3 (1.9)

0 (0.00)

0 (0.00)

Colombia

1 (0.63)

0 (0.00)

0 (0.00)

Romania

1 (0.63)

0 (0.00)

0 (0.00)

Hungary

1 (0.63)

0 (0.00)

0 (0.00)

Lithuania

1 (0.63)

0 (0.00)

0 (0.00)

Bulgaria

2 (1.27)

0 (0.00)

0 (0.00)

Greece

1 (0.63)

0 (0.00)

0 (0.00)

Sweden

2 (1.27)

0 (0.00)

0 (0.00)

Israel

1 (0.63)

0 (0.00)

0 (0.00)

Belgium

2 (1.27)

0 (0.00)

0 (0.00)

Sex, n (%)a

Stakeholder group, n (%)

Age (years), meana
Citizenship, n (%)a

a

Information was not available for all participants.
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Round 2
Of the 42 that participated in the first round, 24 (57%) of the
stakeholders participated in the second round. Out of the total
92 items, a total of 48 items (52%) were rated with a 9 or more
by at least 75% of the participants (see Table 2 below).
The consensus on the importance of the 32 items in round 1
was maintained in round 2, except for item 69, which fell below
the criteria of 75% agreement. On the other hand, items 8, 32,
46, and 47 did not reach consensus in round 1 but did in round
2. Consensus was also reached on the importance of 14 of the
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new items suggested by participants. Of all the items, 9 were
particularly important (ie, at least 90% of participants rated their
importance with a 9 or higher).
By categories, the number of items for which consensus was
reached were usability: 8 of 18 items (44% of the total in the
category); privacy: 14 of 19 items (74%); security: 9 of 13 items
(69%); appropriateness and suitability: 2 of 5 items (40%);
transparency and content: 2 of 11 items (18%); safety: 7 of 8
items (88%), technical support and updates: 2 of 9 items (22%);
and technology: 4 of 9 items (44%).
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Table 2. Items that reached consensus about their importance.
Category and item

Round 1 (n=42)

Round 2 (n=24)

Consensus, n (%) Mean (SD)

95% CI

Consensus, n (%) Mean (SD) 95% CI

1. The app has been tested by potential users
before being made available to the public.

33 (78.57)

9.14 (1.92)

8.56-9.72

20 (83.33)

9.21 (1.61) 8.56-9.85

2. It is easy to use (ie, navigation is intuitive).

39 (92.86)

9.67 (0.61)

9.48-9.85

21 (87.50)

9.50 (0.72) 9.21-9.79

3. Functionality is adapted to the purpose of the 40 (95.24)
app.

9.74 (0.63)

9.55-9.93

21 (87.50)

9.42 (0.93) 9.05-9.79

—

—

19 (79.17)

9.08 (0.93) 8.71-9.45

5. Access is adapted for people with disabilities. —

—

—

19 (79.17)

9.00 (1.41) 8.43-9.57

6. It complies with regulatory accessibility
standards.

—

—

—

18 (75.00)

9.17 (1.13) 8.71-9.62

7. The language used makes it accessible to any —
user.

—

—

19 (79.17)

9.04 (1.55) 8.42-9.66

8. All users have access to all resources regard- 28 (66.67)
less of their capabilities.

8.60 (1.67)

8.09-9.10

18 (75.00)

9.08 (1.06) 8.66-9.51

35 (83.33)

9.29 (1.90)

8.71-9.86

21 (87.50)

9.50 (1.18) 9.03-9.97

10. It must only ask for user data that is essential 34 (80.95)
for the app to operate.

9.26 (1.53)

8.80-9.72

18 (75.00)

8.92 (2.04) 8.10-9.73

11. It gives information about access policies
and data processing, and ensures the right of
access to recorded information.

34 (80.95)

9.02 (2.25)

8.34-9.70

18 (75.00)

9.38 (0.97) 8.99-9.76

12. It gives information about possible commer- 32 (76.19)
cial agreements with third parties.

8.79 (2.54)

8.02-9.55

20 (83.33)

9.17 (2.12) 8.32-10.01

13. It clearly allows the user the option of non- —
transfer of data to third parties or for commercial
purposes.

—

—

23 (95.83)

9.71 (0.55) 9.49-9.93

14. It guarantees the privacy of the information 39 (92.86)
recorded.

9.71 (0.77)

9.48-9.95

20 (83.33)

9.46 (1.10) 9.02-9.90

15. It requires users to give their express consent. 36 (85.71)

9.12 (2.19)

8.46-9.78

19 (79.17)

9.38 (1.01) 8.97-9.78

16. It warns of the risks of using the app.

36 (85.71)

9.33 (1.86)

8.77-9.89

19 (79.17)

9.25 (1.19) 8.77-9.73

17. It tells users when it accesses other resources 36 (85.71)
on the mobile device such as their accounts or
their social network profiles.

9.33 (1.76)

8.80-9.87

22 (91.67)

9.71 (0.75) 9.41-10.01

18. It takes measures to protect minors in accor- 38 (90.48)
dance with current legislation.

9.43 (1.74)

8.90-9.96

23 (95.83)

9.79 (0.51) 9.59-10.00

19. Confidential user data is protected and
anonymized, and there is a privacy mechanism
so that users can control their data.

38 (90.48)

9.60 (1.06)

9.27-9.92

21 (87.50)

9.46 (1.18) 8.99-9.93

20. It offers to erase the data when the service
is finished.

—

—

—

19 (79.17)

9.04 (1.68) 8.37-9.71

21. It gives information about privacy policies
in a simple and understandable way.

—

—

—

20 (83.33)

9.33 (1.09) 8.90-9.77

22. It complies with all current privacy laws.

—

—

—

22 (91.67)

9.54 (1.28) 9.03-10.06

23. The app has encryption mechanisms for
35 (83.33)
storing, collecting, and exchanging information.

9.40 (1.33)

9.00-9.81

19 (79.17)

9.13 (1.57) 8.50-9.75

24. It has password management mechanisms.

9.05 (1.71)

8.53-9.56

19 (79.17)

9.04 (1.90) 8.28-9.80

Usability

4. Functionality is adjusted according to the
profile and needs of the targeted user.

—a

Privacy
9. The app gives information about the terms
and conditions of purchases in the app.

Security
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Round 1 (n=42)

Round 2 (n=24)

Consensus, n (%) Mean (SD)

95% CI

Consensus, n (%) Mean (SD) 95% CI

25. It states the terms and conditions of cloud
services.

32 (76.19)

8.93 (2.23)

8.25-9.60

19 (79.17)

9.29 (1.08) 8.86-9.72

26. The cloud services used have the relevant
security measures.

36 (85.71)

9.40 (1.47)

8.96-9.85

21 (87.50)

9.29 (1.60) 8.65-9.93

27. The authorization and authentication mecha- 37 (88.10)
nisms protect users’ credentials and allow access
to their data.

9.57 (1.02)

9.26-9.88

21 (87.50)

9.42 (1.21) 8.93-9.90

28. It limits access to data that is only necessary 33 (78.57)
for the user.

8.98 (2.25)

8.30-9.66

19 (79.17)

8.96 (2.10) 8.12-9.80

29. It detects and identifies cybersecurity vulner- 36 (85.71)
abilities, possible threats, and the risk of being
exploited.

9.33 (1.76)

8.80-9.87

18 (75.00)

8.96 (2.16) 8.10-9.82

30. It applies the appropriate security measures 35 (83.33)
to cybersecurity vulnerabilities in the face of
possible threats to reduce the risk of being exploited.

9.62 (0.82)

9.37-9.87

19 (79.17)

9.38 (0.92) 9.01-9.74

31. It informs users of the possible risks associ- —
ated with the app’s use of personal data.

—

—

20 (83.33)

9.25 (1.11) 8.80-9.70

32. The benefits and advantages of using the app 31 (73.81)
are explained.

8.95 (1.58)

8.48-9.43

18 (75.00)

9.08 (1.53) 8.47-9.70

33. Experts have participated in the development 35 (83.33)
of the app (for example, specialized professionals, health organizations, scientific societies, or
specialized external organizations).

9.52 (1.02)

9.22-9.83

21 (87.50)

9.58 (0.72) 9.30-9.87

Appropriateness and suitability

Transparency and content
34. It uses scientific evidence to guarantee the
quality of the content.

36 (85.71)

9.60 (0.86)

9.34-9.85

20 (83.33)

9.46 (0.78) 9.15-9.77

35. It is based on ethical principles and values.

39 (92.86)

9.71 (0.77)

9.48-9.95

22 (91.67)

9.75 (0.61) 9.51-9.99

36. The possible risks to users are identified.

36 (85.71)

9.45 (1.15)

9.10-9.80

20 (83.33)

9.46 (0.88) 9.10-9.81

37. It ensures that there are no adverse effects.

—

—

—

18 (75.00)

8.92 (2.12) 8.07-9.77

38. It complies with regulatory standards as a
medical device.

—

—

—

22 (91.67)

9.46 (1.67) 8.79-10.13

39. Users are warned when adverse events are
identified so they can delete the app and avoid
potential risks.

—

—

—

18 (75.00)

8.83 (1.93) 8.06-9.60

40. Users are warned that the app is not meant 40 (95.24)
to replace the services provided by a professional.

9.74 (0.63)

9.55-9.93

22 (91.67)

9.67 (0.64) 9.41-9.92

41. It recommends always consulting a specialist —
in case of doubt.

—

—

22 (91.67)

9.33 (1.66) 8.67-10.00

42. Potential risks for users caused by incorrect 34 (80.95)
use and possible adverse effects are explained.

9.48 (0.92)

9.20-9.75

20 (83.33)

9.38 (1.17) 8.91-9.84

32 (76.19)

8.90 (2.07)

8.28-9.53

19 (79.17)

9.17 (1.40) 8.60-9.73

44. Every time an update of a third-party compo- 33 (78.57)
nent is published, the change is inspected and
the risk evaluated.

8.98 (1.81)

8.43-9.52

20 (83.33)

8.96 (1.97) 8.17-9.75

Safety

Technical support and updates
43. It gives a warning if updates can influence
insensitive data (changes the use of the data or
different data is collected).

Technology
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Round 1 (n=42)

Round 2 (n=24)

Consensus, n (%) Mean (SD)

Consensus, n (%) Mean (SD) 95% CI

45. It works correctly. It does not fail during use 36 (85.71)
(blocks, etc).

9.36 (1.23)

8.99-9.73

23 (95.83)

9.75 (0.53) 9.54-9.96

46. Functions are correctly retrieved after context 30 (71.43)
changes (switch to another app and return, etc),
external interruptions (incoming calls or messages, etc), and switching off the terminal.

8.93 (1.50)

8.47-9.38

21 (87.50)

9.46 (0.83) 9.13-9.79

47. It does not waste resources excessively:
battery, central processing unit, memory, data,
network, etc.

8.88 (1.48)

8.43-9.33

19 (79.17)

9.25 (1.11) 8.80-9.70

—

—

19 (79.17)

8.67 (2.28) 7.76-9.58

29 (69.05)

48. It has a data recovery system in case of loss. —
a

95% CI

These items were not available in round 1.

Discussion
Main Findings
The key finding from this study is that the MAG [28] is a valid
tool to help guide the development of health-related mobile
apps and assess their quality. The findings also indicate the
items that are important to a health-related mobile app (the
MAG is provided with this article; see Multimedia Appendix
2).
The data showed that 48 items on the MAG were considered
to be of high importance (ie, they were rated with at least a 9
on a 0-10 numerical rating scale by at least 75% of the
participants). Most of the items belonged to the categories
privacy and security, thus showing that these are the issues that
most concern stakeholders when assessing the quality of health
mobile apps. In particular, the following items reached a
consensus of 90%: it clearly allows the user the option of
nontransfer of data to third parties or for commercial purposes
(item 13); it tells users when it accesses other resources on the
mobile device, such as their accounts or their social network
profiles (item 17); it takes measures to protect minors in
accordance with current legislation (item 18); it complies with
all current privacy laws (item 22); it is based on ethical
principles and values (item 35); it complies with regulatory
standards as a medical device (item 38); users are warned that
the app is not meant to replace the services provided by a
professional (item 40); it recommends always consulting a
specialist in case of doubt (item 41); and it works correctly, it
does not fail during use (blocks, etc; item 45).
Our work adds to previous proposals of quality guides or
checklists by studying the validity of MAG, a comprehensive
guide developed by Llorens-Vernet and Miró [28]. This guide
was found to be a significant improvement on existing guides,
as it had been developed with a comprehensive focus from a
variety of sources (ie, research studies, recommendations from
professional organizations, and standards governing the
development of software for health or medical devices) and an
international perspective (ie, resources used came from several
regions worldwide). In addition, the guide was created to be of
help to all stakeholders and not limited to a specific health
problem.
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Future Research
Additional research is needed to establish the applicability of
the MAG as a guide for health-related mobile app development.
Future studies will have to test the MAG with real apps and
check their functionality and usability among the different
stakeholders who are interested in using it. Furthermore, studies
to determine the relative importance of the items and the
reliability and suitability of the guide in assessing mobile apps
are also warranted. In this regard, a user version of the MAG
will be developed to study the association between the quality
of the user experience and the score in MAG. In the future, it
is highly likely that additional items or criteria will be required
to be able to look into the new functions and actions included
in mobile apps. Thus, revised and updated versions of the MAG
are to be expected.

Limitations
The results of this study should be interpreted in the light of
some limitations. The first of these is the representativeness of
the participants. Although participants were an international
sample of stakeholders, most of them were individuals living
in Spain. We do not know if the results would have been the
same with other experts. Nevertheless, for the most part, the
group included individuals with extensive experience (in clinical
work, research, and development), which suggests that their
assessments are relevant and of good quality. Second, the
number of participating experts changed from round 1 to round
2. However, this is quite normal and to be expected in all Delphi
polls [23,28]. Although we cannot be certain that the results
would have been the same had all participants in round 1 also
responded to round 2, it is quite probable, as the differences
between the rounds were minimal. Finally, the number of
participants in each round was appropriate for the objectives (a
minimum of 7 and maximum of 30 participants is recommended
for studies like this; see [39,42]).

Conclusions
Despite the limitations, the results of this study will help advance
the field by providing developers, health care professionals, and
end users with a valid guide (the MAG) for developing and
identifying quality mHealth-related apps. The data shows that
the stakeholders reached a consensus on 48 items distributed
in 8 categories to establish them as the important criteria for
health apps.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17760 | p.1031
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The MAG provides stakeholders with a valid tool for
systematically reviewing health-related mobile apps. The MAG
can be readily used to develop new apps by pointing to the
general requirements that a mobile app ought to have if it is to
be of high quality. Furthermore, the guide can help to rate

Llorens-Vernet & Miró
existing apps and identify those that are of most interest on the
basis of quality criteria. The apps that meet most of the criteria
will give users the confidence that their objectives will be
fulfilled. It can be used to provide a checklist for the evaluation
and development of quality health apps.
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Abstract
Background: Intensive lifestyle interventions are effective in reducing the risk of type 2 diabetes, but the implementation of
learnings from landmark studies is expensive and time consuming. The availability of digital lifestyle interventions is increasing,
but evidence of their effectiveness is limited.
Objective: This randomized controlled trial (RCT) aimed to test the feasibility of a web-based diabetes prevention program
(DPP) with step-dependent feedback messages versus a standard web-based DPP in people with prediabetes.
Methods: We employed a two-arm, parallel, single-blind RCT for people at high risk of developing diabetes. Patients with a
hemoglobin A1c (HbA1c) level of 39-47 mmol/mol were recruited from 21 general practices in London. The intervention integrated
a smartphone app delivering a web-based DPP course with SMS texts incorporating motivational interviewing techniques and
step-dependent feedback messages delivered via a wearable device over 12 months. The control group received the wearable
technology and access to the web-based DDP but not the SMS texts. As this was a feasibility study, the primary aim was to
estimate potential sample size at different stages of the study, including the size of the target study population and the proportion
of participants who consented, were randomized, and completed follow-up. We also measured the main outcomes for a full-scale
RCT, namely, change in weight and physical activity at 6- and 12-month follow-ups, and secondary outcomes, including changes
in the HbA1c level, blood pressure, waist circumference, waist-to-hip ratio, and lipid levels.
Results: We enrolled 200 participants: 98 were randomized to the intervention and 102 were randomized to the control group.
The follow-up rate was higher in the control group (87/102, 85.3%) than in the intervention group (69/98, 70%) at 12 months.
There was no treatment effect on weight at 6 months (mean difference 0.15; 95% CI −0.93 to 1.23) or 12 months (mean difference
0.07 kg; 95% CI −1.29 to 1.44) or for physical activity levels at 6 months (mean difference −382.90 steps; 95% CI −860.65 to
94.85) or 12 months (mean difference 92.64 steps; 95% CI −380.92 to 566.20). We did not observe a treatment effect on the
secondary outcomes measured at the 6-month or 12-month follow-up. For the intervention group, the mean weight was 92.33
(SD 15.67) kg at baseline, 91.34 (SD 16.04) kg at 6 months, and 89.41 (SD 14.93) kg at 12 months. For the control group, the
mean weight was 92.59 (SD 17.43) kg at baseline, 91.71 (SD 16.48) kg at 6 months, and 91.10 (SD 15.82) kg at 12 months. In
https://mhealth.jmir.org/2020/7/e15448
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the intervention group, the mean physical activity was 7308.40 (SD 4911.93) steps at baseline, 5008.76 (SD 2733.22) steps at 6
months, and 4814.66 (SD 3419.65) steps at 12 months. In the control group, the mean physical activity was 7599.28 (SD 3881.04)
steps at baseline, 6148.83 (SD 3433.77) steps at 6 months, and 5006.30 (SD 3681.1) steps at 12 months.
Conclusions: This study demonstrates that it is feasible to successfully recruit and retain patients in an RCT of a web-based
DPP.
Trial Registration: ClinicalTrials.gov NCT02919397; http://clinicaltrials.gov/ct2/show/NCT02919397
(JMIR Mhealth Uhealth 2020;8(7):e15448) doi:10.2196/15448
KEYWORDS
motivational interviewing; lifestyle; diabetes prevention program; theory of planned behavior; type 2 diabetes mellitus; wearable
technology; mobile phone

Introduction
Background
The prevalence of prediabetes is approximately 10% in the UK
population [1], with higher rates in adults aged 40 years or older
and those of South Asian or African Caribbean ethnicities [2].
Considering the rising prevalence of type 2 diabetes, which
accounts for disproportionate and increasing costs to the
individual, society, and health care systems globally [3,4],
primary prevention is a current public health priority.
Landmark randomized controlled trials (RCTs) have repeatedly
shown that intensive face-to-face diabetes prevention programs
(DPP) are effective in reducing the risk of type 2 diabetes by
approximately 50% [5-7]. The implementation of these landmark
studies is expensive, time consuming for the patients and for
health systems, and the uptake is often by those with the lowest
risk for type 2 diabetes [8]. One solution is adapting the
traditional DPP into a web-based DPP using wearable
technologies and web-based programs. These are increasingly
available from commercial providers at a low cost to the patient
or health commissioners, but the evidence of their effectiveness
in reducing the risk of type 2 diabetes is limited [9,10]. For
example, in a recent RCT of 2062 people in India and the United
Kingdom with impaired glucose tolerance, those who received
2 to 3 weekly SMS texts providing lifestyle advice did not have
a significant reduction in diabetes conversion (defined by
international criteria for fasting plasma glucose or hemoglobin
[HbA1c] levels) compared with controls who received standard
lifestyle advice at baseline only [11]. Similarly, a pilot pre-post
noncontrolled study of a 16-week web-based DPP was
associated with reduced weight and lower HbA1c levels,
improvements that persisted at the 2-year follow-up [12]. An
RCT of a fully automated and algorithm-driven email, web and
mobile DPP found significant improvements in biomedical
outcomes, weight, and diabetes risk at 6-months compared with
the wait list control group [13].
Components of behavior change techniques considered to be
most effective in improving diet and physical activity (PA) are
based on self-regulatory behaviors, such as goal setting,
self-monitoring, giving feedback, utilizing social support, and
motivational interviewing (MI) [14,15]. Interventions based on
a psychological theory, for example, the theory of planned
behavior, are considered to be more effective and have better
outcomes in high-risk populations [16], although the minimum
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threshold of intensity, such as the number of sessions or
messages or duration of the intervention, is not known
[14,17,18].

Aims
This RCT aimed to test the feasibility of a web-based DPP,
consisting of a wearable technology that records PA, integrated
with SMS texts based on MI techniques, and lifestyle education
delivered via a smartphone app, over 12 months in participants
with prediabetes. The primary aims were to assess (1) the
potential size of the study population; (2) the proportion of those
who consented to be screened for eligibility; (3) the proportion
of those who were screened and who were eligible, consented,
and randomized; (4) the proportion of those who were
randomized and who completed the intervention; and (5) the
proportion of those who completed the 6-month and 12-month
follow-ups.
Our secondary aims were to measure the change in biomedical
outcomes, including reducing weight and increasing PA, to
inform the possible range of effect sizes and obtain outcome
variance estimates required for sample size calculations in a
full-scale trial.

Methods
Study Design
This was a two-arm, parallel, single-blind RCT conducted over
12 months. The trial has been reviewed and given favorable
opinion by the London City and East Research Ethics Committee
(16/LO/1505).

Setting
We recruited patients from 3 clinical commissioning groups in
London (Lambeth, Southwark, and Lewisham), which comprise
a population of 912,687 residents, with one of the highest
prevalence rates of type 2 diabetes [19] in England and with
broad socioeconomic and ethnic diversity [20]. Patients were
recruited from participating primary care surgeries with list
sizes greater than 6000 patients.

Participants
Patients with an HbA1c level of 39 to 47 mmol/mol were defined
as being in a prediabetes state according to the current American
Diabetes Association criteria [21]. They were identified using
a 2-stage process. First, patients at high risk of developing type
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2 diabetes were identified by the general practitioner (GP) who
conducted a search on the Egton Medical Information Systems
(EMIS) web (clinical software where GPs can access patient
health records) using HbA1c results recorded in the previous 12
months. Additional data extracted from EMIS included
anonymous ID, gender, date of birth, postcode, ethnic origin,
QDiabetes score [22], and BMI. Potentially eligible patients
(HbA1c level of 39 to 47 mmol/mol) were invited to undergo
screening for eligibility. All GPs used the same postal invitation.
Second, the inclusion criteria at screening were as follows:
adults aged between 18 and 65 years; BMI≥25 kg/m² (≥23 kg/m²
if of Asian ethnicity) [19]; permanent residents in Lambeth,
Southwark, or Lewisham; owning a smartphone (iPhone or
Android models only)—defined as logging on at least once per
day to the internet; being fluent in conversational English; and
being ambulatory (eg, capable of walking without mobility
support equipment).

Staite et al
the lowest rib and the upper prominence of the pelvis using a
nonextensible steel tape against the bare abdomen. Hip
circumference was also measured to calculate the waist-to-hip
ratio. Diastolic and systolic blood pressure (BP) and resting
heart rate were measured with digital Omron BP monitors
(Omron M7) using standardized procedures of the average of
2 readings taken 1 min apart while seated.

Self-Reported Data

The exclusion criteria included diabetes (not including past
history of gestational diabetes); pregnancy; planning a pregnancy
or lactating during the duration of the study; severe mental
illness (severe depression with suicidal ideation, psychosis,
bipolar affective disorder, dementia, learning difficulties,
substance problem use, or dependence); severe physical
disability (eg, that would prevent any increased uptake of
physical exercise); advanced active disease, such as cancer or
heart failure; any other condition that requires glucose-altering
drugs; BMI≥50 kg/m²; and current participation in a weight loss
program or DPP. When in doubt, we sought GP confirmation
of eligibility.

Subjective PA was assessed using the International Physical
Activity Questionnaire (IPAQ) [24], from which we derived 2
continuous summary scores (sitting minutes and total activity,
given in metabolic equivalent of tasks min/week) and a
categorical score (low, moderate, or high activity levels) of
participants’ PA levels in the past week. Depressive symptoms
were collected using the patient health questionnaire-9 (PHQ-9)
[25]. Readiness to change was measured using the University
of Rhode Island change assessment scale (URICA) [26], adapted
from 32 items to 12 items for this study, to ask specifically
about participants’ readiness to change dietary and activity
behaviors with regard to their health; scores range from 2 to 14,
with scores <8 indicating participants are in the
precontemplation stage, 8 to 11 the contemplation stage, and
>11 the preparation or action stage. Self-efficacy was measured
using the self-efficacy for exercise scale, which has 9 items and
a score range of 0 to 90, with higher scores indicating greater
self-efficacy [27]. We collected data on smoking status and, if
current, how many cigarettes per day. Alcohol intake was
measured using the alcohol use disorders identification test
(AUDIT) [28].

Baseline Measures

Intervention

We collected sociodemographic data, including age, gender,
postcode of residence, employment status, educational level,
and self-reported ethnicity. On the basis of the participant’s
postcode, we determined their indices of multiple deprivation
(IMD) 2015 rank, which indicates the relative level of
socioeconomic deprivation in their area [23].

The intervention was based on the theory of planned behavior,
which states that to change behavior, people need to form an
intention [16]. Intention formation is influenced by 3 constructs:
expected value or positive attitude (people see the value in
making the change), subjective norm (significant others and
peers also value the change), and self-efficacy (people believe
they are capable of making the change).

Objective Physical Activity
Objective PA was measured using wearable technology (a
wristband manufactured and provided by Buddi Ltd; Wearable
Technology section below gives more details). Physical activity
(number of steps per day) was recorded continuously by the
wristband. Baseline PA was the mean step count of the first 7
days of wearing the wristband (starting from the baseline
appointment). Days with no recorded steps were removed before
calculating each participant’s mean step count (Multimedia
Appendix 1 shows the number of days used in calculating step
counts).

Biomedical Data
We collected HbA1c (mmol/mol) and lipid levels (total
cholesterol, high- and low-density lipoproteins, and fasting
triglycerides; all values in mmol/L). Weight was measured in
light clothing, without shoes, to 0.01 kg, and height to 0.1 cm
using a stadiometer (Class 3 Tanita SC240). Weight and height
measurements were used to calculate the BMI (kg/m2). Waist
circumference (cm) was measured horizontally halfway between
https://mhealth.jmir.org/2020/7/e15448
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Wearable Technology
All participants were issued with a wristband (manufactured
and provided by Buddi Ltd), its charger, and instructions for
operating the wristband and downloading the associated
study-specific smartphone app. In the baseline appointment,
participants downloaded the app onto their smartphone and
wirelessly connected it to the wristband via Bluetooth with the
help of the researcher if needed. Participants were told that they
must maintain the Bluetooth connection to facilitate the transfer
of data captured by the Buddi wristband to the participants’
smartphones. This allowed participants to track their activity
in close to real time via the smartphone d as well as review past
activity. If any technical issues arose, participants were able to
contact a researcher (who was not blinded to the intervention
allocation) for technical support, and any faulty devices were
replaced.

Web-Based Education
We scheduled and delivered 22 web-based sessions over 12
months targeting diet, PA, and mental resilience. The curriculum
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was based on the newly developed Centers for Disease Control
and Prevention PreventT2 curriculum and handouts [28], which
is an implementation version of the original landmark DPP
studies [5,29,30]. The web-based sessions were available
through the smartphone app, with PDF transcripts available to
download for each session. SMS texts were sent to participants
via the smartphone app to notify them when each module of
the web-based DPP was available (1 text every 1-4 weeks
approximately).

Motivational SMS Texts
SMS texts were generated and delivered via the smartphone
app using principles and techniques from MI to support
participants in forming healthy intentions, encourage
self-monitoring of lifestyle behaviors, and promote social
support [15]. MI is normally a face-to-face collaborative
conversation style for strengthening a person’s motivation,
belief, and commitment to change. We adapted this principle
for a virtual setting. The contents of the automated messages
were temporally coordinated with the contents of the educational
program. Participants typically received 3 to 4 MI-based
messages/day (excluding Saturday and Sunday) for 12 months.
There were 3 types of messages:
1.

2.

3.

Messages targeting lifestyle behaviors encouraged how to
make lifestyle changes (self-efficacy), for example, Think
about how many staircases you might be able to use today
instead of the lift, followed by why messages (expected
value of change to the patient) as reinforcement, for
example, Exercise is best done little and often and will have
a positive impact on your health. The content was
coordinated to mirror that of the educational program. One
of each how and why message was sent daily.
One daily message giving feedback on the activity data
received from the wearable technology; the content was
based on the level of activity designed to reinforce or
encourage an increase in activity levels.
Responsive messages were only sent if participants
proactively selected the following on the app: achieve when
they felt they had reached a goal, crave when they were
thinking about pursuing an unhealthy behavior (eg, eating
a high-calorie food or avoiding their exercise regime) but
had not acted upon it, or lapse when they had acted upon
their cravings and need support to re-engage with their good
intentions. Participants also had the opportunity to record
their achievements within the app.

Control Arm
The control group was provided with the Buddi wristband for
the duration of the study and could access their activity data
and web-based education material via the smartphone app. They
received an automated message (via the smartphone app)
informing them when the next educational session was available
(ie, 22 messages in total), but they did not receive any other
messages. This was weekly for modules 1 to 6, biweekly for
modules 7 to 16, and monthly (4 weeks) for modules 17 to 22.

Outcome Measures
For feasibility parameters, the primary outcomes were
proportion recruited and randomized and proportion followed
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up. The primary clinical outcomes were change in weight (kg)
and PA (mean steps per day) from baseline to 12 months, with
an interim measure at 6 months. Follow-up PA was the mean
step count of the 7 days of wear leading up to and including the
day of the follow-up appointment.
The secondary outcomes were a change in HbA1c levels and
BP at 6 and 12 months and waist circumference, waist-to-hip
ratio, and lipid levels at 12 months. The HbA1c level was
analyzed as a continuous and categorical variable, with the
following categories: normal (<42 mmol/mol), prediabetes
(39-47 mmol/mol), and diabetes (>47 mmol/mol).

Sample Size
We aimed for 100 participants per arm, as this was a large
enough sample to inform the practicalities of delivering the
intervention, recruitment, uptake, and attrition to inform a
full-scale trial rather than measures of intervention effects.

Randomization and Allocation Concealment
Before randomization, participants wore the Buddi wristband
for 1 week to familiarize with the technology and to collect
baseline activity data. All patients were offered a brief
educational session on the use of the Buddi device, and an
instruction manual was provided. Randomization of participants
was conducted by the data manager from an independent clinical
trials unit using computer-generated randomization blocks of
random sizes and stratified by surgery in a 1:1 ratio. Allocation
concealment of the randomization list was held in a
password-locked computer. This was an open-label study, but
outcome assessors, laboratory technicians, and researchers
entering and scoring the data were blinded to patients’
allocations.

Statistical Analysis Plan
The full statistical analysis plan for this study is provided in
Multimedia Appendix 2. Analysis and reporting were in line
with the consolidated standards of reporting trials guidelines
[29], including its extensions for pilot and feasibility trials;
primary analyses were conducted on an intention-to-treat basis
and using a two-sided significance level of .05. Statistical
analyses were mainly descriptive, aiming to provide estimates
of key feasibility parameters and to inform power calculations
for a future definitive trial. Descriptive subanalyses were used
to explore participation rates among participants based on
ethnicity, education level, IMD 2015 score, BMI, depressive
symptoms, readiness to change, and self-efficacy. The
proportion of missing data for individual items and measures
was examined to determine the suitability of instruments and
the level of burden for a future full-scale trial. We compared
baseline characteristics of (1) those who were eligible and who
did and did not consent and (2) those who did and did not
provide 12-month follow-up data for the primary clinical
outcomes. The differences in treatment effect for the primary
and secondary outcomes between the arms at 6- and 12-month
follow-ups were analyzed using analysis of covariance–based,
linear mixed effects models with prerandomization values as a
covariate [30]; STATA’s mixed command was used for
estimation.
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Results
Trial Flow
Figure 1 presents participant flow through the trial. Over a
6-month period, we sent postal invitations to 142 surgeries,
whose patient list sizes were over 6000. A total 21 of 142
surgeries (14.8%) agreed to participate, from which 194,892

Staite et al
patients had the first-stage screening performed electronically
by their GP. Out of these, 5124 were potentially eligible and
invited for further screening by their GP by letter and telephone.
The number of people who attended and consented for
second-stage screening was approximately 11 patients per week,
requiring 28 hours per week of a full-time equivalent research
worker. Approximately half of those who attended the screening
were eligible and consented to be randomized.

Figure 1. Participant flow diagram.
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Baseline Characteristics

Adherence to Intervention

The baseline characteristics of the participants are presented in
Table 1. The two arms were broadly similar (except for
ethnicity) and representative of the local catchment in terms of
high levels of deprivation, with over half being of nonwhite
ethnicity.

Data were available for 192 participants (92 in the intervention
arm). Of these 192, a total of 80 (80.0%) and 60 (65.2%)
participants were adherent to the intervention in the intervention
and control arms, respectively (X21=4.6; P=.03). Participants
used the smartphone app on average 41.5% (SD 27.5) and 33.2%
(SD 27.5) of days in the control and intervention arms,
respectively.
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Table 1. Baseline characteristics.
Baseline characteristics

Intervention (n=98)a

Control (n=102)b

Total (N=200)

Age (years), mean (SD)

51.76 (7.68)

52.78 (8.20)

52.28 (7.94)

56 (57)

51 (50.0)

106 (53.0)

White

28 (28)

35 (34.3)

63 (31.5)

African or African Caribbean

50 (51)

58 (56.9)

108 (54.0)

Asian

16 (16)

4 (3.9)

20 (10.0)

Other

4 (4)

5 (4.9)

9 (4.5)

No formal qualifications

3 (3)

5 (5.2)

8 (4.1)

GCSEc or equivalent

29 (29)

23 (23.7)

52 (26.8)

A level or higher

65 (67)

69 (71.1)

134 (69.1)

74 (77)

78 (78.8)

152 (77.9)

Married/cohabiting

61 (62)

59 (57.8)

120 (60.0)

Separated/divorced/widowed

12 (12)

13 (12.7)

25 (12.5)

Single

25 (25)

30 (29.4)

55 (27.5)

1—most deprived

33 (33)

36 (35.3)

69 (34.5)

2

32 (32)

38 (37.3)

70 (35.0)

3

21 (21)

19 (18.6)

40 (20.0)

4

11 (11)

8 (7.8)

19 (9.5)

5—least deprived

1 (1)

1 (1.0)

2 (1.0)

52 (53)

51 (50.0)

103 (51.5)

Current smoker

13 (13)

10 (9.8)

23 (11.5)

Ex-smoker

32 (32)

41 (40.2)

73 (36.5)

Nonsmoker

53 (54)

51 (50.0)

104 (52.0)

Number of cigarettes per day for current smokers, mean (SD)

7.50 (5.76)

6.40 (5.21)

7.02 (5.43)

PHQ-9e depression score, mean (SD)

4.04 (4.61)

4.25 (4.01)

4.15 (4.31)

Abstainer (0)

22 (22)

21 (20.6)

43 (21.5)

Low risk (1-7)

71 (72)

69 (67.6)

140 (70.0)

Possibly harmful (≥8)

5 (5)

12 (11.8)

17 (8.5)

2264.18 (2311.16)

2647.01 (2715.67)

2459.43 (2526.55)

Precontemplation (<8)

22 (22.)

12 (11.8)

34 (17.1)

Contemplation (8-11)

54 (55)

70 (68.6)

124 (62.3)

Preparation or action (>11)

21 (21)

20 (19.6)

41 (20.6)

55.15 (22.11)

54.33 (21.95)

54.73 (21.97)

Gender, n (%)
Female
Ethnicity, n (%)

Highest qualification, n (%)

Currently employed, full- or part-time, n (%)
Relationship status, n (%)

IMDd 2015 quintiles, n (%)

Family history of diabetes, n (%)
Smoking status, n (%)

AUDITf score category, n (%)

IPAQg total physical activity, METh minutes/week, median (IQR)
URICAi readiness to change, n (%)

SEEj self-efficacy score, mean (SD)
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a

Number of missing cases for the intervention arm are as follows: highest qualification (n=1), currently employed (n=3), PHQ-9 (n=1), URICA (n=1),
and SEE (n=2).
b

Number of missing cases for the control arm are as follows: highest qualification (n=5) and currently employed (n=2).

c

GCSE: general certificate of secondary education.

d

IMD: indices of multiple deprivation.

e

PHQ-9: patient health questionnaire-9.

f

AUDIT: alcohol use disorders identification test.

g

IPAQ: international physical activity questionnaire.

h

MET: metabolic equivalent of the task.

i

URICA: University of Rhode Island change assessment scale.

j

SEE: self-efficacy for exercise.

Summary of Outcome Data
Table 2 presents a descriptive summary of the clinical outcomes
at each time point. We observed that the distributions for each
primary outcome were positively skewed; however,
log-transforming the data did not improve the distribution or
alter the results of the analyses below. The pooled SD at 12
months for weight was 15.43 kg and for PA was 3588.76 steps.
When categorizing participants’ metabolic status based on their
HbA1c values, 3 (3.5%) and 5 (7.3%) in intervention group and
2 (2.2%) and 6 (6.9%) in the control group met the cut-off for
diabetes (>47 mmol/mol) at 6 and 12 months, respectively.
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Participants with HbA1c >47 mmol/mol were referred to the
GP. Participants were informed of their results via telephone
and told to contact their GP. A total of 4 (4.7%) and 9 (10.1%)
participants returned to the normal range (<39 mmol/mol) in
the intervention and control arms, respectively, at 6 months. At
12 months, 0 and 4 (4.6%) participants were in the normal range
in the intervention and control arms, respectively. There was
no difference in the proportion of participants who developed
type 2 diabetes or who returned to normal HbA1c levels between
the 2 groups at 6 months (X22=2.0; P=.36) or 12 months
(X22=3.2; P=.20).
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Table 2. Summary of primary and secondary outcomes and pairwise comparisons.
Outcomes and time

Intervention arm

Control arm

Mean difference (95% CI)

n

Mean (SD)

n

Mean (SD)

Baseline

98

92.33 (15.67)

102

92.59 (17.43)

—a

6-month follow-up

85

91.34 (16.04)

89

91.71 (16.48)

0.15 (−0.93 to 1.23)b

69

89.41 (14.93)

87

91.10 (15.82)

0.07 (−1.29 to 1.44)

Baseline

87

7308.40 (4911.93)

93

7599.28 (3881.04)

—

6-month follow-up

36

5008.76 (2733.22)

51

6148.83 (3433.77)

−382.90 (−860.65 to 94.85)

12-month follow-up

18

4814.66 (3419.65)

31

5006.30 (3681.1)

92.64 (−380.92 to 566.20)

Baseline

98

82.92 (10.68)

102

81.47 (8.96)

—

6-month follow-up

82

81.41 (10.19)

89

83.22 (8.46)

−2.24 (−4.54 to 0.06)

12-month follow-up

68

83.03 (10.33)

87

83.87 (9.06)

−1.61 (−3.93 to 0.70)

Baseline

98

125.51 (17.39)

102

124.52 (12.19)

—

6-month follow-up

82

124.15 (16.33)

89

127.33 (13.30)

3.50 (−7.05 to 0.05)

12-month follow-up

68

125.37 (16.07)

87

127.54 (14.16)

−2.62 (−6.37 to 1.12)

Baseline

97

4.02 (0.99)

102

4.14 (1.02)

—

12-month follow-up

68

4.06 (1.20)

86

3.97 (1.04)

0.11 (−0.08 to 0.30)

Baseline

98

42.27 (2.32)

102

42.29 (1.98)

—

6-month follow-up

85

42.12 (2.44)

89

41.82 (3.05)

0.20 (−0.50 to 0.91)

12-month follow-up

68

44.06 (2.31)

87

43.54 (2.68)

0.53 (−0.19 to 1.25)

Baseline

97

1.39 (0.33)

102

1.34 (0.33)

—

12-month follow-up

68

1.39 (0.32)

86

1.38 (0.31)

0.00 (−0.07 to 0.06)

Baseline

96

3.33 (0.84)

101

3.28 (0.83)

—

12-month follow-up

67

3.30 (0.85)

85

3.28 (0.85)

0.02 (−0.18 to 0.23)

Baseline

97

5.35 (0.96)

102

5.30 (0.93)

—

12-month follow-up

68

5.37 (1.03)

86

5.28 (0.99)

0.10 (−0.11 to 0.31)

Baseline

97

1.39 (1.14)

102

1.39 (0.86)

—

12-month follow-up

68

1.72 (3.13)

86

1.35 (0.84)

0.39 (−0.02 to 0.81)

Baseline

97

103.31 (12.21)

100

103.92 (12.32)

—

12-month follow-up

69

96.73 (11.69)

86

97.38 (10.99)

−0.60 (−2.45 to 1.26)

97

0.92 (0.07)

100

0.93 (0.08)

—

Weight (kg)

12-month follow-up
c

PA (mean steps per day)

d

BPe diastolic (mm Hg)

BP systolic (mm Hg)

f

Cholesterol:HDL ratio

HbA1c (mmol/mol)

HDL (mmol/L)

LDLg (mmol/L)

Total cholesterol (mmol/L)

Triglycerides (mmol/L)

Waist circumference (cm)

Waist-to-hip ratio
Baseline
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Outcomes and time

12-month follow-up
a

Staite et al
Intervention arm

Control arm

Mean difference (95% CI)

n

Mean (SD)

n

Mean (SD)

69

0.91 (0.08)

86

0.90 (0.08)

0.00 (−0.02 to 0.02)

Baseline comparisons are not done, as per the statistical analysis plan noted above.

b

Pairwise comparison outputs were calculated by subtracting the control arm from the intervention arm, so a negative value indicates the control arm
had a higher mean.
c

PA: physical activity.

d

Number of days included in the step count calculations is given in Multimedia Appendix 1.

e

BP: blood pressure.

f

HDL: high-density lipoprotein.

g

LDL: low-density lipoprotein.

Primary Analyses
The fixed and random effects of the mixed effects models for
weight and PA are presented in Multimedia Appendix 3. There
was no treatment effect on weight or PA at 6 or 12 months
(Table 2), or for HbA1c levels, waist circumference, waist-to-hip
ratio, lipid levels, or BP at 12 months.

Sensitivity Analyses
Our sensitivity analyses adjusting for baseline characteristics
did not alter our conclusions of the primary outcome analysis
above. Readiness to change (URICA stage) did not moderate
the treatment-by-time effect for weight (F1,2=0.10; P=.90) or
PA (F1,2=0.56; P=.57).
Our analysis of responders to the control or intervention arm
indicated that improvements in weight and/or PA were
associated with baseline smoking status (X22=11.6; P=.003)
and PHQ-9 categorical score (X24=10.7; P=.03; Multimedia
Appendix 4).
Testing the associations between IPAQ scores and mean step
counts revealed a significant positive correlation between the
intervention arm’s IPAQ total activity score and step counts at
baseline only (r85=0.22; P=.04; Multimedia Appendix 5). The
series of 1-way analysis of variances showed that the IPAQ
activity category (low, moderate, or high) was only associated
with step counts for the intervention arm at baseline (F2,84=4.83;
P=.01).

Discussion
We have demonstrated that conducting an RCT that tested
web-based DPP delivered via a wearable technology and a
smartphone app is feasible in terms of participation and retention
of study patients over a period of 12 months.

Principal Findings
We successfully reached our target sample size in 36 weeks,
with a recruitment rate of 5 to 6 patients per week per full-time
research worker. For full-scale RCT testing the intervention
with an expected effect size of 0.1 and 90% power, we estimate
recruitment will take about 3.5 years per research worker or just
over 1 year for 3 research workers (Multimedia Appendix 6).
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We piloted the statistical plan that we would anticipate using
for a full-scale RCT, which appeared to be valid, although
hypothesis testing was only a secondary aim. The only
significant difference observed was that those in the intervention
group had lower PA levels at 6 months compared with those in
the control group, but they were also less likely to complete the
intervention and more likely to be noncontactable or have
withdrawn at follow-up.
An important difference between our study and previous RCTs
[11] is that we showed that it is feasible to use a wearable
technology that continually records levels of PA (ie, step count).
Furthermore, our study included male and female participants
compared with another study that included only male
participants [31]. We also had higher rates of retention than
those in other studies. For instance, in an RCT of a fully
automated and algorithm-driven web-based DPP [13], 72% of
intervention participants were still interacting with the program
at 6 months. We achieved 87% of participants attending their
6-month follow-up.

Strengths and Limitations
A key strength is that this is the first feasibility study in the
United Kingdom, which tests an automated web-based DPP
designed to mirror the landmark face-to-face DPPs. The sample
was representative of the ethnic and social diversity common
in prediabetes. We noted that there was variation by GP surgery
in response, and this suggests that clustering should be
considered in any full-scale RCT.
An important observation is the importance of sustaining the
functionality of the technology. Despite a prior road-test of the
wearable technology and its connectivity to the smartphone app
by the commercial provider in a handful of volunteers, there
were mechanical and technical failures that may have resulted
in participants randomized to the intervention arm receiving
less of the required dose and withdrawing because of these
issues. For example, we observed a sharp decrease in the mean
step counts for participants at 6 months and 12 months compared
with baseline, suggesting that the wristband may not have been
accurately recording PA over time or that participants were
unaware of ongoing technical issues. Other explanations could
be that participants reduced their step count over time despite
being in the intervention group or that participants reduced the
amount of time they wore the device.
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Participant adherence to the intervention could not be
comprehensively documented as the technology for this did not
exist; therefore, we were not able to capture how the participants
used the app, particularly if they accessed the DPP education
materials (and for how long) or if they read the SMS messages
sent to them.
The follow-up rates for the primary outcomes were, on average,
75%, and predictors of missing data included higher BMI,
presence of depressive symptoms, and current smokers (ie, those
more at risk of developing type 2 diabetes and increasing the
risk of underestimation).
We assessed the degree to which the wristband-derived step
counts (ie, objectively measured PA) were associated with a
validated self-reported measure of PA levels. We observed that
the 2 measures only corresponded to a limited extent in the
control arm, with step counts being weakly and positively
correlated with total self-reported activity at 2 time points. The
self-reported scores were not associated with step counts in the
intervention arm. There are several possible reasons for this
discrepancy, one being that these participants disengaged from

Staite et al
the intervention (ie, wearing the wristband because of the
technical problems or the higher intensity of messages).
The responses of the participants to our implementation
processes questionnaire were generally favorable of the
intervention; however, they did note several key areas for
improvement for a full-scale RCT. These included improving
the wristband’s clasp, offering the wristband in different styles,
and improving the app’s accessibility (eg, offering the
educational material in other digital formats) and formatting
(eg, improving the readability and precision of the activity
graphs and personalizing the content and frequency of
messages).

Research and Clinical Implications
This study found that there is a sufficiently large target
population of patients for screening and a reasonably good
participation rate (ie, patients are keen to receive support for
diabetes prevention). Ensuring an optimum balance in the
intensity of information sent and the functionality of the
technology are potential key components to consider for a
full-scale RCT.
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Abstract
Background: Smartphone-based blood pressure (BP) monitoring using photoplethysmography (PPG) technology has emerged
as a promising approach to empower users with self-monitoring for effective diagnosis and control of hypertension.
Objective: This study aimed to develop a mobile personal health care system for noninvasive, pervasive, and continuous
estimation of BP level and variability, which is user friendly for elderly people.
Methods: The proposed approach was integrated by a self-designed cuffless, calibration-free, wireless, and wearable PPG-only
sensor and a native purposely designed smartphone app using multilayer perceptron machine learning techniques from raw signals.
We performed a development and usability study with three older adults (mean age 61.3 years, SD 1.5 years; 66% women) to
test the usability and accuracy of the smartphone-based BP monitor.
Results: The employed artificial neural network model had good average accuracy (>90%) and very strong correlation (>0.90)
(P<.001) for predicting the reference BP values of our validation sample (n=150). Bland-Altman plots showed that most of the
errors for BP prediction were less than 10 mmHg. However, according to the Association for the Advancement of Medical
Instrumentation and British Hypertension Society standards, only diastolic blood pressure prediction met the clinically accepted
accuracy thresholds.
Conclusions: With further development and validation, the proposed system could provide a cost-effective strategy to improve
the quality and coverage of health care, particularly in rural zones, areas lacking physicians, and areas with solitary elderly
populations.
(JMIR Mhealth Uhealth 2020;8(7):e18012) doi:10.2196/18012
KEYWORDS
mHealth; photoplethysmography; blood pressure monitoring; hypertension
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Introduction

in volume and distension of the arteries can relate to the heart’s
systolic and diastolic periods to estimate BP.

Background

Most PPG-based BP monitors have been developed through
synchronicity-dependent approaches that measure the PPG
signal simultaneously with another biosignal or two PPG signals
from different body sites. This type of approach requires two
sensors to calculate the time that a single heartbeat pulse takes
to travel from the heart to a peripheral location or from one
arterial site to another. Generally, an initial or periodic
calibration step using an additional BP monitor as a reference
is required to obtain a more reliable BP measurement [14-17].
Another simple and less obtrusive approach uses a single PPG
sensor. BP is estimated by extracting time and frequency
features derived from the PPG waveform to examine the
similarity between PPG and arterial BP morphologies or directly
using the raw PPG signal [18]. However, PPG-only approaches
need more robust methods to accurately describe the inherent
but not well-established relationship between PPG signal
variations and BP changes [11,19].

Although hypertension is the most important modifiable risk
factor for global disability-adjusted life-years among diseases,
injuries, and risk factors [1], its prevalence continues to increase
globally. Currently, an estimated 1.13 billion people worldwide
have hypertension (blood pressure [BP] ≥140/90 mmHg) [2].
It is known as a “silent killer,” as its signs and symptoms can
be very subtle and slow until after key organs are severely
affected. To identify BP dysregulation and ascertain if treatment
or lifestyle modifications are appropriate for control, BP needs
to be measured frequently and in real-life conditions.
Hypertension prevalence rates are usually based on clinic BP
measures, but these can exclude a substantial number of people
who have “masked” hypertension (normotensive by clinical
measurement, but hypertensive by ambulatory or home BP
readings) [3], which confers cardiovascular risk similar to that
of sustained hypertension [4]. Therefore, the development and
implementation of new strategies to stratify population-level
risk and identify people who are treated but still have
uncontrolled hypertension or have “masked” hypertension are
desperately needed.
Ambulatory BP monitoring is the noninvasive gold standard
for the clinical diagnosis of BP dysregulation, as it records BP
over a period of 24 hours or more using automated upper-arm
cuff oscillometric devices during normal daily activities, thereby
providing a much more complete and representative picture of
BP patterns than traditional single clinic-based measurement
[5]. Continuous BP monitoring records can provide an estimate
of the true BP level, the circadian BP profile, and information
on inherent BP variability, which is considered a potential
independent predictor of cardiovascular events or complications
[6-8]. Nevertheless, the periodic inflation of the cuff to register
BP readings is associated with moderate discomfort or pain and
severe restriction in everyday activities during the monitoring
period [9].
The use of noninvasive and cuffless BP monitors has emerged
as a more comfortable and user-friendly alternative to estimate
BP measurement [10]. The adoption of photoplethysmography
(PPG) technology has led to the development of small,
inexpensive, and wearable optoelectronic sensors for long-term
BP monitoring [11-13]. The underlying principle of the PPG
method is based on illumination of the skin by a light-emitting
diode (LED) and measurement of the amount of light that is
absorbed or reflected from living tissue using a luminosity
sensor. Since the tissue changes its vascular tone according to
the volume of blood pumped by the heart during each cardiac
cycle, the PPG signal can detect changes in volumetric blood
flow by the photoelectric technique [11,13]. Thus, variations
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Parallel advances in sensing technologies combined with the
growth of mobile computing and wireless communication are
shifting health care from traditional clinic monitoring to
real-time personal monitoring. The development and application
of mobile personal health care systems could improve quality
and coverage, while reducing costs through early detection
[20,21]. Thus, the use of a smartphone equipped with built-in
or external sensors is considered a promising approach to
empower users with self-monitoring for the effective diagnosis
and control of hypertension and to facilitate timely patient and
health care provider communication for medical feedback and
clinical support [22-27]. Underserved populations (mainly
elderly people living in developing countries) will benefit from
mobile technology [28,29].
On the other hand, with the increasing advancement and
popularity of machine learning methods, novel ways to improve
BP estimation from a single PPG signal without any additional
sensor have emerged [13,19]. Given that light emitted by LEDs
can penetrate an area that involves skin, arteries, veins, blood,
bone, and other tissues, optical absorption changes detected by
a PPG sensor represent a complex mixture of pulsatile and
nonpulsatile blood flow components [13,30]. Therefore, heuristic
modeling based on advanced artificial neural networks (ANNs)
using nonlinear regression could aid in dealing with confounding
factors and improve the result of BP estimation from feature
extraction or raw PPG signals [19,31-34].

Recent Work
We provide an overview of recent work on smartphone-based
BP monitors using single or combined PPG approaches, whose
estimates were compared with measures recorded via a reference
BP device (Table 1) [35-42].
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Table 1. Overview of smartphone-based blood pressure monitors using single or combined photoplethysmography approaches.
Smartphone PPGa approach

a

BPb measures Reference BP device

Correlation coefficient

Error bias (mmHg), mean (SD)

SBPc

DBPd

SBP

DBP

Chandrasekaran et al [35]

NRe

NR

2.45f

1.71f

500

Mercury sphygmomanometer

Plante et al [36]

0.44g

0.41g

12.40 (10.50)h

10.10 (8.10)h

101

Omron HEM-907

Wang et al [37]

NR

0.81i

NR

6.70j

196

Microlife BP3NA1-1x

Chandrasekhar et al [38]

0.76i

0.79i

3.30 (8.80)f

−5.60 (7.70)f

32

Omron BP7650N

Chandrasekhar et al [39]

0.79i

0.78i

−4.00 (11.40)f

−9.40 (9.70)f

18

Omron BP786

Raichle et al [40]

0.40g

NR

5.00 (14.50)h

NR

96

Omron HBP-1300

Dey et al [41]

NR

NR

6.90 (9.00)h

5.00 (6.10)h

205

Mercury sphygmomanometer

Luo et al [42]

0.67i

0.47i

0.39 (7.30)f

−0.20 (6.00)f

1328

CNAP Monitor 500

PPG: photoplethysmogram.

b

BP: blood pressure.

c

SBP: systolic blood pressure.

d

DBP: diastolic blood pressure.

e

NR: not reported.

f

Mean error.

g

Spearman correlation.

h

Mean absolute error.

i

Pearson correlation.

j

Root mean square error.

PPG-Combined Approaches
Chandrasekaran et al [35] made the earliest attempts to monitor
BP changes using an external microphone and smartphone
camera for recording heart sounds and corresponding finger
pulse. From preprocessed phonocardiography and PPG signals,
they calculated the vascular transit time [43] (transmission delay
of blood from the heart to a body peripheral point for one
heartbeat) to estimate BP values. Approach accuracy was
assessed by separately measuring BP using a commercial
sphygmomanometer. However, the data collection procedure
and correlation analysis with BP reference measures were not
reported.
A validation study of this method was performed by Plante et
al [36] using a commercial iOS app to estimate BP from PPG
and phonocardiography signals collected with a smartphone
camera and microphone. Simultaneous BP measures were taken
using a validated oscillometric device and smartphone to
calculate the mean and SD of absolute differences, correlation
coefficient, and British Hypertension Society (BHS) accuracy
grade [44] between reference and test values. The findings
indicated a highly inaccurate BP estimation by showing weak
correlation, the lowest possible BHS score, and 78%
misclassification of hypertensive measures.
In 2018, Wang et al [37] developed a smartphone BP monitoring
app using a built-in accelerometer and camera to capture
vibration caused by heartbeats and fingertip pulse. Only diastolic
BP (DBP) measures were estimated by calculating pulse transit
time [17] (time taken by a heart pulse to travel between two
https://mhealth.jmir.org/2020/7/e18012
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arterial sites), using seismocardiography and PPG signals. DBP
estimated with initial calibration showed very strong correlation
and adequate average error against reference values measured
simultaneously with a commercial oscillometric device.
Additionally, in 2018, Chandrasekhar et al [38] developed a
calibration-free BP measurement smartphone device based on
an extension of the oscillometric principle. The approach
involved external PPG and force sensors to detect blood flow
and applied pressure from a finger, and an Android app to
calculate and display BP estimates. Comparison with reference
values obtained by a standard oscillometric device showed a
strong correlation and error range close to the limits established
by the Association for the Advancement of Medical
Instrumentation (AAMI) [45].
Thereafter, the same authors [45] developed an iOS app to
estimate BP via a similar method, but using the smartphone
camera to detect blood volume oscillations and a strain gauge
array under the screen to measure finger pressure [39]. The
assessment of accuracy also demonstrated high correlation and
good agreement in terms of error bias and precision with respect
to standard reference measures.

PPG-Only Approaches
In 2018, Raichle et al [40] conducted a study to assess the
performance of an iOS app estimating systolic BP (SBP) via
PPG signals recorded by a smartphone camera from the finger.
The estimation algorithm determined BP based on morphology
and frequency analysis of PPG signals. Validation results
reported a moderate correlation, an adequate mean absolute
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e18012 | p.1051
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error but with high SD, and the worst BHS accuracy grade in
comparison with reference SBP measured using an oscillometric
device.
In the same year, Dey et al [41] developed an ensemble of BP
prediction models based on PPG feature extraction and values
of demographic and physiological profiles. PPG signals were
acquired using a heart rate sensor embedded in a smartphone,
and an Android app was used to display BP estimates. A
machine learning approach using the Lasso regression model
[46] was adopted for initial DBP estimation, and subsequently,
this output was used as feedback to derive SBP. The combined
model of PPG features and demographic and physiological
partitioning showed adequate absolute error and precision with
respect to reference BP measured using a mercury-based cuff
device.
More recently, Luo et al [42] proposed a BP monitoring
approach using a variant of the remote PPG technique to detect
facial blood flow changes from videos captured with a
smartphone camera, and a multilayer perceptron machine
learning algorithm was used for BP estimation. The prediction
model used orthogonal eigenvectors as input by applying
principal component analysis on features extracted from facial
blood flow signals, metafeatures for imaging condition
normalization, environmental temperature variations, and
individual physical characteristics. Assessment against reference
measures from a continuous finger BP monitor indicated
moderate and strong correlations for DBP and SBP, and high
BP prediction accuracy and precision according to the AAMI
standard [45].
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Goal of This Study
In this study, we address these issues by developing a mobile
personal health care system for noninvasive, pervasive, and
continuous BP monitoring, with the goal of improving the early
diagnosis and control of hypertension and identifying a potential
cardiovascular predictor (abnormal BP variability). The
proposed approach is integrated by a self-designed cuffless,
calibration-free, wireless, and wearable PPG-only sensor and a
native smartphone app designed to be user friendly for elderly
people, which is based on machine learning techniques for BP
level and variability estimation from raw PPG signals.

Methods
Brief Description
This section provides an overview of our approach, which is
based on the development of a PPG-only sensor to acquire and
transfer raw signals to a smartphone and a mobile app using
multilayer perceptron machine learning techniques to estimate
BP level and variability.

Approach
The mobile personal health care system consists of a wearable
sensor based on a portable microcontroller provided with
Bluetooth transmission and PPG technology to detect light
absorption changes from the wrist and a smartphone using ANN
algorithms to estimate BP parameters. Communication between
the PPG sensor and smartphone occurs via a master-slave
scheme controlled by the mobile device. Therefore, all BP
estimations are started by the master device (smartphone), which
receives responses from the slave device (PPG sensor).The basic
block diagram of the proposed approach is shown in Figure 1.

Figure 1. Block diagram of the blood pressure estimation approach.

PPG Sensor
The modular development of the sensor was performed on an
Arduino-compatible microcomputer board from Adafruit [47],
which includes an ATmega32u4 portable microcontroller
clocked at 8 MHz, a Bluetooth Low Energy (BLE) [48] module,
a connector for a lithium polymer battery, and a built-in
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micro-USB jack for power charging. A TSL2561 luminosity
sensor (Adafruit Industries) [49], an infrared LED LTE-302
(Lite-On) with a wavelength of 940 nm, and a rechargeable
lithium polymer battery (3.7 V, 500 mAh) were added to the
development board. The electronic circuit was embedded in a
3D-printed case and attached to an adjustable wristband. Figure
2 shows the modular design of our PPG sensor.
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Figure 2. Modular design of the photoplethysmography sensor. LED: light-emitting diode; PPG: photoplethysmography.

Estimation of BP Parameters
BP was estimated using the principle of the oscillometric method
that determines SBP and DBP from the value of the mean
arterial pressure (MAP), which is assumed to be nearly equal
to the maximum oscillation of the cuff pressure applied to an
arterial segment [50]. On the other hand, MAP is also estimated
as the maximum vascular unloading detected by the PPG signal
[51,52]. Therefore, we estimated BP through a combinatorial
ANN model in the following two stages: (1) direct estimation
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of MAP from raw PPG data and (2) feedback of MAP output
to estimate SBP and DBP approximations.
In addition, our approach calculated the variability of continuous
BP estimations using the average real variability index [53],
which provides superior predictive value over conventional BP
variability estimators [54]. This method focuses on changes
occurring over short time intervals, and thus, it corrects some
of the limitations of SD, which only reflects the dispersion of
BP measures around the mean. The average real variability
index calculates the average of absolute changes between
consecutive BP readings as follows:
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where N denotes the number of valid BP measures and k is the
order of the measures.

Data Collection Procedure
Fit data for MAP→BP estimation were obtained from the
Maracaibo Aging Study [55], which is an ongoing
population-based longitudinal study that includes participants
aged 55 years or above, who underwent 24-hour ambulatory
BP monitoring for the follow-up of cardiovascular outcomes.
BP measures were recorded with a validated fully automatic
SpaceLabs 90207 device [56], which was programmed to
register ambulatory BP readings at 15-minute intervals during
the daytime (6:00 AM-10:59 PM) and 30-minute intervals at
night (11:00 PM-05:59 AM). We selected subjects with 24-hour
BP recordings of good technical quality (>70% valid readings)
and obtained a data set of 43,552 BP records belonging to 662
participants (mean age 67.3 years, SD 7.9 years; 69% women).
The mean 24-hour BP values were as follows: SBP, 131.1 (SD
21.4) mmHg; DBP, 74.9 (SD 14.4) mmHg; and MAP, 93.6 (SD
15.3) mmHg. The ethical review board of the Institute of
Cardiovascular Diseases of the University of Zulia approved
the protocol. Written informed consent was obtained from each
subject or a close family member.
To collect data for the PPG→MAP problem and test PPG sensor
usability, we performed a development and usability study with
three older adults (mean age 61.3 years, SD 1.5 years; 66%
women) without a history of cardiovascular disease or
hypertension. The protocol consisted of individual sessions
involving three rounds (8:00 AM-12:00 PM, 2:00 PM-6:00 PM,
and 8:00 PM-10:00 PM) to record simultaneous measures with
our PPG sensor and a validated semiautomated upper-arm cuff
oscillometric device (Omron HEM-4030; BP accuracy ±3
mmHg) [57]. Each round included 10 minutes of rest before
starting to acquire measures from participants sitting in the
upright position with the back supported, legs uncrossed, and
nondominant arm on a desk. BP and PPG readings were taken
every 5 minutes by a trained observer until obtaining a specific
number of valid records for each round (20, 20, and 10 for the
three rounds). The nondominant arm of each participant was
equipped with the oscillometric cuff device and PPG sensor
placed on top of the wrist with moderate pressure. The BP
reference device required a maximum of 30 seconds to detect
SBP and DBP. During each BP acquisition, the PPG sensor was
programed to collect light absorption readings every 0.6 seconds;
values greater than zero were saved and averaged to obtain one
PPG measurement for each reference BP measure. The
corresponding MAP value was calculated as follows:
MAP = (2 × DBP + SBP) / 3 (2)
The fit data set contained a total of 150 values (three participants
× one session × 50 measures/session) for MAP (mean 88.9
mmHg, SD 16.1 mmHg) and PPG (mean 4100.7 a.u., SD 107.7
a.u.) measurements. The data acquisition procedure was
performed in a private indoor room maintained at a controlled
temperature of 25°C and supervised by medical staff. Written
informed consent was obtained from all participants. They were
compensated US $50 per session, and the protocol was approved
https://mhealth.jmir.org/2020/7/e18012
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Machine Learning Model
The ANN model was built using the Neural Network Fitting
App from Matlab [58]. Data fitting problems (PPG→MAP and
MAP→BP) were addressed by separate two-layer feed-forward
networks. In both cases, we used sigmoid and linear transfer
functions for the hidden and output layers, and the Bayesian
regularization backpropagation algorithm with random weights
and bias initialization as the training function. Each fit data set
was divided into three sets randomly (70%, 15%, and 15%) for
training, validation, and testing. The performance of network
outputs with respect to targets was assessed using linear
regression analysis. In order to avoid overfitting, training
stopped when we reached 1000 epochs or the validation error
failed to decrease for six iterations.

Software Development
We used Matlab Compiler SDK [59] to deploy the trained
combinatorial ANN model in a smartphone. The mobile app to
display BP estimates from network output was developed in
the integrated development environment Android Studio [60].
Communication with the wearable sensor to acquire input PPG
data was enabled through the Android Bluetooth serial port
profile library [61]. This connection was exclusive, because a
BLE peripheral can be paired to only one central device at a
time. Android multithreading [62] allowed the smartphone to
maintain normal operations while receiving real-time PPG
signals. The smartphone app included time setting parameters
for the start of monitoring and the measurement frequency of
continuous BP readings, and a battery power indicator for the
PPG sensor. To provide a user-friendly app for elderly subjects
with reduced vision and manual dexterity, we used a simplified
graphical user interface with a bright screen, large text, and
numbers, and simple input buttons with touchscreen technology,
all of which have been proven to be suitable for older users [63].

Performance Assessment of BP Estimation
To assess performance, we compared outputs of the
PPG→MAP→BP combinatorial ANN model (n=150) against
BP reference measures recorded with the oscillometric device.
The accuracy and precision of comparisons were evaluated
through mean error (ME) (SD), Pearson and Spearman
correlations, and percentage accuracy. The ME was calculated
as the average of differences between reference and predicted
BP values. For percentage accuracy, we quantified the error
proportion as the absolute difference between reference and
predicted values, with division by the reference BP value. We
then subtracted this result from 1 and multiplied it by 100.
Thereafter, we calculated the mean across all results to obtain
the percentage accuracy for BP estimation [42]. Additionally,
we assessed BP prediction according to the following: (1)
cumulative percentage of absolute differences between reference
and predicted values within 5, 10, and 15 mmHg [36]; (2)
maximum error of 5 mmHg and 8 mmHg for ME and SD values,
respectively [45]; and (3) agreement between reference and
predicted values by a Bland-Altman plot [64].
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Results
PPG Sensor Device
The prototype of the PPG sensor is shown in Figure 3. The
3D-printed case (black PLA printer filament) containing the
electronic circuit measured 55 mm × 40 mm × 15 mm and

Mena et al
weighed 35 g. The distance between the light source and the
luminosity sensor was 3 mm. Power consumption ranged from
0.066 W to 0.231 W for the passive and active modes. The
circumference range for the adjustable wristband attached to
the case was 160 to 240 mm. The cost of all electronic
components was US $32.

Figure 3. Prototype of the self-designed photoplethysmography sensor device.

ANN Performance for Fitting Problems
Fit data sets corresponding to MAP→BP (n=43,552) and
PPG→MAP (n=150) problems were divided respectively into
30,486, 6553, and 6553 and 104, 23, and 23 samples for training,
validation, and testing. The best performance for network

https://mhealth.jmir.org/2020/7/e18012

XSL• FO
RenderX

outputs according to regression analysis was reached using 30
and 10 hidden neurons to separately map the BP and MAP
targets. Figure 4 shows regression plots displaying the
correlation of network outputs with respect to targets for each
test set of MAP→BP (R=0.97) and PPG→MAP (R=0.95) fitting
ANN models.
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Figure 4. Regression plots for the test set of (A) mean arterial pressure→blood pressure and (B) photoplethysmography→mean arterial pressure fitting
artificial neural network models.

Accuracy and Precision of BP Prediction
Table 2 shows the performance of our combinatorial ANN
model in terms of predicting all BP measures recorded with the
oscillometric device. The mean error bias (SD) was −7.77 (8.58)
mmHg for SBP and −1.02 (4.21) mmHg for DBP. Network
outputs predicted SBP and DBP with an average accuracy of
91.72% and 96.67%, respectively. Pearson and Spearman
coefficients indicated a very strong correlation (>0.90, P<.001)
between prediction and BP measurements. The percentages of

all predicted values that absolutely differed from reference BP
measures by 5, 10, and 15 mmHg or less were 25.33% (38/150),
54.67% (82/150), and 81.33% (122/150) for SBP and 76%
(114/150), 98.67% (148/150), and 99.33% (149/150) for DBP.
The average of DBP predictions fell within the tolerable error
of 5 (SD 8) mmHg, and SBP predictions were close to this
accuracy threshold. Overestimation and underestimation of all
predicted values with respect to reference BP measures
according to a Bland-Altman plot are shown in Figure 5. Table
3 shows the prediction assessment for each participant.

Table 2. Accuracy and precision of predicted values with respect to reference blood pressure measures.
BPa estimate

a

Error bias (mmHg), mean (SD)

Accuracy (%)

Correlation coefficient
Pearson

Spearman

SBPb

−7.77 (8.58)

91.72

0.91c

0.94c

DBPd

−1.02 (4.21)

96.67

0.97c

0.98c

BP: blood pressure.

b

SBP: systolic blood pressure.

c

P<.001.

d

DBP: diastolic blood pressure.
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Figure 5. Bland-Altman plots with multiple (A) systolic blood pressure and (B) diastolic blood pressure measures per subject.

Table 3. Assessment of blood pressure prediction for each participant.
Participant

a

Error bias (mmHg), mean (SD)

Accuracy (%)

SBPa

DBPb

SBP

DBP

A

−3.75 (10.34)

−0.93 (5.29)

93.58

96.03

B

−11.24 (7.59)

−1.21 (3.98)

90.07

97.01

C

−8.32 (5.51)

−0.91 (3.16)

91.51

96.97

SBP: systolic blood pressure.

b

DBP: diastolic blood pressure.

Mobile App Interface
Screenshots of the interface of the developed mobile app running
on a smartphone using Android operating system are depicted

in Figure 6. We present the following four basic operations:
pairing the smartphone with the PPG sensor through BLE, the
smartphone ready to acquire PPG signals, setting the start time
for BP monitoring, and deployment of the BP estimates.

Figure 6. Screenshots of the mobile app operations for (A) Bluetooth pairing between the smartphone and photoplethysmography (PPG) sensor, (B)
established connection showing the battery power indicator of the PPG sensor, (C) setting of the start time for blood pressure (BP) monitoring, and (D)
deployment of continuous BP measures, average BP level, and BP variability estimation.
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Discussion
Principal Findings
Most PPG approaches to estimate BP use pulse transit time
calculation, a feature extraction stage, and PPG signals reflected
from finger vascular tone [12,14,17]. However, the nonlinearity
of the blood volume-pressure relation indicates that the robust
performance of these PPG-based BP monitors depends on
specific sensing and biological parameters, such as signal
recording of high quality, and individual physical property
valuation. Therefore, obtaining acceptable BP estimation
requires a filtering process to mitigate the effects of
contaminated signals by voluntary or involuntary body
movements and a calibration step to identify personal
cardiovascular and respiratory factors that vary the propagated
PPG signal from living tissue.
On the other hand, the portability and location of PPG sensors
are key factors to continuously, comfortably, and accurately
monitor the BP of users during normal daily activities. In this
sense, it is necessary to reduce the number of biosensors for
minimizing invasiveness and operational complexity, to avoid
PPG measurement from obtrusive body locations that may
restrict user movement, and to diminish ambient light influence
or displacement of a sensor that can affect PPG signal quality.
To overcome these issues, we proposed a smartphone PPG-only
approach for continuous BP level and variability estimation
using raw PPG signals, without a calibration procedure. In order
to address nonlinear, complex, and dynamic relationships
between blood volumetric pulsations and BP changes of the
artery, we initially analyzed the correlation between PPG and
MAP readings [51,65] for identifying mutual information that
can be used to derive BP approximation, instead of examining
correspondence on morphological features of PPG and BP
waveforms. Furthermore, we developed a small, light,
convenient, and wearable PPG sensor wrapped with moderate
pressure around the wrist, with the goal of optimizing user
comfort and reducing the effects of motion artifacts or inaccurate
measurement of PPG signals caused by poorly estimated finger
pressing against the PPG sensor [13,39,66].
The proposed combinatorial ANN model showed good accuracy
in terms of predicting the reference BP values of our validation
sample. On average, our approach predicted SBP and DBP
measures with accuracy over 90% and correlations over 0.90
(P<.001). Bland-Altman plots showed that most of the errors
for BP prediction were less than 10 mmHg. According to the
AAMI standard, predicted values successfully fell within the
reference measurements for DBP estimation and were very close
to the established limit for SBP estimation. In reference to the
BHS protocol, the prediction of DBP consistently reached the
best accuracy grade, whereas that of SBP reached approximately
the boundary accuracy grade. In agreement with previous
studies, the error bias range for DBP was narrower than that for
SBP in reference to the AAMI and BHS criteria, likely because
the variability of DBP is regularly less than that of SBP [17].
On the other hand, another smartphone-based BP monitor that
also estimates the variability of BP has not been reported at the
moment.
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Limitations
The main limitation of our study is the relatively small size of
the validation cohort (n=3). However, we increased the
dimension of the final data set by collecting 50 PPG and MAP
measures per subject. Moreover, the key stage for approach
accuracy was BP mapping from MAP values, which was
sustained by an extensive database with more than 43,500
records (n=662).
Second, our selection strategy of only normotensive participants
avoided achieving an even distribution of different BP values.
Nevertheless, the heterogeneous BP measures recorded by
participants (Figure 5) helped cover a wider range of BP values
to mitigate part of this limitation.
Third, the development and usability study focused only on
estimating BP measures when individuals were in a calm state
and under controlled conditions. Therefore, for effective
assessment of continuous BP monitoring, it is necessary to
validate our findings by upgrading the record of BP estimates
during everyday activities in different environments.
Fourth, we included only older subjects for training, validation,
and testing of our machine learning approach, and consequently,
PPG signals were very susceptible to vascular aging. Since it
is one of the factors that can lead to arterial stiffness [67,68],
this could represent an overfitting problem to accurately estimate
BP in the general population. Nevertheless, one of the major
advantages of ANN models is their generalization ability for
fitting outputs from new inputs. On the other hand, we mainly
addressed continuous monitoring of BP in older adults because
they represent a high-risk population for hypertension
development.
Finally, despite the potential correspondence between MAP and
PPG signals, this relationship may be more complex than
previously anticipated [69]. Therefore, future approaches,
including additional input user parameters, such as age, gender,
and body mass index, may be required to develop a more robust
ANN model for BP estimation.

Conclusion
In this paper, a novel smartphone-based BP monitor was
proposed for noninvasive, pervasive, and continuous BP level
and variability estimation, using a cuffless, calibration-free,
wireless, and wearable PPG-only sensor. We addressed the
nonlinear relationship between BP and PPG signals through a
multilayer perceptron machine learning approach for estimating
BP from raw PPG signals and without a conventional feature
extraction stage. The findings of this development and usability
study indicated that the employed ANN model performed with
good average accuracy and very strong correlation. However,
according to the AAMI and BHS standards, only DBP prediction
met the clinically accepted accuracy thresholds. Therefore, with
further development and validation in real-life conditions, the
developed mobile personal health care system could provide a
cost-effective strategy for the early diagnosis and control of
hypertension and an independent cardiovascular predictor
(abnormal BP variability), particularly in rural zones, areas
lacking physicians, and areas with solitary elderly populations.
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Abstract
Background: Current guidelines emphasize an active lifestyle in the management of knee osteoarthritis (OA), but up to 90%
of patients with OA are inactive. In a previous study, we demonstrated that an 8-week physiotherapist (PT)-led counseling
intervention, with the use of a Fitbit, improved step count and quality of life in patients with knee OA, compared with a control.
Objective: This study aimed to examine the effect of a 12-week, multifaceted wearable-based program on physical activity and
patient outcomes in patients with knee OA.
Methods: This was a randomized controlled trial with a delay-control design. The immediate group (IG) received group
education, a Fitbit, access to FitViz (a Fitbit-compatible app), and 4 biweekly phone calls from a PT over 8 weeks. Participants
then continued using Fitbit and FitViz independently up to week 12. The delay group (DG) received a monthly electronic newsletter
in weeks 1 to 12 and started the same intervention in week 14. Participants were assessed in weeks 13, 26, and 39. The primary
outcome was time spent in daily moderate-to-vigorous physical activity (MVPA; in bouts ≥10 min) measured with a SenseWear
Mini. Secondary outcomes included daily steps, time spent in purposeful activity and sedentary behavior, Knee Injury and OA
Outcome Score, Patient Health Questionnaire-9, Partners in Health Scale, Theory of Planned Behavior Questionnaire, and
Self-Reported Habit Index.
Results: We enrolled 51 participants (IG: n=26 and DG: n=25). Compared with the IG, the DG accumulated significantly more
MVPA time at baseline. The adjusted mean difference in MVPA was 13.1 min per day (95% CI 1.6 to 24.5). A significant effect
was also found in the adjusted mean difference in perceived sitting habit at work (0.7; 95% CI 0.2 to 1.2) and during leisure
activities (0.7; 95% CI 0.2 to 1.2). No significant effect was found in the remaining secondary outcomes.
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Conclusions: A 12-week multifaceted program with the use of a wearable device, an app, and PT counseling improved physical
activity in people with knee OA.
Trial Registration: ClinicalTrials.gov NCT02585323; https://clinicaltrials.gov/ct2/show/NCT02585323
(JMIR Mhealth Uhealth 2020;8(7):e19116) doi:10.2196/19116
KEYWORDS
physical activity; counseling; knee osteoarthritis; physiotherapy; wearables

Introduction
Background
Arthritis is the most common cause of severe chronic pain and
disability worldwide [1,2]. Analysis by the Arthritis Alliance
of Canada estimates a new diagnosis of osteoarthritis (OA)
every 60 seconds [3]. Current evidence supports the use of
physical activity to manage OA because of its benefits on pain,
mobility, and quality of life [4-6]. Guidelines by the OA
Research Society International recommend the use of physical
activity and therapeutic exercise as first-line treatment for knee
OA [7]. Canadian physical activity guidelines recommend ≥150
min a week of moderate-to-vigorous physical activity (MVPA),
performed in bouts of ≥10 min [8]. A study using
accelerometers, however, found that over 90% of people with
knee OA did not meet the physical activity guidelines [9]. This
concurs with a systematic review that only 13% of people with
OA accumulated ≥150 min per week of MVPA in bouts of ≥10
min [10].
Several modifiable factors are associated with low physical
activity participation in patients with arthritis. These include
lack of motivation [11], doubts about the effectiveness of
exercise [12], and lack of health professional advice [13]. To
promote an active lifestyle, the use of activity tracking devices
has been explored based on the assumption that providing direct
feedback on the amount of physical activity encourages people
to meet specific targets. A systematic review of 14 randomized
controlled trials (RCTs) of accelerometer-based interventions
reported a small effect on physical activity participation
(standardized mean difference 0.26; 95% CI 0.04 to 0.49).
Notably, consumer-grade accelerometers promote physical
activity behaviors through the use of behavioral change
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techniques [14], such as goal setting, self-monitoring, feedback,
and rewards [15]. However, effective techniques such as action
planning and problem-solving are absent from the use of these
devices alone [15]. These techniques require contact with a
health professional with counseling experience.
Our previous study [16] and Lyons et al [17] have demonstrated
the feasibility of a physical activity counseling program with
the use of a Fitbit (Fitbit Inc), a consumer-grade wearable
device. Our subsequent study showed that an 8-week
physiotherapist (PT)-led counseling program improved step
count and quality of life in people with knee OA, compared
with a control [18].

Study Aim
In this study, we aimed to assess the effect of a 12-week
multifaceted intervention on improving activity participation
in people with knee OA. Our primary hypothesis was that,
compared with controls, those who received the program would
increase mean daily MVPA time as determined by an objective
measure. In addition, we explored the effect of the program on
OA disease status, depressive symptoms, perceived habitual
behaviors, and psychological constructs of being active.

Methods
Study Design
The Supporting Physical activity & Reducing sedentary
behaviour in Arthritis (SuPRA) project was a proof-of-concept
RCT with a delay-control design. Participants were randomly
assigned to start the intervention either immediately (immediate
group [IG]) or 14 weeks (delay group [DG]) after completing
the baseline assessment. All participants were reassessed in
weeks 13 (primary end point), 26, and 39 (Figure 1).
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Figure 1. Consolidated Standards of Reporting Trials flowchart.

Participants
Participants were recruited from the Mary Pack Arthritis
Program (Vancouver Coastal Health Authority) and the Fraser
Health Authority in British Columbia, Canada. We also posted
study information on Facebook, Twitter, Kajiji, and Craigslist.
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Individuals were eligible if they had a diagnosis of knee OA or
met 2 criteria for early OA [19]. People with other chronic
musculoskeletal conditions or contraindications to be physically
active without medical supervision were excluded (Textboxes
1 and 2).
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Textbox 1. Inclusion criteria.
Inclusion criteria
•

Patients who had a physician-confirmed diagnosis of knee osteoarthritis or were aged ≥50 years and had felt pain or discomfort in or around the
knee during the previous year lasting >28 separate or consecutive days [19]

•

Patients who had no previous diagnosis of rheumatoid arthritis, psoriatic arthritis, ankylosing spondylitis, polymyalgia rheumatica, connective
tissue diseases, fibromyalgia, or gout

•

Patients who had no history of using disease-modifying antirheumatic drugs or gout medications

•

Patients who had no prior knee arthroplasty and not on a waiting list for total knee or hip replacement surgery

•

Patients who did not have surgery in the back, hip, knee, foot, or ankle joints in the past 12 months

•

Patients who had no history of acute injury to the knee in the past 6 months

•

Patients who had an email address and access to the internet daily

•

Patients who were able to attend a 1.5-hour group education session

Textbox 2. Exclusion criteria.
Exclusion criteria
•

Patients who had previously used a physical activity wearable tracker

•

Patients who received a steroid injection in a knee in the last 6 months

•

Patients who received a hyaluronate injection in a knee in the last 6 months

•

Patients who used medication that may impair activity tolerance (eg, beta blockers)

•

Patients who faced a level of risk by exercising as identified by the Physical Activity Readiness Questionnaire [20]. If a participant did not pass
the Physical Activity Readiness Questionnaire, a physician’s note was requested to determine the eligibility

Randomization and Blinding
After completing the baseline measures, participants were
randomly assigned to the IG or the DG in a 1:1 allocation ratio.
Randomization was performed by a research staff not involved
in the study using numbers generated by SAS version 9.4 (SAS
Institute Inc) in variable block sizes to ensure allocation
concealment. Participants were not blinded as they knew
whether they received the program during the intervention
period. Daily MVPA time (the primary outcome) was measured
with a wearable multisensor device couriered to the participant
to wear for 7 days. All research personnel processing the
objectively measured physical activity data were blinded to the
participants’ group assignment. Self-reported measures were
completed by the participant via a web-based questionnaire.

Intervention
The intervention has 3 components: (1) an in-person session
with 20 min of group education and 30 min of individual
counseling with a PT, (2) the use of a Fitbit Flex-2 wristband,
and (3) PT counseling by phone to review physical activity
goals (20-30 min). The in-person session was held in a meeting
room at either the Mary Park Arthritis Centre, Fraser Health
Authority, or Arthritis Research Canada. Fitbit is a
consumer-grade wearable device that tracks and displays steps
walked, gross level of physical exertion, and time spent being
active. It is easy for users to put on and remove for charging.
Fitbit Flex-2 is splash proof but cannot be used during
water-based activities (eg, shower, swimming). Participants
may record activities not captured by the device on the Fitbit
website. Participants could view their physical activity goal
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attainment on FitViz, a new Fitbit-compatible web-based app
developed for this study [21].
All 8 study PTs completed a 2-day basic training in motivational
interviewing at the University of British Columbia [22]. In
addition, they attended an orientation session, received a
counseling guide, and shadowed at least one education and
counseling session before they were paired with a participant.
Participants in the IG were scheduled to attend a PT-led group
education session that focused on physical activity in OA
management and strategies to manage joint symptoms. Next,
each participant was paired with the next available study PT.
During the individual counseling, PTs used the Brief Action
Planning approach [23] to guide participants to set specific,
measurable, attainable, relevant, and time-bound (SMART)
physical activity goals. An example of a SMART goal is
“attending a pool exercise class in a community center every
Tuesday and Saturday for the next three months.”
Study PTs then set the parameters on their assigned participants’
FitViz accounts based on the participant’s goals. These
parameters included the following: (1) the upper and lower
limits of intensity and duration of MVPA (ie, to promote
physical activity based on the participant’s goal), (2) the duration
when a sedentary behavior should be interrupted (ie, to promote
less sitting), and (3) the rest time in between sessions of MVPA
(ie, to promote pacing).
During weeks 1 to 8, the study PT remotely reviewed
participants’ progress on FitViz and counseled them to modify
their physical activity goals via 4 biweekly phone calls. A
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19116 | p.1066
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counseling guide was provided, and the discussion was
documented by the PT. During weeks 9 to 12, participants
continued using their Fitbit and FitViz but had no counseling
calls with their PTs. However, participants could email their
PTs if there were questions related to being physically active.
At the end of the program, participants could keep their Fitbit
and FitViz account.
The DG received the same intervention in week 14. During the
waiting period, they received monthly emails of arthritis news
that were unrelated to physical activity.

Outcome Measures
The primary outcome measure was mean daily MVPA time
measured with SenseWear Mini (BodyMedia Inc). SenseWear
integrates triaxial accelerometer data, physiological sensor data,
and personal demographic information to provide estimates of
steps and energy expenditure. A strong relationship has been
found between SenseWear and indirect calorimetry measures
of energy expenditure for activities of daily living (Pearson
r=0.85) [24]. The device can be worn 24 hours a day and can
capture a full picture of physical activity and off-body time
throughout the day [25]. An important feature of SenseWear is
its ability to differentiate between sedentary and light physical
activities [26]; hence, it is an ideal instrument to assess both
active and sedentary behaviors.
Participants wore a SenseWear Mini over the triceps for 7 days
at each assessment. Almeida et al [27] determined that a
minimum of 4 days of wear was required to reliably assess
energy expenditure from different levels of physical activity in
people with rheumatoid arthritis (intraclass correlation
coefficient >0.80). We calculated the average MVPA
accumulated in bouts (min per day). A bout was defined as ≥10
min at the level of ≥3 metabolic equivalent of the task (MET),
with an allowance for interruption of up to 2 min below the
threshold [28].
The secondary outcomes included the following:
1.

2.
3.
4.
5.
6.
7.
8.

Average daily time in purposeful activity performed in ≥4
MET in bouts of ≥10 min, with allowance for interruption
of up to 2 min below the threshold (eg, brisk walking) [29].
Average daily step count.
Average daily time in sedentary behavior performed in ≤1.5
MET in bouts of ≥20 min during waking hours [30-33].
Knee Injury and OA Outcome Score (KOOS) [34,35].
Partners in Health Scale (PIHS) [36].
Theory of Planned Behavior Questionnaire [37,38].
Patient Health Questionnaire-9 (PHQ-9) [39].
Self-Reported Habit Index [40,41].

We used SenseWear to measure purposeful activity time, steps,
and sedentary behavior time. The KOOS consists of 5 subscales:
pain, symptoms, activities of daily living, sports/recreation, and
knee-related quality of life. It was originally developed for
people recovering from injuries such as the anterior cruciate
ligament and meniscus injury and was validated in patients with
OA [34,35]. The PIHS is a 12-item measure designed to assess
self-efficacy, knowledge of health conditions and treatment,
and self-management behavior, such as adopting a healthy
lifestyle (Cronbach α=.82) [36]. Motivation for engaging in
https://mhealth.jmir.org/2020/7/e19116
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physical activity was measured using the Rhodes 7-point
Likert-type Theory of Planned Behavior questionnaire [37,38].
The questionnaire consists of 16 items measuring all components
of the theory. Previous studies using this measure showed good
predictive validity and internal consistency in adult populations
[37,38].
The PHQ-9 consists of 9 questions that correspond to the
diagnostic criteria for major depressive disorder. A score greater
than 11 indicates a major depressive disorder [39]. The
Self-Reported Habit Index is a 12-item scale, rated on a 7-point
Likert scale, which measures characteristics of habitual behavior
(reliability minimum α=.81) [40,41]. We asked participants to
rate their strength of habit for 3 specific activity-related
behaviors: sitting during leisure time at home, sitting during
usual occupational activities, and walking outside for 10 min.
A higher score indicates a stronger habit or behavior that is done
frequently and automatically. Demographic variables and
comorbid conditions were collected at baseline.

Adverse Event and Intervention Fidelity Monitoring
We tracked adverse events (falls as well as cardiovascular and
musculoskeletal events) related to their physical activity [42]
in the follow-up questionnaire at weeks 13, 26, and 39.
Participants were deemed adhering to the 12-week intervention
protocol if they (1) attended the education session, (2) used their
Fitbit ≥5 days per week in ≥11 weeks, and (3) participated in
≥3 of 4 counseling calls. We monitored participants’ Fitbit wear
using FitViz, which wirelessly synchronized physical activity
data recorded by a Fitbit 150 times per hour [43]. We calculated
the percentage of participants meeting each criterion and all 3
criteria.

Data Analysis
Descriptive analysis was used to summarize participant
characteristics and comorbid conditions. We performed an
intention-to-treat analysis using SAS version 9.4. The analysis
of covariance (ANCOVA) was used for the main analysis to
estimate an adjusted mean difference comparing time in MVPA
(primary outcome) at 13 weeks between groups, adjusting for
baseline MVPA and blocking. In a secondary analysis, we used
a longitudinal mixed effects model that allowed us to
additionally examine the intervention effects at 26 and 39 weeks
after intervention initiation. The mixed effects models included
the following variables as fixed effects: (1) the randomization
group indicator for baseline difference, (2) a set of indicator
variables for follow-up assessment time points (weeks 13, 26,
and 39) to account for secular trend, and (3) a set of indicator
variables for the lengths of time since intervention initiation
(weeks 12, 25, or 38) to estimate intervention effects after these
amounts of time postintervention initiation. The models
additionally included participants as random effects to account
for the repeated measures nature of the data. We used the
sandwich estimators for linear mixed models [44] to compute
empirical standard errors that were robust to model
specifications. We examined the secondary outcomes at 13
weeks using ANCOVA and over weeks 26 and 39 using the
mixed effects models mentioned earlier.
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Sample Size
We estimated that our collaboration with health authorities and
patient groups allowed the study to recruit 60 eligible
participants within 12 months. Our previous study of a similar
physical activity counseling program resulted in an estimated
MVPA time of 75.5 min per day (SD 54.3) in the intervention
group and 50.0 min per day (SD 46.8) in the controls [18].
Assuming approximately 15% attrition, we anticipated that 50
of the 60 participants would complete the study. With a sample
size of 50, we would have 74% power at an α level of 0.1 (via
a one-sided test).

Ethics
The research protocol was approved by the University of British
Columbia Behavioural Research Ethics Board (application
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number: H15-02038) and published in ClinicalTials.gov
(NCT02585323).

Results
Baseline Characteristics
In the years 2017 to 2019, 253 people indicated an interest to
participate, and 221 met the eligibility criteria (Figure 1). Of
these, we recruited 51 participants (IG: 23/26, 88% were women;
DG: 19/25, 76% were women). Both groups were similar in
age (IG: mean 65.0, SD 8.3 years; DG: mean 64.8, SD 9.0 years)
and BMI (IG: mean 29.8, SD 9.0 kg/m2; DG: mean 28.9, SD
6.2 kg/m2). Approximately 55% (28/51) of the participants did
not meet the Canadian physical activity guidelines at baseline
(Table 1).
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Table 1. Baseline characteristics of participants.
Variables

All (N=51)

Immediate group (n=26)

Delay group (n=25)

Women, n (%)

42 (82)

23 (89)

19 (76)

Age (years), mean (SD)

64.9 (8.5)

65.0 (8)

64.8 (9)

Married/common law

30 (59)

18 (69)

12 (48)

Separated/divorced

10 (20)

5 (19)

5 (20)

Widowed/never married/other

11 (22)

3 (12)

8 (32)

25 (49)

14 (54)

11 (44)

≤24,000

2 (4)

0 (0)

2 (8)

24,001-40,000

6 (12)

2 (8)

4 (16)

40,001-60,000

9 (18)

4 (15)

5 (20)

60,001-80,000

8 (16)

4 (15)

4 (16)

80,001-100,000

7 (14)

5 (19)

2 (8)

>100,000

7 (14)

3 (12)

4 (16)

12 (24)

8 (31)

4 (16)

Yes

37 (73)

20 (77)

17 (68)

No, but met the likely OA criteria

14 (28)

6 (23)

8 (32)

Excellent

6 (12)

1 (4)

5 (20)

Very good

14 (27)

10 (39)

4 (16)

Good

22 (43)

11 (42)

11 (44)

Fair

8 (16)

3 (12)

5 (20)

Poor

1 (2)

1 (4)

0 (0)

Marital status, n (%)

University degree or trades certificate, n (%)
Gross annual household income (US $), n (%)

No answer
a

Diagnosed with OA , n (%)

In general, would you say your health is, n (%)

Compared with 1 year ago, how would you rate your health in general now? n (%)
Much better

3 (6)

1 (4)

2 (8)

Somewhat better

8 (16)

4 (15)

4 (16)

About the same

24 (47)

11 (42)

13 (52)

Somewhat worse

16 (31)

10 (39)

6 (24)

Much worse

0 (0)

0 (0)

0 (0)

Number of comorbid conditions, median (25th, 75th percentile)

3.0 (2.0, 5.0)

4.0 (3.0, 5.0)

3.0 (2.0, 4.0)

BMI (kg/m2), mean (SD)

29.4 (7.7)

29.8 (9.0)

28.9 (6.2)

15 (58)

13 (52)

Participants did not meet the Canadian physical activity guideline (≥150 min of 28 (55)
MVPAb in bouts of ≥10 min per week), n (%)
a

OA: osteoarthritis.

b

MVPA: moderate-to-vigorous physical activity.

Comparison of the Immediate Group With Delay
Group
Table 2 and Figure 2 present the results of the primary outcome
from 4 time points. At baseline, the mean MVPA time was 31.0
min per day (SD 37.3) for the IG and 71.3 min per day (SD
99.8) for the DG. The DG accumulated significantly more
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MVPA time—2 outliners accumulated a mean of >300 min per
day (Figure 3). At 13 weeks (the primary end point), the IG
accumulated a mean MVPA of 37.7 min per day (SD 30.5),
whereas the DG had 49.4 min per day (SD 63.6). The adjusted
mean difference in time spent in MVPA between groups
following the intervention at 13 weeks was 13.1 min per day
(95% CI 1.6 to 24.5), favoring the IG. Analyses adjusted for
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blocking yielded nearly identical results; thus, it was removed
from subsequent analyses. A secondary analysis using a mixed
effects model revealed smaller intervention effects at 12 weeks
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(9.4 min per day; 95% CI −3.0 to 21.7), 25 weeks (−3.0 min
per day; 95% CI −34.9 to 29.0), and 38 weeks (0.2 min per day;
95% CI −44.0 to 44.4) postprogram initiation (Table 3).
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Table 2. Participant outcomes and results of the primary analysis.
Measures

Immediate group, mean (SD)

Delay group, mean (SD)

Adjusted difference in mean
change at T0-T1

Baseline
(T0;
n=26)

13 weeks
(T1;
n=24)

26 weeks
(T2;
n=22)

39 weeks
(T3;
n=20)

Baseline
(T0;
n=25)

13 weeks
(T1;
n=24)

26 weeks
(T2;
n=22)

39 weeks
(T3;
n=23)

Mean difference
(95% CI)

Time in MVPAa,b
(min)

31.0
(37.3)

37.7
(30.5)

37.0
(32.3)

34.0
(25.2)

71.3
(99.8)

49.4
(63.6)

74.6
(102.1)

54.8
(66.2)

13.1 (1.6 to 24.5) .03

Time in purposeful

11.1
(19.5)

13.3
(20.0)

13.7
(18.8)

12.8
(16.8)

42.1
(80.2)

23.1
(37.1)

36.5
(62.6)

22.0
(42.3)

1.6 (−3.0 to 6.1)

.50

6294.0
(3418.0)

7133.3
(3603.3)

6381.6
(3492.0)

5845.3
(2575.5)

7030.1
(3921.6)

6232.7
(3086.1)

8162.3
(6642.3)

7445.1
(4713.2)

1106.5 (−19.9 to
2232.9)

.05

531.4
(173.5)

492.5
(156.6)

502.8
(135.3)

551.1
(234.9)

558.3
(224.9)

499.5
(248.9)

483.1
(225.4)

−29.5 (−75.8 to
16.7)

.21

65.7
(12.3)

66.9

72.2

72.5

−1.4 (−7.8 to 4.9) .66

(14.9)f

(16.8)g

(13.3)g

65.1
(13.7)

65.9

74.8

72.8

(15.6)f

(15.4)g

(13.2)g

72.2
(15.8)

70.3

80.3

80.0

(16.9)f

(13.1)g

(14.0)g

46.8
(25.4)

52.5

62.5

55.8

e

47.5
(16.0)

46.9

54.7

54.4

(19.1)e

(13.6)f

(14.7)g

(14.6)g

78.0
(12.0)

81.6

82.6

82.6

(7.0)e

(9.6)f

(9.3)g

(10.0)g

4.2 (4.1)e

5.4 (5.3)

4.7 (4.9)f

4.5 (5.2)g 4.5 (5.3)g −0.4 (−1.7 to 0.8) .47

activityc (min)
Daily steps

Sedentary timed (min) 567.5
(183.1)

P value

Knee Injury and Osteoarthritis Outcome Score (0-100; higher=better)
Symptoms

68.5
(10.7)

69.3
(12.7)

65.4
(45.8)

68.4

72.6
(13.5)

73.1
(15.3)

72.5
(18.3)

72.1

75.5
(14.7)

75.0
(13.1)

77.7
(18.9)

74.8

Sports and recre- 47.9
ation
(23.7)

47.1
(22.4)

50.5
(30.1)

51.6

Quality of life

44.0
(16.0)

48.7
(17.5)

49.4
(15.7)

49.3

Partners in Health (0- 76.8
96; higher=better)
(11.0)

76.7
(11.5)

78.9 (9.0) 81.0

Patient Health Questionnaire-9 (0-27;
lower=better)

4.0 (3.0)

3.6 (3.3)

Pain

Activity of daily
living

5.2 (4.6)

(16.3)e
(19.8)e
(20.7)e

(30.4)

(22.7)

f

(22.5)

g

(26.3)

g

2.5 (−4.2 to 9.5)

.49

2.8 (−3.3 to 8.8)

.37

−3.8 (−14.9 to
7.2)

.50

1.4 (−5.0 to 7.9)

.66

−2.3 (−6.6 to 1.9) .28

Self-Reported Habit Index (1-7; higher=stronger habit)
Sitting at work
subscale

5.0 (1.4)

5.2 (1.6)

4.7 (2.1)

5.0 (1.9)e

4.5 (2.1)

4.4 (2.0)f

4.3 (2.1)g 4.1 (2.1)g 0.7 (0.2 to 1.2)

.004

Sitting at leisure
subscale

4.8 (1.1)

5.1 (1.1)

5.0 (1.1)

5.5 (1.1)e

5.1 (1.4)

4.7 (1.6)f

4.4 (1.9)g 4.7 (1.7)g 0.7 (0.2 to 1.2)

.006

Walking subscale 4.3 (1.8)

4.4 (1.6)

4.6 (1.8)

4.7 (1.8)e

4.8 (2.0)

4.6 (2.0)f

4.8 (1.6)g 4.6 (1.8)g 0.3 (−0.3 to 0.9)

.27

Theory of Planned Behavior Questionnaire (1-7; higher=more positive)

a

Attitude toward
physical activity

6.0 (0.6)

5.9 (0.7)

6.0 (0.5)

6.0 (0.5)e

6.1 (0.6)

6.1 (0.7)f

6.2 (0.6)g 6.1 (0.7)g −0.1 (−0.4 to 0.2) .63

Subjective norm

6.2 (0.6)

6.2 (0.8)

6.1 (0.8)

6.2 (1.1)e

6.3 (0.8)

6.2 (0.7)f

6.3 (0.8)g 6.3 (0.7)g 0.2 (−0.1 to 0.5)

.13

Perceived control 5.8 (1.0)

5.6 (1.4)

5.6(1.5)

5.7 (1.4)e

6.1 (0.7)

5.8 (1.2)f

6.2 (1.0)g 6.2 (0.9)g 0.1 (−0.6 to 0.8)

.80

Intention

5.9 (1.0)

5.7 (1.1)

5.8 (0.8)e

6.3 (0.8)

6.4 (0.6)f

6.4 (0.6)g 6.3 (0.9)g 0.1 (−0.1 to 0.3)

.22

6.2 (0.8)

MVPA: moderate-to-vigorous physical activity.

b

MVPA was performed at ≥3 metabolic equivalent of tasks and in bouts ≥10 min.

c

Purposeful activity was performed at ≥4 METs and in bouts ≥10 min.

d

Sedentary behavior was performed at ≤1.5 METs in bouts ≥20 min.

e

n=19.

f

n=22.

g

n=24.
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Figure 2. Time in moderate-to-vigorous physical activity.

Figure 3. Boxplot of time in moderate-to-vigorous physical activity at baseline and 13 weeks.
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Table 3. Results of mixed effects models.
Measures

a

Intervention effect postprogram initiation (95% CI)

Secular trend (95% CI)

12 weeks

25 weeks

T2a effect vs T1b

Time in MVPAd,e (min)

9.4 (−3.0 to 21.7)

−3.0 (−34.9 to 29.0) 0.2 (−44.0 to 44.4)

Time in purposeful activityf (min)

1.5 (−8.4 to 11.5)

−9.0 (−33.5 to 15.5) −6.8 (−42.3 to 28.6) 10.0 (−8.0 to 28.0)

6.9 (−21.3 to 35.1)

Daily steps

1461.2 (433.8 to
2488.6)

715.0 (−1995.9 to
3425.9)

71.4 (−4063.6 to
4206.3)

101.7 (−2142.6 to
2346.0)

336.9 (−3261.7 to
3935.4)

Sedentary timeg (min)

−32.2 (−78.1 to
13.7)

−62.6 (−162.8 to
37.6)

−63.4 (−217.6 to
90.8)

−19.8 (−83.7 to
44.1)

−7.6 (−117.0 to
101.9)

Symptoms

−2.2 (−8.2 to 3.4)

−12.4 (−22.6 to
−2.2)

−21.1 (−36.8 to
−5.4)

6.1 (0.2 to 11.9)

16.5 (6.2 to 26.9)

Pain

0.3 (−6.2 to 6.8)

−7.8 (−19.7 to 4.1)

−15.1 (−33.1 to 3.0) 7.5 (1.3 to 13.8)

13.7 (2.0 to 25.4)

Activity of daily living

1.1 (−5.0 to 7.1)

−4.6 (−16.2 to 7.0)

−13.2 (−32.0 to 5.6) 8.1 (2.7 to 13.6)

13.5 (2.1 to 24.9)

Sports and recreation

−7.4 (−18.7 to 3.9)

−21.2 (−42.4 to 0.1) −27.2 (−59.2 to 4.9) 16.5 (5.1 to 27.9)

23.6 (2.5 to 44.7)

Quality of life

2.4 (−4.6 to 9.3)

−2.1 (−13.6 to 9.4)

−6.9 (−24.8 to 11.0) 4.8 (−3.2 to 12.7)

9.0 (−3.2 to 21.2)

Partners in Health (0-96; higher=bet- −1.7 (−5.7 to 2.4)
ter)

−3.8 (−10.9 to 3.3)

−4.2 (−15.2 to 6.8)

3.4 (−1.1 to 7.9)

5.6 (−2.7 to 13.9)

Patient Health Questionnaire-9
(0-27; lower=better)

−0.9 (−2.4 to 0.6)

−1.3 (−4.0 to 1.3)

−1.3 (−5.5 to 2.9)

0.1 (−1.2 to 1.5)

0.6 (−2.2 to 3.3)

Sitting at work subscale

0.4 (−0.3 to 1.1)

0.3 (−1.1 to 1.6)

0.6 (−1.5 to 2.7)

−0.5 (−1.2 to 0.3)

−0.5 (−1.9 to 0.9)

Sitting at leisure subscale

0.6 (0.1 to 1.0)

1.4 (0.5 to 2.4)

2.4 (0.9 to 3.9)

−1.0 (−1.6 to −0.4)

−1.5 (−2.5 to −0.4)

Walking subscale

0.3 (−0.3 to 0.9)

0.4 (−0.6 to 1.4)

0.7 (−1.1 to 2.4)

0 (−0.6 to 0.5)

−0.3 (−1.4 to 0.8)

Beliefs toward physical activity −0.1 (−0.4 to 0.2)

−0.2 (−0.7 to 0.3)

−0.3 (−1.1 to 0.4)

0.2 (−0.1 to 0.4)

0.2 (−0.4 to 0.7)

Subjective norm

0.1 (−0.3 to 0.5)

0.0 (−0.6 to 0.6)

0.1 (−0.9 to 1.1)

0.0 (−0.4 to 0.4)

0.0 (−0.6 to 0.6)

Perceived control

0.0 (−0.6 to 0.7)

−0.4 (−1.6 to 0.7)

−0.7 (−2.5 to 1.1)

0.3 (−0.3 to 1.0)

0.8 (−0.3 to 2.0)

Intention

−0.4 (−0.7 to −0.1)

−1.1 (−1.7 to −0.4)

−1.5 (−2.6 to −0.5)

0.4 (0.1 to 0.7)

1.0 (0.3 to 1.7)

38 weeks

T3c effect vs T1

11.9 (−12.4 to 36.1) 6.4 (−29.7 to 42.5)

T2: 26-week assessment.

b

T1: 13-week assessment.

c

T3: 39-week assessment.

d

MVPA: moderate-to-vigorous physical activity.

e

MVPA was performed at ≥3 metabolic equivalent of tasks and in bouts of ≥10 min.

f

Purposeful activity was performed at ≥4 METS and in bouts of ≥10 min.

g

Sedentary behavior was performed at ≤1.5 METS in bouts of ≥20 min.

For the secondary outcome, a trend favoring the IG, but not
statistically significant, was found from baseline to 13 weeks
in purposeful activity time (1.6 min per day; 95% CI −3.0 to
6.1), step count (1106.5; 95% CI −19.9 to 2232.9), and sedentary
time (−29.5 min per day; 95% CI −75.8 to 16.7). The results
from the KOOS, PIHS, and PHQ-9 were also not statistically
significant (Table 2). We found a small effect in perceived
sitting habit while at work (0.7; 95% CI 0.2 to 1.2) or during
leisure activities (0.7; 95% CI 0.2 to 1.2).
Secondary analysis demonstrated an effect attributable to being
in the program for daily steps at 12 weeks (1461.2; 95% CI
433.8 to 2488.6; Table 3). Knee symptoms (measured by the
KOOS symptoms subscale), perceived sitting habit during
leisure activities, and intention to be physically active also
showed statistically significant effects attributable to being in
the program for different durations, although statistically
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significant secular trends were also observed over the assessment
period.

Intervention Adherence and Adverse Events
Intervention adherence in the IG was 100% (26/26) for education
session attendance, 96% (25/26) for PT counseling phone calls,
and 81% (21/26) for Fitbit use (Table 4). In all, 81% (21/26) of
participants met all 3 fidelity criteria. Adherence rates were
similar in the DG when participants received the program in
week 13. During the 4 weeks when the PT counseling ended,
2 participants each from the IG and the DG contacted their study
PT via email with further questions regarding their physical
activity.
After starting the program, 10 of the 51 participants reported
adverse events because of physical activity; of those, 7 reported
muscle pain (IG: n=5 and DG: n=2). Falls were reported by 3
in the IG; of those, 2 fell while being physically active (1 had
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an ankle sprain). Three participants from the DG also reported
a fall; 1 occurred while being physically active. Of the remaining
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2 participants who had a fall, 1 sustained a vertebral compression
fracture.

Table 4. Summary of intervention adherence.
Adherence criterion

a

Immediate group
(n=26), n (%)

Delay group (n=25), n (%)

All (N=51), n (%)

Attended the initial session with group education and met with a physio- 26 (100)
therapist to set physical activity goals

25 (100)

51 (100)

Completed ≥3 of 4 counseling phone calls with a physiotherapist

25 (96)

22 (88)

47 (92)

Met Fitbit use criteriaa ≥11 weeks out of the 12-week intervention period 21 (81)

20 (80)

41 (80)

Met 2 of 3 criteria

25 (96)

24 (96)

49 (96)

Met all 3 criteria

21 (81)

18 (72)

39 (77)

Participants had steps recorded in their Fitbit ≥5 days per week.

Discussion
Principal Findings
More than 1 in 6 people in the United States are using wearable
devices to monitor their health [45], but the integration of these
tools in chronic disease management is at an early stage. This
study demonstrated the potential of a multifaceted
wearable-based program for promoting MVPA in people with
knee OA. We found an effect in the adjusted mean difference
in time spent in MVPA between groups after the 12-week
program. Furthermore, the mixed effects model analysis suggests
a significant effect in daily steps attributable to the program.
These results, however, should be viewed in the context that
the DG accumulated significantly more daily MVPA time than
the IG at baseline, and the observed effect was primarily driven
by a decline in daily MVPA time in the DG at week 13. More
than 80% of participants rated their health as “good,” “very
good,” or “excellent” at baseline, suggesting that they might
have few health constraints to be physically active. Nonetheless,
the results extend those of our previous RCT on a similar
program, whereby a significant improvement in participation
in physical activity was found in people with knee OA at the
end of an 8-week intervention [18]. We also found a small effect
on the awareness of sitting habits at work and during leisure
activities at 13 weeks. The reason for this observation is unclear,
but it is likely too small to be clinically important.
Our results contribute to the literature on physical activity
promotion in arthritis management. Recommendations by the
European League Against Rheumatism endorse the use of
behavior change techniques to promote physical activity among
people with arthritis [46]. The 2019 American College of
Rheumatology/Arthritis Foundation guidelines further highlight
the involvement of health professionals, including PTs, to
deliver nonpharmacological treatment [47]. The optimal
approach for supporting an active lifestyle in people with
arthritis remains to be unclear, but research in healthy adults
has shown that low-dose health coaching had little effect on
physical activity behavior [48]. Although PTs are skilled in
exercise prescription, a recent survey in Canada revealed up to
71% of the respondents wished to acquire further training in
physical activity counseling.[49] This suggests an opportunity
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for professional development for PTs to master skills in
counseling techniques that match their patients’ readiness to
acquire a health-related behavior. In our study, training on
motivational interviewing and the opportunity to shadow a PT
with experience in counseling participants are essential to the
program. The PTs’ written record for each interaction with
participants allowed us to ensure that counseling followed the
Brief Action Planning approach. Participants continuing to use
their Fitbits suggests that the behavior of self-monitoring was
sustained even after the PT counseling ended. Future research
can refine and compare different implementation strategies of
physical activity counseling for this population.

Strengths and Limitations
A strength of this study was intervention fidelity, with an overall
intervention adherence of 81%. There is no consensus on what
constitutes good intervention adherence, but 80% to 100% has
been deemed as high fidelity in delivery [50]. Furthermore,
more than 80% of participants adhered to Fitbit use over the
12-week period, indicating that it is feasible to transition
individuals from a multifaceted program to a wearable-only
intervention after the initial 8-week counseling from a PT.
This study has some limitations. With the use of a delay-control
design in which the participants in the control arm received the
program after a 13-week delay, the efficacy of the counseling
program could only be unequivocally assessed at 13 weeks. At
26 and 39 weeks, both groups had already received the
intervention, and there was an absence of a control group at
these 2 time points, which can cause intervention effect
estimates at 26 and 39 weeks to be less robust and more
susceptible to small sample bias. Hence, the long-term effects
of the program remain unclear. Furthermore, the results may
not be generalizable to men because 82% of the participants
were women.

Conclusions
Supporting a physically active lifestyle is a core component of
physiotherapy practice. The Exercise is Medicine initiative
advocates for the creation and worldwide implementation of
effective physical activity promotion strategies in treatment
plans for patients [51]. With the ubiquitous use of wearables,
health professionals can leverage the use of these tools to
motivate, monitor, and counsel people with arthritis to reach
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19116 | p.1074
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physical activity goals. To this end, we have shown that a
12-week multifaceted counseling program, with the use of a

Li et al
wearable device, can improve physical activity participation in
people with knee OA.
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Abstract
Background: Wearable trackers are an increasingly popular tool among healthy adults and are used to facilitate self-monitoring
of physical activity.
Objective: We aimed to systematically review the effectiveness of wearable trackers for improving physical activity and weight
reduction among healthy adults.
Methods: This review used the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) methodology
and reporting criteria. English-language randomized controlled trials with more than 20 participants from MEDLINE, CINAHL,
Cochrane Library, Web of Science, PubMed, and Scopus (2000-2017) were identified. Studies were eligible for inclusion if they
reported an intervention group using wearable trackers, reporting steps per day, total moderate-to-vigorous physical activity,
activity, physical activity, energy expenditure, and weight reduction.
Results: Twelve eligible studies with a total of 1693 participants met the inclusion criteria. The weighted average age was 40.7
years (95% CI 31.1-50.3), with 64.4% women. The mean intervention duration was 21.4 weeks (95% CI 6.1-36.7). The usage of
wearable trackers was associated with increased physical activity (standardized mean difference 0.449, 95% CI 0.10-0.80; P=.01).
In the subgroup analyses, however, wearable trackers demonstrated no clear benefit for physical activity or weight reduction.
Conclusions: These data suggest that the use of wearable trackers in healthy adults may be associated with modest short-term
increases in physical activity. Further data are required to determine if a sustained benefit is associated with wearable tracker
usage.
(JMIR Mhealth Uhealth 2020;8(7):e15576) doi:10.2196/15576
KEYWORDS
wearable activity tracker; physical activity; healthy adults; randomized controlled trials

Introduction
Wearable activity trackers have rapidly emerged in the past
decade as consumer devices to support self-monitoring of
http://mhealth.jmir.org/2020/7/e15576/
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physical activity [1,2]. The use of these devices has increased
exponentially, and the global sales of wearables in health care
are expected to reach US $4.4 billion in 2019 and US $4.5
billion by 2020 [3].
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In the past, structured lifestyle interventions have utilized
education with behavior change techniques, provision of written
information materials, and telephone counseling in a series of
combination and permutation [4,5]. These interventions are
successful in the short term but not in the long term, and they
tend to be labor-intensive and costly [2,6,7]. Today, the
availability and accessibility of wearable trackers equip
consumers with the ability to monitor their physical activity
along with online applications with motivational and tracking
tools. Several systematic reviews have shown that wearable
trackers are effective [4,6,8].
Contemporary wearable trackers differ from conventional
pedometers as they are sophisticated devices providing real-time
multidimensional feedback on physiological and health
parameters including steps, calories burned, distance covered,
active time, sleep assessment, and heart rate, and may include
mobile connectivity or an internet application to provide
personalized feedback reports [9].
To date, most of the literature on wearable trackers has focused
on their feasibility, validity, and reliability [10] with limited
data on the impact using these devices has on improving
physical activity [6,11]. The primary purpose of this study is to
evaluate the effectiveness of wearable trackers and their impact
on physical activity levels in healthy adult populations with
secondary outcomes of weight change in overweight
populations.

Methods

Tang et al

Data Collection Process and Data Items
Two authors independently abstracted three categories of
variables from each of the included studies, with differences
resolved by consensus: intervention variables (intervention
duration); participant variables; quality variables (method of
blinding control participants to step counts, the use of validityand reliability-tested wearable trackers, the extent of
affordability of wearable trackers and the extent to which
co-interventions may have affected physical activity). If the
study reported results from a different period, we used the final
immediate post-intervention data in our primary analysis. For
studies that reported different intensities of physical activity
instead of steps per day, we chose the walking intensity results
for the primary analysis.

Risk of Bias and Quality Assessment
The risk of bias was assessed using the Cochrane risk of bias
tool [13] across seven domains. Each domain was scored with
low (L), unclear (U), or high (H) risk of bias. The domains
assessed were as follows:
•

•

•
•

Protocol and Registration
The protocol for this study is registered under PROSPERO with
registration number CRD42019131868.

Eligibility Criteria, Information Sources, Search and
Study Selection
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) [12] methods and reporting were used to
perform a systematic literature search with a professional
medical librarian (Multimedia Appendix 1) on English-language
randomized controlled trials published between January 1, 2000,
and August 1, 2017.
We considered English-language studies eligible for inclusion
if they reported an intervention with at least one of the groups
using wearable trackers to provide objective feedback on
physical activity to the wearer, alone or in combination with
other interventions to enhance physical activity. Only
randomized controlled trials with more than 20 participants in
the adult outpatient and community setting that reported a
change in physical activity behavior (total steps, total activity,
the proportion of participants at activity goal) were included.
We are looking at the healthy population and therefore excluded
studies that required participants to be hospitalized or confined
to a research center, studies in disease populations, and obese
populations. We excluded studies that were predominantly
pedometer-based interventions since we were only considering
the effect of wearable trackers.
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•

•

•

Random sequence generation: Was there selective bias
(biased allocation to interventions) due to inadequate
generation of a randomized sequence?
Allocation concealment: Was there selective bias (biased
allocation to interventions) due to inadequate concealment
of allocations prior to assignment?
Selective outcome reporting: Was there reporting bias due
to selective outcome reporting?
Blinding outcome assessment: Was there detection bias due
to knowledge of the allocated interventions by outcome
assessors?
Blinding participants and personnel: Was there performance
bias due to knowledge of the allocated interventions by
participants and personnel during the study?
Incomplete outcome data: Was there attribution bias due
to knowledge of the allocated interventions by outcome
assessors?
Other sources of bias: Was there bias due to problems not
covered elsewhere?

The GRADE (Grades of Recommendation, Assessment,
Development, and Evaluation) system was used to rank the
quality of evidence for each study [14]. The GRADE approach
uses five considerations (study limitations, consistency of effect,
imprecision, indirectness, and publication bias). The criteria for
the grade of evidence are as follows:
•
•

•

•

High: We are very confident that the true effect lies close
to that of the estimated effect.
Moderate: We are moderately confident in the effect
estimate; the true effect is likely close to the estimated
effect, but there is a possibility that it is substantially
different
Low: Our confidence in the effect estimate is limited; the
true effect may be substantially different from the estimated
effect.
Very low quality: we have very little confidence in the
effect estimate; the true effect is likely to be substantially
different from the estimate of the effect.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e15576 | p.1080
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Synthesis of Results
Statistical analysis was performed with Comprehensive
Meta-Analysis Version 3 [15]. For each of the included studies,
we calculated the effect sizes of physical activity for our primary
interest outcome using steps/day, total moderate-vigorous
physical activity (MVPA), activity units or physical activity
energy expenditure, depending on the available results from the
studies with steps/day taking priority. We calculated the
summary outcomes or the standardized mean difference (SMD)
(95% CI) using random-effects calculations. SMD is used since
the included studies all assess the same outcome, physical
activity, but they measure it in a variety of ways (steps/day,
MVPA, energy expenditure). Hence, differences in means that
are the same proportion of the standard deviation will have the
same SMD, regardless of the actual scales used to make the
measurements [16].
The I2 statistic was used as a measure of variability in observed
effects estimates attributable to between-study heterogeneity

Tang et al
[17]. For variables exhibiting mild heterogeneity (I2≤25%),
pooled estimates were derived with fixed effects models. For
variables exhibiting more than moderate heterogeneity (I2>25%),
pooled estimates were derived with random-effects models.
Sub-group analysis was used to assess secondary outcomes.

Results
Study Selection
The primary search identified a total of 9591 studies from
MEDLINE (n=1910), CINAHL (n=62), Cochrane Library
(n=2871), Web of Science (n=1633), PubMed (n=1280), and
Scopus (n=1835), as detailed in Multimedia Appendix 1. There
were 4620 unique citations in which 103 full texts were retrieved
for further review after applying the Population, Intervention,
Comparison, Outcome, and Study type [18] criteria of inclusion
and exclusion studies (Multimedia Appendix 2) at the
title-and-abstract screening level. A total of 12 unique papers
were retained for data abstraction (Figure 1) [19].

Figure 1. PRISMA Flow Chart.
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Study Characteristics
Characteristics of the included studies are presented in Table
1, and the intervention and comparators are presented in Table
2. A total of 1693 participants were included from 12
randomized trials. Included studies were published from 2007
to 2017.

Study sample sizes varied from 21 to 471 participants. The
participants’ weighted average age was 40.7 years (95% CI
31.1-50.3), and 64.4% of the participants were women. The
duration of interventions ranged from 6 to 104 weeks, with a
mean intervention duration of 21.4 weeks (95% CI 6.1-36.7).

Table 1. Characteristics of participants in the included studies.
Study name, publication
year

Sample
size

Participant characteristics

Study duration
(weeks)

Health status

Mean age
(years)

Proportion

Ashe, 2016 [20]

25

Healthy participants

40.1

Women: 100%

26

Buis, 2017 [21]

40

Healthy overweight adults

61.5

Women: 66%; white ethnicity: 66%

12

Cadmus-Bertram, 2015 [22] 51

Healthy and overweight partic- 60.0
ipants

White ethnicity: 92%

16

Godino, 2013 [23]

466

Healthy participants

47.7

Women: 46%; white ethnicity: 96%

8

Hurling, 2007 [24]

77

Healthy participants

40.3

Women: 66%; white ethnicity: 99%

9

Jakicic, 2016 [25]

471

Healthy overweight adults

30.9

Women: 71%; white ethnicity: 77%

104

Martin, 2015 [26]

49

Healthy overweight adults

58.0

Women: 46%; white ethnicity: 79%

5

Melton, 2016 [27]

69

Healthy participants

19.7

Women: 100%; black ethnicity: 100%

6

Poirier, 2007 [28]

264

Healthy participants

39.9

Women: 66%; white ethnicity: 77%

7

Shrestha, 2013 [29]

28

Healthy overweight adults

32.1

Women: 54%

26

Thompson, 2014 [30]

49

Healthy participants

79.1

Women: 91%; white ethnicity: 66%

26

Thorndike, 2014 [31]

104

Healthy participants

29.0

Women: 54%

12
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Table 2. Characteristics of intervention and comparators of included studies.
Study Name, Year

Intervention Device

Intervention

Comparator

Ashe, 2016 [20]

Fitbit

26 weeks of group-based education, social support, 26 weeks: only received health-related information
individualized physical activity prescription, given
Fitbit

Buis, 2017 [21]

Jawbone Up24

Received a Jawbone Up24 monitor, a tablet with
Jawbone Up app installed, and brief weekly telephone counseling

Waitlist control (did not receive any intervention
until after their final assessment where they were
provided the intervention in full)

Cadmus-Bertram,
2015 [22]

Fitbit

16 weeks of Web-Based Tracking Group: Fitbit,
instructional session, follow-up call at the fourth
week

16 weeks of standard pedometer

Godino, 2013 [23] Combined HR moni- 8 weeks of wearing of Actiheart with one of three 8 weeks of wearing of Actiheart but with no feedback
tor and accelerome- different types of feedback (simple, visual, contex- until the end of the trial
ter (Actiheart)
tualized)
Hurling, 2007 [24] Wrist-worn accelerometer

9 weeks of wristworn accelerometer, weekly exer- 9 weeks of wrist-worn accelerometer with no feedcise schedule, email reminders, real-time feedback back
via the internet

Jakicic, 2016 [25]

FIT Core; BodyMedia

24 weeks of enhanced intervention: wearable tech- 24 weeks of standard intervention: website for selfnology, accompanying web interface to monitor
monitoring of diet and physical activity
diet and physical activity

Martin, 2015 [26]

Fitbug Orb

3-arm study
•
•
•

Melton, 2016 [27]

Jawbone UP

6 weeks of wearing Jawbone UP band and engaging 6 weeks of using MyFitnessPal application
with the application daily with weekly reminders

Poirier, 2007 [28]

Variety of activity
trackers

2-arm study

2-arm study

•

•

•

6 weeks of walking program, Walkadoo, and
wireless activity tracker
1 week of follow-up with wearing of activity
tracker for at least 10 hours a day

•

6 weeks of not wearing activity trackers and
maintaining daily activity routine
1 week of follow-up wearing of activity tracker
for 10 hours a day

Shrestha, 2013
[29]

Polar FA20 accelerometer

1 time 1.5-hour lifestyle instruction and 26 weeks
of continuous accelerometer use and feedback

Thompson, 2014
[30]

Fitbit

26 weeks of accelerometer use and feedback,
26 weeks of accelerometer without feedback
weekly brief telephone counseling sessions focused
on accelerometer feedback, 6 in-person brief
counseling sessions

Thorndike, 2014
[31]

Fitbit e3

2-arm study
•

•

a

Blinded participants with no feedback

Phase 1 (1 week): blinded run-in
Phase 2 (2 weeks): unblinded versus blinded
tracking
Phase 3 (2 weeks): smart texts versus no texts

26 weeks of self-directed exercise and/or US Army
mandated physical training

2-arm study

Phase 1: 6 weeks RCT comparing daily steps •
•
displaying feedback about steps and energy
consumed
Phase 2: 6 weeks non-RCT team steps competition where all participants wore monitors
with feedback
a

Phase 1: 6 weeks blinded monitor
Phase 2: 6 weeks non-RCT team steps competition where all participants wore monitor with
feedback

RCT: randomized controlled trial.

Impact of Wearable Tracker Use and Physical Activity
The primary outcome for this review was the impact of
Wearable Tracker Use and Physical Activity. The overall
summary estimate from 12 studies [20-31] showed a modest
increase in physical activity with the usage of wearable trackers
(SMD 0.449, 95% CI 0.10-0.80; P=.01). There was significant
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heterogeneity (I2=88%) (Figure 2). Subgroup analyses were
performed for studies using steps/day or weight as reported
endpoints, and in healthy versus overweight populations to
explore mechanisms of heterogeneity.
We performed subgroup analyses and assessed heterogeneity
to evaluate the robustness of our results [32].
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Figure 2. Forest plot of standardized mean difference (95% CI) in the effect of wearable trackers on physical activity.

Impact of Wearable Tracker Use in Studies With
Steps/Day as Primary Outcome Variable
A total of 7 [20-22,26-28,31] of 12 studies utilized steps/day
as the primary endpoint. In these studies, steps/day were

significantly increased by the end intervention (SMD 0.332,
95% CI 0.16-0.50; P<.001). Heterogeneity in this analysis was
low (I2=2%) (Figure 3).

Figure 3. Forest plot of standardized mean difference (95% Cl) in the effect of wearable trackers on steps/day.

Impact of Wearable Tracker Use in Studies With
Weight Loss as an Outcome

(SMD 0.133, 95% CI –0.34 to 0.60, P=.58). Heterogeneity in
this analysis was low (I2=0%) (Figure 4).

A total of 4 [22,25,29,30] of 12 studies reported weight change.
However, no significant effect on weight change was observed
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Figure 4. Forest plot of standardized mean difference (95% Cl) in the effect of wearable trackers on weight loss for intervention and control group.

Impact of Wearable Tracker Use in Studies on
Overweight Reduction
A total of 5 [21,22,25,26,29] of 12 studies reported physical
activity outcomes in overweight adults. In these studies, no
significant increase in physical activity occurred (SMD 0.225,
95% CI –0.23 to 0.68, P=.33). Heterogeneity in this analysis

was high (I2=76%) (Figure 5). Seven [20,23,24,27,28,30,31]
out of 12 studies reported physical activity outcomes in healthy
adults unselected by weight. In these studies, a significant
increase in physical activity was observed (SMD 0.594, 95%
CI 0.10-1.09; P=.02) Heterogeneity in this analysis was high
(I2=90%; Figure 6).

Figure 5. Forest plot of standardized mean difference (95% CI) in the effect of wearable trackers on physical activity in overweight adults.

Figure 6. Forest plot of standardized mean difference (95% CI) in the effect of wearable trackers on healthy adults.
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Synthesis of Results
A GRADE summary of results is presented in Figure 7. We
assessed outcomes using the Cochrane GRADE approach.
Results were downgraded when there was serious risk of bias,
inconsistency, indirectness, imprecision, upgrading of a large

Tang et al
effect size, or a dose-response gradient, all of which are possible
confounding effects. Such confounding effects may create the
appearance of an effect when there is none or reduce the
appearance of an effect [33]. A GRADE Summary of Evidence
table is provided in Multimedia Appendix 4.

Figure 7. GRADE Working Group grades of evidence summary.

Risk of Bias Across Results
Risk of bias (ROB) is measured using the Cochrane risk of bias
tool [13] for randomized controlled trials, and the summary of
the evaluation is shown in Table 3. Selection bias was low as
randomization was considered high in all of the studies. In 2/12
studies [20,28], methods for allocation concealment were
described in insufficient details resulting in high ROB, and one
[21] of the studies showed an unclear ROB. For the outcome
of physical activity, the blinding of participants and personnel
was highly variable as there are challenges to blinding physical
activity interventions.
Most of the trials (9/12, 58%) [20-25,27,28,30] did not provide
sufficient methodological detail to judge bias not covered within
other domains mentioned and were given judged to have an
unclear ROB. The remaining studies (25%) provided sufficient
details and judged to be low ROB [26,29,31].
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Reporting bias was judged to be at low ROB because most of
the trials (9/12, 75%) [21-26,29-31] reported details of the
measured outcomes that were sufficient.
Detection bias was judged to be low since most of the trials
(10/12, 83%) [20-30] provided sufficient information regarding
outcome blinding assessment, and the remaining trials (16%)
provided insufficient information.
Attrition bias was assessed to be low since all the trials reported
the numbers reported to each group. The majority of trials
(11/12, 92%) [20,21,23-31] included information on attrition
and excisions from the analysis. One trial [22] did not disclose
the reason for attrition/exclusion in sufficient detail, resulting
in a judgment of high ROB.
Of the 12 studies measuring physical activity as an outcome,
only 2 were judged to be of high ROB in terms of performance
bias due to lack of blinding, and 1 study showed inadequate
information regarding blinding.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e15576 | p.1086
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Overall ROB was assessed, and the majority of studies (9/12,
75%) [21,23-30] were judged to be at low ROB and the
remaining studies [20,22,31] were judged at unclear ROB.

Publication bias was determined by visual inspection of funnel
plots comparing physical activity against effect size. There was
visual evidence of publication bias with at least two studies
falling outside the range of expected precision for their effect
size (Multimedia Appendix 3).

Table 3. Risk of bias (Cochrane Critical Appraisal Skills Program Toola).
Q1

Q2

Q3

Q4

Q5

Q6

Q7

Total score/7

Quality Score, %

Ashe, 2016 [20]

Lb

L

Hc

Ud

H

L

L

4.5

64

Buis, 2017 [21]

L

L

U

U

U

L

L

5.5

79

Cadmus-Bertram, 2015 [22]

L

L

L

U

U

U

H

4.5

64

Godino, 2013 [23]

L

L

L

U

L

L

L

6.5

93

Hurling, 2007 [24]

L

L

L

U

H

L

L

5.5

79

Jakicic, 2016 [25]

L

L

L

U

L

L

L

6.5

93

Martin, 2015 [26]

L

L

L

U

H

L

L

5.5

79

Melton, 2016 [27]

L

L

L

L

U

L

L

6.5

93

Poirier, 2007 [28]

L

L

H

U

L

L

L

5.5

79

Shrestha, 2013 [29]

L

H

L

L

L

L

L

6

86

Thorndike, 2014 [31]

L

U

L

L

H

U

L

5

71

Thompson, 2014 [30]

L

H

L

U

L

L

L

6

86

Category Score (%)

100

88

79

45

54

88

100

a

Cochrane risk of bias tool. Q1: Were there selection bias (biased allocation to interventions) due to inadequate generation of a randomized sequence?
Q2: Were there selective bias (biased allocation to interventions) due to inadequate concealment of allocations prior to assignment? Q3: Were there
reporting bias due to selective outcome report? Q4: Were there bias due to problems not covered elsewhere in the table? Q5: Were there performance
bias due to knowledge of the allocated interventions by participants and personnel during the study? Q6: Were there detection bias due to knowledge
of the allocated interventions by outcome assessors? Q7: Were there attribution bias due to amount, nature, or handling or incomplete outcome data?
b

L: low risk.

c

H: high risk.

d

U: unclear risk.

Discussion
This meta-analysis examined the effects of wearable trackers
on physical activity and is based on 12 randomized controlled
trials involving 1693 participants. Overall, wearable tracker
usage was associated with improvements in physical activity
(SMD 0.594, 95% CI 0.10-1.09; P=.018). Interventions that
included a consumer-based wearable tracker demonstrated an
improvement in physical activity as compared to control groups,
especially with daily steps. No clear evidence of benefit was
seen from wearable tracker use in the endpoints of weight
reduction or physical activity of overweight populations. Indeed,
a recent review showed a potential increase in physical activity
but no evidence for its effectiveness in weight loss [34].

Public Health Implications
This data may have both individual and public health
implications. Wearable trackers can support continuous health
monitoring at both the individual and the population level.
Wearable trackers are activity monitoring tools that help to
engage patients as advocates in their personalized care and have
been proposed to encourage healthy behavior. Benefits are
thought to include prevention or reduction of health problems,
support of chronic disease self-management, enhanced provider
http://mhealth.jmir.org/2020/7/e15576/
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knowledge, reduced number of healthcare visits, and
personalized, localized, and on-demand interventions in ways
not previously possible [35]. The low cost of delivery and the
feasibility of wearable trackers makes them an attractive
potential tool to facilitate self-monitoring of physical activity.
The data presented in this meta-analysis demonstrates that
wearable tracker usage was associated with short-term gains in
physical activity [36].
A wide range of wearable trackers was used. Four [20,22,30,31]
of 12 studies used Fitbit, two [21,27] used Jawbone Up, and the
remaining studies used a variety of other wearable trackers. The
relative proportion of commercial wearable trackers in the
included studies is similar to global market shares, with Fitbit
having the largest market share (20%) and hence applicable to
the real world [37]. The Fitbit and Jawbone Up used in this
meta-analysis have the same selected measures of “steps,
distance, calories, and sleep” and are worn on the wrist
[21,22,27,30,31]. A systematic review assessing the validity
and reliability of Fitbit and Jawbone found that the validity and
inter-device reliability of steps counts was generally high [10].

Study Limitations
This study has several limitations. First, most studies included
in this meta-analysis included small study sizes with short
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e15576 | p.1087
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intervention durations and limited follow-up, highlighting the
necessity for longer-term studies. The variety of study designs
may have been reflected by the statistical heterogeneity of the
outcomes. Hence, it might be challenging to generalize the
results due to heterogeneity. Future research should explore the
long-term effectiveness of wearable trackers in increasing
physical activity. Second, statistical estimates of publication
bias identified individual, small studies with relatively large
effect sizes, which may be a reflection of a file drawer effect.
Third, it is difficult to establish the independent contribution of
adjunctive interventions (eg, behavioral counseling, interactive
health coach, weekly reminders, and text messages) that were
often offered alongside wearable tracker usage. The last study
was obtained in 2017, since which time there have been changes
in market share due to the volatile nature of the industry. The
entrance of new brands like Apple, Xiaomi, and Samsung means
that an updated review is needed. Next, the skewed
demographics to white females would mean that the translation
to other demographics might be limited. Lastly, we restricted
our search to only full-text published articles in the English
language and, thus, may have excluded relevant studies outside
our current scope.

Tang et al

Recommendations for Further Research
The current study examined the utility of wearable activity
trackers in healthy adults and found a modest but measurable
benefit in the population studied. Important questions for future
research could include the identification of appropriate
deployment strategies for these novel technologies in cardiac
rehabilitation, aged care, and youth. A related question that we
could not address was the role of social engagement in
modulating the response of participants to wearable tracking
devices.

Recommendations for Clinical Practice
The current study provides qualified support for the use of
wearable activity trackers in healthy populations, showing
evidence of short-term gains in physical activity, but not weight.
As technology advances and these devices improve over time,
future studies will be necessary to delineate the optimal use
case for these devices.

Conclusion
In conclusion, this meta-analysis demonstrates the efficacy of
wearable trackers in facilitating short-term increases in consumer
physical activity. Future studies will be required to determine
the durability of the influence of wearable tracker use on
consumer physical activity behavior.
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Abstract
Background: Data collected by an actigraphy device worn on the wrist or waist can provide objective measurements for studies
related to physical activity; however, some data may contain intervals where values are missing. In previous studies, statistical
methods have been applied to impute missing values on the basis of statistical assumptions. Deep learning algorithms, however,
can learn features from the data without any such assumptions and may outperform previous approaches in imputation tasks.
Objective: The aim of this study was to impute missing values in data using a deep learning approach.
Methods: To develop an imputation model for missing values in accelerometer-based actigraphy data, a denoising convolutional
autoencoder was adopted. We trained and tested our deep learning–based imputation model with the National Health and Nutrition
Examination Survey data set and validated it with the external Korea National Health and Nutrition Examination Survey and the
Korean Chronic Cerebrovascular Disease Oriented Biobank data sets which consist of daily records measuring activity counts.
The partial root mean square error and partial mean absolute error of the imputed intervals (partial RMSE and partial MAE,
respectively) were calculated using our deep learning–based imputation model (zero-inflated denoising convolutional autoencoder)
as well as using other approaches (mean imputation, zero-inflated Poisson regression, and Bayesian regression).
Results: The zero-inflated denoising convolutional autoencoder exhibited a partial RMSE of 839.3 counts and partial MAE of
431.1 counts, whereas mean imputation achieved a partial RMSE of 1053.2 counts and partial MAE of 545.4 counts, the
zero-inflated Poisson regression model achieved a partial RMSE of 1255.6 counts and partial MAE of 508.6 counts, and Bayesian
regression achieved a partial RMSE of 924.5 counts and partial MAE of 605.8 counts.
Conclusions: Our deep learning–based imputation model performed better than the other methods when imputing missing
values in actigraphy data.
(JMIR Mhealth Uhealth 2020;8(7):e16113) doi:10.2196/16113
KEYWORDS
accelerometer; actigraphy; imputation; autoencoder; deep learning
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Introduction
An accelerometer-based actigraphy device can measure the
movement of the person wearing the device by capturing
acceleration in a single axis or in multiple axes of motion. By
mounting an actigraphy device on the wrist, ankle, or waist,
researchers or physicians can measure the amount of movement
or movement patterns. One study [1] has used this tool to detect
changes in activity resulting from neurological diseases,
including Parkinson disease, depression, dementia, and affective
disorder. In addition to its utility for certain diseases, this device
also has been used in the analysis of sleeping patterns or activity
recognition (such as running, walking, or sitting) in healthy
participants [2,3]. Furthermore, because accelerometer-based
data are objective whereas self-reported data are subjective and
can be biased by participant recall, accelerometers and
actigraphy devices have increasingly been used in clinical trials
to collect real-world data [4,5].
Because data recorded over a few days to a few months are
usually required to be able to analyze activity patterns, studies
have frequently faced the issue of participant adherence to use
[6]. Many indices of activity such as interdaily stability,
intradaily variability, or relative amplitude require full records
over a day, so even a small number of missing values hinders
the use of the records captured on that day [7]. In one previous
study, the researchers collected 17,542 day-long activity records,
but only 2003 (11.41%) records could be used in their study
because of missing data [6].
To overcome this issue, statistical models have been suggested
to impute missing data [8,9]; however, these models require
assumptions about the distribution of the missing values (such
as missing at random, missing completely at random, or not
missing at random assumptions) and using a specific assumption
may not be appropriate for a given study.
Recent studies [10-12] have confirmed that deep learning models
which are able to learn features from raw input without manual
feature engineering or statistical assumptions perform well in
many tasks, including data denoising, detecting and classifying
objects in images, and predicting values. An autoencoder is a
deep-learning method that can extract key features from input

http://mhealth.jmir.org/2020/7/e16113/

XSL• FO
RenderX

Jang et al
data and restore them; therefore, an autoencoder can also be
used for reconstructing original data from corrupted data [13].
This approach has been used to impute missing values in traffic
data, which are similar to actigraphy data—both data sets have
time-series characteristics [14]. Furthermore, another study [15]
showed that the autoencoder-based approach can extract core
features from activity data. These findings suggested the
possibility of improving the performance of imputation in
activity data using a deep-learning model. In contrast to
statistical approaches, the deep-learning method can discover
hidden patterns from the data themselves without any specific
assumptions about the missing values. Assuming that missing
values could be treated as a type of noise in the data, we
developed an autoencoder-based model to restore missing values
in actigraphy data. We used three actigraphy data sets and
compared imputed data from our model with those of other
methods.

Methods
Ethics
This study was approved by the Ajou University Hospital
institutional review board (AJIRB-MED-EXP-17-470). Before
collecting actigraphy data from patients at Ajou University
Hospital, we received their informed consent (Korean Chronic
Cerebrovascular Disease Oriented Biobank, KCCDB). The other
two data sets used in this study, the National Health and
Nutrition Examination Survey (NHANES) [16,17] and Korea
National Health and Nutrition Examination Survey (KNHANES)
[18-21], are publicly available. All data were deidentified and
used only for retrospective study.

Overview
This study consisted of four phases. First, we collected activity
data from three different actigraphy data sets. Second, complete
data for each day were selected from the data sets and
preprocessed to generate artificially corrupted data. Third,
models were constructed from the data, including our deep
learning–based imputation model. Finally, models were
evaluated with performance indices. Details of the procedures
are shown in Figure 1.
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Figure 1. Overview of the study and data where n indicates number of records (days). IV: intradaily variability; KCCDB: Korean Chronic Cerebrovascular
Disease Oriented Biobank; KNHANES: Korea National Health and Nutrition Examination Survey; MVPA: moderate-to-vigorous physical activity;
NHANES: National Health and Nutrition Examination Survey; PRMSE: partial root mean square error; PMAE: partial mean absolute error; RMSE:
root mean square error.

Data Sources
Three actigraphy data sets were used for this study—NHANES,
accelerometer-based actigraphy data collected over four years
(2003-2006) from 14,482 individuals living in the United States;
KNHANES, accelerometer-based actigraphy data collected over
two years (2014-2015) from 1768 people living in South Korea;
and KCCDB, accelerometer-based actigraphy data were
collected over two years (2014-2015) from 177 patients who
had visited Ajou University Hospital for evaluation or treatment
of cerebrovascular disease.
The NHANES data set was collected using a uniaxial
accelerometer-based actigraphy device (ActiGraph AM-7164,
ActiGraph LLC) which gathered only z-axis data. The
KNHANES data set, though collected using a triaxial
accelerometer-based actigraphy device (ActiGraph GTX3+,
http://mhealth.jmir.org/2020/7/e16113/
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ActiGraph LLC), also consisted of only z-axis data (only these
data were made available to the public). In contrast, the KCCDB
data set was collected using a triaxial accelerometer-based
actigraphy device (Fitmeter, Fit.Life Inc). The triaxial data were
aggregated into a single magnitude vector using the formula
(Multimedia Appendix 1). In this study, data from each device
are used in their original format and values from one device are
not comparable to those from others since activity units, device
type, and device range (±g) vary [22]. We developed the
autoencoder-based imputation model with 90% of the NHANES
data set (the training data set); the performance of the model
was evaluated using the other 10% of the NHANES data set
(test data set) and was externally validated using the KNHANES
data set. The KCCDB data set was used to test whether the
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model, trained with uniaxial data, could also be used with
triaxial data.

Data Processing
First, because the KCCDB data set has a higher sampling rate
(0.1 Hz) than those of the other data sets (0.016 Hz), the
KCCDB data were downsampled by averaging the values for
each minute. As a result, each record consisted of 1440 values
per day.
In previous studies, a missing interval has been defined as a
period (of 20, 30, or 60 minutes, depending on the study) over
which zero values are continuously repeated [23-25]. For this
study, we defined a missing interval to be 30 minutes or more
of consecutive zeros. We found that intervals of such lengths
occurred most frequently in the NHANES data set (Figure 2).
We found the frequency of missing intervals less than 30

Jang et al
minutes was the highest in both datasets (Multimedia Appendix
2). Only complete records from the data sets were used so that
we could calculate the reconstruction error for the missing
intervals by comparing the imputed values with the original
values.
Finally, we extracted the data from 9 AM to 9 PM, which is the
most active period for humans [23-25], and overwrote a random
30-minute interval with zeros in each record. Consequently,
each record used in the study had 720 values (over the 12-hour
period from 9 AM to 9 PM), in which 30 consecutive zero values
were included as a missing interval. Moreover, we conducted
additional experiments with 90 and 180 consecutive zero values
to confirm the imputation robustness for longer missing
intervals. Preprocessing algorithms were written in Python
(version 3.6; scikit-learn).

Figure 2. (a) Frequency of missing data intervals found in the NHANES data set. The interval of approximately 30 minutes occurred most frequently.
(b) Example of a complete data record and of a record with missing data interval.

Models for Imputation
Mean Imputation
Mean imputation is a method of replacing a missing value with
the mean value from the other instances of valid data at that
time [26]. For example, if there is a value missing at 12:30 PM
in a certain record, the missing value is replaced with the mean
of the values from 12:30 PM in the other records. Mean
imputation, algorithms were written in Python.

Zero-Inflated Poisson Regression Model
To compensate for the disadvantage of a single imputation
method—where missing values are replaced with a single
value—the multiple imputation method generates several data
sets and the results are combined into a single result to replace
the missing values. In this study, the multiple imputation by
chained equation approach (also called fully conditional
http://mhealth.jmir.org/2020/7/e16113/
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specification) was used for multiple imputation. (1) All missing
values of each variable were filled using the mean imputation
method. (2) The regression equation, in which the dependent
variable is the variable to be imputed and the independent
variables are the other variables surrounding the dependent
variables, was developed. Then, missing values were replaced
by a value estimated by the regression equation [27]. After
changing the dependent and independent variables, the process
was repeated. The zero-inflated Poisson model has previously
been used as a regression model for activity data in which a
large portion of the data had zero values [28]; similar to the
previous study, the lead and lag options were added to reflect
the values of the activity before and after the missing variable.
In this study, we applied the zero-inflated Poisson regression
model using R (3.3.1) and a package (accelmissing) developed
in a previous study [28,29].
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Bayesian Linear Regression Model
The process was the same as the zero-inflated Poisson model,
but Bayesian multiple imputation utilized Bayesian linear
regression. Because the Bayesian model aims to find the
parameter for the posterior distribution and take a sample from
the estimated distribution, the imputed values of this approach
can be negative, which cannot exist for the units defined for
these devices. Hence, the negative values were replaced with
zero values. Bayesian regression algorithms were written in
Python.

Zero-Inflated Denoising Convolutional Autoencoder
(New Method)
An autoencoder is an unsupervised deep-learning method. Its
aim is to make its output X' approximate the input X. An
autoencoder consists of an encoder that compresses the
information of the input into a compressed-information (or
hidden state) Z and a decoder that restores Z back to X as closely
as possible:

Because Z has fewer dimensions than the input, and because
the decoder must restore a value close to the input value by
utilizing the information in Z, the autoencoder must learn the
key information of the input in the hidden state in order to
reduce the reconstruction error.
A denoising autoencoder is a type of autoencoder that restores
noisy input Xnoised, which contains masking noise, to the
denoised output X' [30]. Here, noise refers to data that distort
the original data. The zero values were treated as noise distorting
the data in this study.
A convolutional neural network is a deep-learning method
commonly adopted for analyzing images [31]. A convolutional
neural network can extract the information from a specific area
of the data by applying filters to the input data. This approach
compensates for the disadvantage—that of being unable to
utilize positional information—found in simple neural networks.
One-dimensional sequential data can be analyzed using a
one-dimensional convolutional neural network; studies on this
approach have been actively conducted in various fields such
as voice synthesis or biosignal analysis [32,33].
Our model, the zero-inflated denoising convolutional
autoencoder, consisted of an autoencoder that encoded and
decoded the data using a convolutional neural network and a
unique activation function designed for the zero distribution at
the last layer. The zero-inflated denoising convolutional
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autoencoder received corrupted data as input, then compressed
and recovered these data using a convolutional autoencoder, as
shown in Figure 3.
We used the PyTorch (version 1.4.1) framework to construct
the deep learning model [34]. Input data for zero-inflated
denoising convolutional autoencoder were normalized
(minimum-to-maximum normalization); then, each zero in the
missing interval was replaced with a value of 0.5. As the input
data were encoded, the filters of each convolutional neural
network layer in the encoder compressed the regional
information into a feature map. The size of the feature map
decreased and the number of feature maps increased every time
data passed through the convolutional neural network layer so
that latent vectors with various perspectives could be extracted.
After the corrupted data had been encoded in latent vectors,
transconvolution layers were applied symmetrically to decode
the latent vectors using the same hyperparameters used in the
encoder. The size of the output was set to be equal to the size
of the input data at the end of the decoder layer. Batch
normalization and a hyperbolic tangent function were applied
at the end of each layer. The clamped hyperbolic tangent was
applied to the output of the decoder, which limited the output
to values in the range of –1 to 1 and converted negative values
to zeros. This caused the model to treat the distribution of
negative values as a distribution of zeros. Finally, the recovered
data, which were as close to the uncorrupted data as possible,
were output.
Hyperparameters, filter size (m=20 and 30) and size of the latent
vector (k=40, 60, and 80), were determined by a grid search.
The other hyperparameters (the number of layers, q, and number
of filters, n) were gradually increased and the best-performing
values were selected. Stride was set adaptively according to the
latent vector size.
For training and selecting the final hyperparameter settings, the
training data set was used. The hyperparameters of the
zero-inflated denoising convolutional autoencoder were tuned
using 10-fold cross-validation. Hyperparameters exhibiting the
lowest root mean square error (RMSE) were selected as the
final hyperparameter settings.
When training the zero-inflated denoising convolutional
autoencoder model, we used RMSE as a loss function to provide
feedback to modify the weights. The loss between the original
data and restored data was calculated for the entire record
(imputed and original parts). Applying the loss function to all
values allowed the zero-inflated denoising convolutional
autoencoder to learn to impute the missing intervals and to
reconstruct the other observed parts.
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Figure 3. Model architecture for zero-inflated denoising convolutional autoencoder consisting of encoder with 5 convolutional layers in which the
filter size and stride decrease and the number of feature maps increases and decoder with 5 transconvolutional layers in which hyperparameters are
symmetrically the same as those used in the encoder.

Performance Evaluation
Metrics
Performance of the imputation methods were evaluated using
two metrics on the imputed portion of the outputs. Partial RMSE

and partial MAE

where N was the total number of values in the data record, Xj
was the jth value in the data record, and
the values in that record.

was the mean of

Intradaily variability index is a nonparametric index of the
circadian rhythm and represents the fragmentation of activity.
Index values range from 0 to 2, and higher values indicate higher
variability.
To evaluate reconstruction of the original variability in the data,
we calculated RMSE of the standard deviation,

where
and RMSE of the intradaily variability,
were calculated. In the equations, i and j represent the ith data
record in a data set and the jth value in a data record,
respectively. Iij was a binary variable that represented whether
a variable was observed or missing, M was the number of
records in the data set, N was the length of the data record, Xij
indicated an original value, and X'ij indicated its imputed value.
Lower values of partial RMSE and partial MAE indicated better
imputation.
We calculated the standard deviation

and the intradaily variability index
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where M was the total number of records in a data set, SDiorigin
was the standard deviation of the ith original record, and
SDiimputed was the standard deviation of the ith imputed record.
We also evaluated the RMSE in the missing intervals of a
moderate-to-vigorous physical activity measure that was derived
from the data. Moderate-to-vigorous physical was used to
represent activity intensity. We applied a cutoff=1267 counts
[35] to uniaxial data in NHANES and KNHANES and applied
a cutoff=2691 counts [36], which was designed for a single
magnitude vector, to the KCCDB data set. We measured the
duration of moderate-to-vigorous physical activity using the
10-minute bout method, which identifies 10 minutes of
moderate-to-vigorous physical activity if over 80% of the values
are greater than the cutoff point [25]. We evaluated the

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16113 | p.1097
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
moderate-to-vigorous physical activity measure from original
and imputed data using the RMSE,

Jang et al
validation was performed using the same process that was used
to evaluate mean imputation.

Zero-Inflated Denoising Convolutional Autoencoder
Imputation
where, unlike the RMSE of intradaily variability or standard
deviation, the duration of moderate-to-vigorous physical activity
was calculated for only missing intervals. M is the total number
of records in a data set, denotes the moderate-to-vigorous
physical activity for the original values in the missing interval
of ith data record, and MVPAiimputed denotes the
moderate-to-vigorous physical activity for the imputed values
in the missing interval of the ith data record.

The performance of zero-inflated denoising convolutional
autoencoder was evaluated using the model generated by the
training and validation sets of NHANES to impute the test set.
For external validation, the performance was evaluated by
applying the model trained on the NHANES data set to the
external validation data sets without retraining.

Mean Imputation

To visualize the data and results, both Python (matplotlib,
version 3.0.0; seaborn, version 0.9.0) and R (ggplot2) were used
[37-39]. After preprocessing, the NHANES data set comprised
25,858 days of data from 9236 persons, the KNHANES data
set comprised 3778 days of data from 1301 persons, and the
KCCDB data set comprised 1829 days of data from 169 persons
(Table 1).

The mean value at each minute was determined from the
NHANES training set. For external validation, a model was
constructed and evaluated for each data set without dividing
them into training and testing sets.

Zero-Inflated Poisson Regression and Bayesian
Regression Imputation
The multiple imputation-based models were constructed without
dividing the data set into training, validation, and testing data
sets. These models utilize the expectation–maximization
algorithm, which requires the entire data set and fills in the
missing values with values inferred from existing values in other
data records. After imputation was performed, the performance
was estimated using the NHANES test data set only. External

Results

After 10-fold cross-validation for hyperparameter tuning, we
selected the hyperparameter conditions with the lowest mean
RMSE (Table 2). Detailed results of 10-fold cross-validation
are described in Multimedia Appendix 3.
We used the zero-inflated denoising convolutional autoencoder
model with a filter length of 30 in the first convolutional layer
and a latent vector size of 60 in the subsequent experiments in
this study (q=10, n=8, m=30, k=60, Table 3).

Table 1. Baseline characteristics of the data sets.
Characteristics

NHANESa (n=12,475)

KNHANESb (n=1768)

KCCDBc (n=177)

Age (years), mean (SD)

39.04 (22.27)

42.88 (13.04)

74.07 (7.05)

Male

6077 (48.71)

662 (37.44)

56 (31.63)

Female

6398 (51.28)

1106 (62.55)

121 (68.36)

Weight (kg), mean (SD)

75.26 (21.73)

63.35 (11.97)

59.03 (10.04)

Height (cm), mean (SD)

166.01 (11.72)

163.45 (8.55)

156.96 (8.33)

BMI (kg/m2), mean (SD)

27.03 (6.56)

23.62 (3.48)

22.66 (7.19)

Activity (count), mean (SD)

344 (694.23)

433 (586.78)

637 (1121.27)

Gender, n (%)

a

NHANES: National Health and Nutrition Examination Survey data set (device: ActiGraph AM-7164; type: uniaxial; sample rate: 0.016 Hz).

b

KNHANES: Korea National Health and Nutrition Examination Survey data set (device: ActiGraph GTX3+; type: triaxial; sample rate: 0.016 Hz).

c

KCCDB: Korean Chronic Cerebrovascular Disease Oriented Biobank data set (device: Fitmeter; type: triaxial; sample rate: 0.01 Hz).
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Table 2. Result of 10-fold cross-validation.
Hyperparameters

a

Result

Experiment

Latent vector size, k

Filter size, m

RMSEa (count), mean

1

40

20

830.5

2

40

30

838.0

3

60

20

858.7

4

60

30

788.4

5

80

20

825.1

6

80

30

831.0

RMSE: root mean square error.

Table 3. Hyperparameter settings for the zero-inflated denoising convolutional autoencoder.
Component layer (order of layer)

Filter, na ×size (stride)

Input

Feature map output size, n × size
1×720

Encoder
Convolution (1)

8×30b (2)

8×346

Convolution (2)

16×20 (2)

16×164

Convolution (3)

32×10 (2)

32×78

Convolution (4)

64×10 (1)

64×69

Convolution (5)

128×10 (1)

128×60c

Transconvolution (6)

64×10 (1)

64×69

Transconvolution (7)

32×10 (1)

32×78

Transconvolution (8)

16×10 (2)

16×164

Transconvolution (9)

8×20 (2)

8 ×346

Transconvolution (10d)

1 ×30 (2)

1×720

Decoder

a

number of filters, n.

b

filter size, m.

c

latent vector size, k, extracted by the encoder.

d

number of layers, q.

Examples for the zero-inflated denoising convolutional
autoencoder, mean imputation, zero-inflated Poisson regression
and Bayesian regression methods on the NHANES test data set
are shown in Figure 4, and the results are given in Table 4.
These results indicate that zero-inflated denoising convolutional
autoencoder performed better and more accurately reflected the
natural variation in human activity. In addition, the zero-inflated
denoising convolutional autoencoder trained with the NHANES
data set was tested on the KNHANES and KCCDB data set,
and the results are also shown in Table 4. As with the results
on the KNHANES and KCCDB data set, the values imputed
by zero-inflated denoising convolutional autoencoder showed
the lowest RMSE of standard deviation (24.4 counts and 27.1
counts, respectively).
In addition, we evaluated the RMSE of intradaily variability
and moderate-to-vigorous physical activity for each data set to
evaluate imputation. Zero-inflated denoising convolutional
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autoencoder yielded the lowest RMSE of intradaily variability
for both the NHANES and KNHANES data sets with values of
0.047 and 0.037, respectively. In contrast, for KCCDB,
zero-inflated denoising convolutional autoencoder had the
second-lowest RMSE of intradaily variability with a value of
0.02. Moreover, the RMSE of moderate-to-vigorous physical
activity for zero-inflated denoising convolutional autoencoder
was the lowest (13.4 minutes) on KCCDB and the second lowest
on the NHANES and KNHANES data sets (12.3 minutes and
12.9 minutes, respectively).
Additional analyses were performed including confidence
interval calculation (Multimedia Appendix 4), additional
experiments with 90- and 180-minute missing intervals
(Multimedia Appendix 5 and Multimedia Appendix 6), other
models (Multimedia Appendix 7), and other analyses
(Multimedia Appendix 8 and Multimedia Appendix 9).
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Figure 4. Examples of (a) NHANES, (b) KNHANES, and (c) KCCDB data sets for zero-inflated denoising convolutional autoencoder (left), zero-inflated
Poisson regression (center), and Bayesian regression (right) with imputed (red) and original (green) intervals within the record (blue). KCCDB: Korean
Chronic Cerebrovascular Disease Oriented Biobank; KNHANES: Korea National Health and Nutrition Examination Survey; ZI-DCAE: zero-inflated
denoising convolutional autoencoder; ZIP: zero-inflated Poisson regression.
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Table 4. Imputation performance results for the comparison methods.
ZI-DCAEa

Mean imputation

Zero-inflated Poisson Bayesian
regression
regression

partial RMSEc (counts)

839.3

1053.2

1255.6

924.5

partial MAEd (counts)

431.1

545.4

508.5

605.8

RMSE of SD (counts)

35.1

65.2

69.2

34.2

RMSE of intradaily variability index

0.047

0.067

0.060

0.071

16.2

16.2

11.0

Dataset measurement

NHANESb

RMSE of moderate-to-vigorous physical activity 12.3
(minutes)
KNHANESe
partial RMSE (counts)

672.1

660.0

778.8

824.1

partial MAE (counts)

396.3

419.7

395.5

555.5

RMSE of SD (counts)

24.4

26.5

26.0

24.7

RMSE of intradaily variability index

0.037

0.039

0.040

0.050

14.7

14.6

12.2

RMSE of moderate-to-vigorous physical activity 12.9
(minutes)
KCCDBf
partial RMSE (counts)

1217.2

1313.2

1638.4

1139.4

partial MAE (counts)

819.6

1045.8

1161.6

810.7

RMSE of SD (counts)

27.1

30.8

29.6

27.7

RMSE of intradaily variability index

0.02

0.036

0.041

0.018

14.9

14.9

13.6

RMSE of moderate-to-vigorous physical activity 13.4
(minutes)
a

ZI-DCAE: zero-inflated denoising convolutional autoencoder.

b

NHANES: National Health and Nutrition Examination Survey data set.

c

RMSE: root mean square error.

d

MAE: mean absolute error.

e

KNHANES: Korea National Health and Nutrition Examination Survey data set.

f

KCCDB: Korean Chronic Cerebrovascular Disease Oriented Biobank data set.

Discussion
Principal Findings
Our study was the first to attempt to impute activity count data
using a deep-learning approach. For activity data with intervals
of zero values, in statistical models such as a zero-inflated
Poisson distribution, the probability distribution of zeros is
assumed to have a specific distribution. In contrast, the
zero-inflated denoising convolutional autoencoder model created
the distribution of zeros by using a clamped hyperbolic tangent
activation function which caused the model to transform
negative outputs to zero values. The zero-inflated denoising
convolutional autoencoder model can learn the distribution of
zeros from the data themselves. The results confirm that this
approach performs better than previous approaches.
By testing the performance with an external data set that was
not related to the training data set, we found that the model
could be generalized. On the KNHANES and KCCDB data
sets, our model exhibited better performance than those of the
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other imputation algorithms. Although our model was trained
with the NHANES data set, which was collected with a uniaxial
device, we confirmed that the zero-inflated denoising
convolutional autoencoder model also worked well on triaxial
data (the KCCDB data set). This result indicated that our model
did not overfit to the NHANES data set, but instead was able
to learn important features in the activity data.
In addition to predicting the missing values, our model was also
able to reproduce the variability of activity data. On the
NHANES data set, the zero-inflated denoising convolutional
autoencoder had the second-lowest RMSE for standard deviation
and the lowest RMSE for standard deviation on the external
validation data sets. This characteristic is desirable for
subsequent analysis using the imputed data set because some
activity indices such as intradaily variability use variability in
the activity data to evaluate the rhythms of human activity. We
compared the RMSE of intradaily variability for the original
data and imputed data. The zero-inflated denoising convolutional
autoencoder showed a lower RMSE of intradaily variability
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e16113 | p.1101
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than those of the other imputation methods. Generally, it seemed
that the zero-inflated denoising convolutional autoencoder was
able to restore the variability of the original data more accurately
than other methods. These results suggest that the zero-inflated
denoising convolutional autoencoder model can not only impute
the missing data while reflecting the meaningful variability of
the activity data in the general population (NHANES and
KNHANES data sets), but can also reflect the variability of
activity data from patients with cerebrovascular disease
(KCCDB data set).
Moderate-to-vigorous physical activity is an index for evaluating
the intensity of activity. We evaluated how well the model
restored the duration of the original moderate-to-vigorous
physical
activity.
With
the
lowest
RMSE
of
moderate-to-vigorous physical activity in KCCDB and the
second lowest in other data sets, the zero-inflated denoising
convolutional autoencoder also demonstrated the ability to
restore measures of activity intensity.

Ad Hoc Fine-Tuning
Fine-tuning the approach could be considered to better reflect
the unique characteristics of new data if there are enough
complete cases available after training. To test whether
fine-tuning could improve imputation performance, we
conducted the following ad hoc analysis. The KNHANES data
set was split into training, validation, and testing data sets in a
9:1:1 ratio. The fine-tuning process was conducted with the
training data of the KNHANES data set using the fully
developed model used in this study. Training was stopped when
the performance of the model was best in the KNHANES
validation set. When the performance was evaluated on the
KNHANES testing set, the fine-tuned model performed better,
with a partial RMSE of 663.6 counts, partial MAE of 391.2
counts, whereas those of the baseline model were 672.1 counts,
396.3 counts, respectively.

Jang et al

Limitations
There are some limitations to be discussed. First, activity
patterns can depend on demographic factors such as age, BMI,
and other metrics. Although demographic information may help
improve the performance of the imputation model, it was not
used in this study because of a lack of data. If we can obtain
sufficient data sets with demographic information in future, we
will be able to improve the performance of our imputation model
by including it in the training; however, because the
demographic information of the user is often unknown in actual
studies, it could be more practical for the model to restore
missing data using only activity data. Second, some activities
that cause participants to remove the device cannot be collected
in data set, and these data are difficult to impute correctly. This
limitation is always carefully considered before imputation
methods are applied. Although all imputation methods have
this limitation, our model performed better than other methods
did. Third, although many imputation methods exist, we only
compared our model with three methods. We conducted
Gaussian process regression, but it predicted only zero values
for the imputed data (Multimedia Appendix 9). Further studies
should include a wider range of imputation methods. Finally,
the use of a count-based algorithm to define missing intervals
could be too simple for representing nonwear time; however,
the aim of our work to impute missing intervals, and we only
utilized a count-based nonwear detection algorithm to construct
complete data sets. Regardless of which nonwear detection
algorithms is used to generate corruption, the model should be
able learn the pattern and impute the corrupted data.

Conclusions
To our knowledge, this is the first study to develop a
deep-learning model for imputing missing values in actigraphy
data. The results of this study suggest that the deep learning
approach is useful for imputing missing values in activity data.
We expect that our model will contribute to studies of human
activity by decreasing the amount of discarded data due to
missing values.
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Abstract
Background: Telemonitoring-guided interventional management reduces the need for hospitalization and mortality of patients
with chronic heart failure (CHF).
Objective: This study aimed to analyze the cost-effectiveness of usual care with and without telemonitoring-guided management
in patients with CHF discharged from the hospital, from the perspective of US health care providers.
Methods: A lifelong Markov model was designed to estimate outcomes of (1) usual care alone for all postdischarge patients
with CHF (New York Heart Association [NYHA] class I-IV), (2) usual care and telemonitoring for all postdischarge patients
with CHF, (3) usual care for all postdischarge patients with CHF and telemonitoring for patients with NYHA class III to IV, and
(4) usual care for all postdischarge patients with CHF plus telemonitoring for patients with NYHA class II to IV. Model inputs
were derived from the literature and public data. Sensitivity analyses were conducted to assess the robustness of model. The
primary outcomes were total direct medical cost, quality-adjusted life years (QALYs), and incremental cost-effectiveness ratio
(ICER).
Results: In the base case analysis, universal telemonitoring group gained the highest QALYs (6.2967 QALYs), followed by
the telemonitoring for NYHA class II to IV group (6.2960 QALYs), the telemonitoring for NYHA class III to IV group (6.2450
QALYs), and the universal usual care group (6.1530 QALYs). ICERs of the telemonitoring for NYHA class III to IV group (US
$35,393 per QALY) and the telemonitoring for NYHA class II to IV group (US $38,261 per QALY) were lower than the ICER
of the universal telemonitoring group (US $100,458 per QALY). One-way sensitivity analysis identified five critical parameters:
odds ratio of hospitalization for telemonitoring versus usual care, hazard ratio of all-cause mortality for telemonitoring versus
usual care, CHF hospitalization cost and monthly outpatient costs for NYHA class I, and CHF hospitalization cost for NYHA
class II. In probabilistic sensitivity analysis, probabilities of the universal telemonitoring, telemonitoring for NYHA class II to
IV, telemonitoring for NYHA class III to IV, and universal usual care groups to be accepted as cost-effective at US $50,000 per
QALY were 2.76%, 76.31%, 18.6%, and 2.33%, respectively.
Conclusions: Usual care for all discharged patients with CHF plus telemonitoring-guided management for NYHA class II to
IV patients appears to be the preferred cost-effective strategy.
(JMIR Mhealth Uhealth 2020;8(7):e17846) doi:10.2196/17846
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telemedicine; heart failure; hospitalization; cost; quality-adjusted life year; cost-effectiveness analysis
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Introduction
Background
Chronic heart failure (CHF) is a condition that imposes a major
burden on health care systems and the society. Globally, it is
estimated that 37.3 million individuals suffer from CHF, and
the prevalence continues to rise [1]. In the United States, the
number of patients with CHF was nearly 6.2 million in 2016
and is projected to be over 8 million in the year 2030 [2]. CHF
is the most common reason for admission, and hospitalization
for CHF is highly associated with readmission within 30 days
(20%-30%) and 6 months (50%) [3]. The total cost of care for
CHF is expected to rise from US $30.7 billion in 2012 to US
$69.8 billion in 2030 [4].
The use of digital health interventions in the provision of remote
health care services is a promising strategy to improve the
clinical outcomes of CHF. Telemonitoring allows remote daily
monitoring of patients’ vital signs and, therefore, enables
detection of clinical deterioration and early clinical
interventions. The Efficacy of Telemedical Interventional
Management in Patients with Heart Failure II (TIM-HF2) study
compared the efficacy of the telemedical interventional
management for CHF patients (New York Heart Association
[NYHA] class II or III) along with usual care versus usual care
only [5]. It was reported that the structured telemonitoring-based
management reduced the percentage of days lost to unplanned
cardiovascular admission and all-cause death (4.88% vs 6.64%;
P=.05) and lowered the all-cause mortality rate (7.86% vs
11.34%; P=.03).
Telemonitoring also engages patients in CHF self-care and
improves the quality of patients’ self-management at home. In
the Trans-European Network–Home-Care Management System
study, the telemonitoring intervention consisted of twice-daily
patient self-management and monitoring of weight, blood
pressure, heart rate, and rhythm with automated devices linked
to a cardiology center [6]. The study found that the mean
duration of admissions was reduced by 6 days (95% CI 1-11
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days) in the home telemonitoring group versus the usual care
group. One-year mortality was higher in the usual care group
(45% vs 29%; P=.03).

Objectives
Clinical findings have indicated telemonitoring to be beneficial
to patients with CHF, yet few studies examined the
cost-effectiveness of telemonitoring on the management of CHF
[7]. The aim of this study was to analyze the cost-effectiveness
of usual outpatient care with and without telemonitoring for
patients with CHF who were discharged from the hospital, from
the perspective of the US health care providers.

Methods
Study Design
A lifelong Markov model was constructed using TreeAge Pro
2019 (TreeAge Software Inc) to project the long-term clinical
and economic outcomes of a hypothetical cohort of 65-year-old
patients with CHF who were recently discharged for
CHF-related hospitalization (Figure 1) in the US health care
setting. The Markov model is an analytical framework in which
the hypothetical cohort of patients transits between the mutually
exclusive health states, with costs and health outcomes
aggregated over successive cycles. The following strategies
were examined in the present model: (1) universal usual care
only for all patients (NYHA class I-IV), (2) universal usual care
for all patients and telemonitoring for NYHA class III to IV
patients (telemonitoring for class III-IV group), (3) universal
usual care for all patients and telemonitoring for NYHA class
II to IV patients (telemonitoring for class II-IV group), and (4)
universal usual care plus telemonitoring for all patients
(universal telemonitoring group). The model time horizon was
35 years with 6-month cycles for lifelong simulation of 100
years of age maximum. The primary outcome measures were
direct medical costs, quality-adjusted life years (QALYs), and
incremental cost-effectiveness ratio (ICER) as additional cost
per QALY gained.

Figure 1. Simplified model structure. NYHA: New York Heart Association; TM: telemonitoring; UC: usual care; universal UC: UC only for all patients;
TM for class III to IV: UC for all patients and TM for NYHA class III to IV patients; TM for class II to IV: UC for all patients and TM for NYHA class
II to IV patients; universal TM: UC plus TM for all patients.

As reported by the ancillary Digitalis Investigation Group (DIG)
trial, a retrospective cohort study of 988 patients with NYHA
class I to IV heart failure, the NYHA classification was
associated with the risk of hospitalization and mortality [8]. In
this model, we stratified the hypothetical cohort of recently
discharged patients with CHF by the NYHA classification.
Subjects of all study arms entered the present model at the
Markov status NYHA class I, NYHA class II, NYHA class III,
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or NYHA class IV. In each 6-month cycle, all patients might be
readmitted for CHF-related hospitalization and might experience
all-cause death. For those who survived at the end of cycle, they
might remain in the same NYHA classification or transit
(improve or progress) to another NYHA classification.
Patients in all study arms received usual care: physician’s office
visits (for evaluation of CHF) and medication prescriptions,
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without structured follow-up or service of specialized nurses
[9]. Patients in the telemonitoring groups received
telemonitoring-guided CHF intervention in addition to usual
care for 6 months post discharge. The 6-month duration is most
commonly used for examination of the telemonitoring-guided
intervention in clinical trials [10]. The telemonitoring-guided
intervention included a telemonitoring system (installed at
patients’ home) usually with a digital tablet as a central
structural element to transmit vital elements from patients’ home
to the hospital. Algorithms were programmed and implemented
in this system to guide patient management (concomitant
medication change, initiation of an ambulatory assessment by
a home physician, or to hospitalize the patient). The patients in
the telemonitoring groups might or might not adhere to the
telemonitoring-guided management. If patients were not
readmitted to the hospital during the 6-month
telemonitoring-guided management period, they would be
followed up by usual care only in the following cycles until
rehospitalization occurred. Those who survived the next
hospitalization would receive usual care alone or usual care plus
6-month telemonitoring-guided management according to
patients’ NYHA classification and the corresponding study
group.

Clinical Inputs
The clinical parameters are listed in Multimedia Appendix 1.
Literature search on MEDLINE over the period 2000 to 2019
was conducted using the keywords heart failure, telemonitoring,
remote patient monitoring, telehealth, telemedicine, telemedical
center, hospitalization, admission, and mortality. The inclusion
criteria for clinical trials of CHF management were (1) reports
written in English, (2) patients aged 18 years or older, and (3)
the incidence of hospitalization or mortality was reported. A
study was included if the data relevant to the model inputs were
available. Case studies were excluded. Preferred studies were
meta-analyses or randomized controlled trials. If multiple
sources were found for a model input, the weighted average
was used as the base case value and the high or low values
formed as the range for sensitivity analysis.
The distribution of the hypothetical cohort of recently discharged
patients with CHF among NYHA classes (upon entry to the
present model) was estimated from the findings of the TIM-HF2
trial that the percentages of NYHA classes I, II, III, and IV in
1538 patients with CHF were 0.7%, 51.8%, 47.2%, and 0.3%,
respectively [5]. The CHF-related hospitalization rate of patients
with NYHA class I and the hazard ratios of hospitalization for
patients with NYHA classes II, III, and IV (vs NYHA class I)
were reported by the DIG trial, which demonstrated higher
NYHA classification to be associated with increased risk of
hospitalization. The hazard ratios of hospitalization for patients
with NYHA classes II, III, and IV were 1.16 (95% CI 0.76-1.77;
P=.50), 2.27 (95% CI 1.45-3.56; P<.001), and 3.71 (95% CI
1.25-11.02; P=.02), respectively [8]. The 3-year hospitalization
rate of NYHA class I patients was 14.3% [8], and it was
converted into a 6-month probability of 2.36% by the equation
[11] p=1−e−rt (p=probability, r=event rate, and t=cycle length).
In the present model, the probabilities of hospitalization for
patients with NYHA classes II, III, and IV were estimated by
https://mhealth.jmir.org/2020/7/e17846
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multiplying the probability of hospitalization for NYHA class
I with the corresponding hazard ratios of hospitalization. A
retrospective outcome study, including 2176 patients with heart
failure, reported the hazard ratio of readmission for patients
with prior admission to be 1.25 (95% CI 1.05-1.48; P=.01) [12].
We, therefore, estimated the readmission rate of patients in each
NYHA class using the hazard ratio of readmission for patients
with prior hospitalization and corresponding hospitalization
rate of each NYHA class.
A network meta-analysis on telemonitoring interventions for
heart failure patients included 13 randomized clinical trials with
total 10,913 patients [10]. The telemonitoring with transmission
of physiologic measurements (weight, blood pressure, and heart
rate) was found to reduce CHF-related hospitalization (odds
ratio 0.64, 95% CI 0.39-0.95) when compared with usual care
alone, and these findings were adopted as the model input for
the odds of hospitalization during telemonitoring-guided
management versus usual care alone.
The 6-month probabilities of mortality in patients with CHF
receiving usual care (0.65%, 3.56%, 11.68%, and 11.68% for
NYHA classes I, II, III, and IV, respectively) were estimated
by the yearly all-cause mortality rate of each NYHA class,
retrieved from the outcomes of the control group in a clinical
trial of 2737 patients with heart failure with 4783 patient-years
of follow-up [13,14]. The probabilities of all-cause mortality
in the telemonitoring groups were approximated by the
probabilities of mortality in the usual care group and hazard
ratio of mortality with telemonitoring versus usual care (0.70;
95% CI 0.50-0.96; P=.03, reported by the TIM-HF2 trial) [5].
Adherence rate (81%) for the telemonitoring-guided CHF
management was estimated from the findings of the Telemedical
Interventional Monitoring in Heart Failure trial [15]. In this
trial, 81% of the study patients (n=354) in the telemonitoring
arm achieved at least 70% of daily data transfer. In this model,
we therefore adopted 70% as the lower threshold of daily data
transfer for telemonitoring, and adherence rate of 81%
(achieving lower threshold of daily data transfer) was used as
the base case value. The hospitalization and mortality rates in
the usual care group were applied to patients in the
telemonitoring groups who did not achieve the lower threshold
of data transfer.
The annual transition probabilities between NYHA classes were
also retrieved from a prior clinical trial on patients with heart
failure [13,14] and were converted to 6-month probabilities by
the eigen decomposition approach using MATLAB
(MathWorks) [16]. A previous cost-effectiveness analysis of
patients with systolic heart failure assumed the same transition
probabilities from NYHA class IV to classes I to III as of NYHA
class III to three other classes, and the present model had
adopted similar assumption [14]. Transition between NYHA
classes was assumed to be the same for the telemonitoring and
usual care groups in this study because of paucity of evidence
to indicate influence of telemonitoring-guided management (if
any) on the changes of NYHA classes.

Utility Inputs
The QALY gain expected by each subject in the model was
estimated from subject-time spent in various health statuses and
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17846 | p.1108
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the corresponding utility values. The utility inputs are shown
in Multimedia Appendix 1. The base case utility and the
decrement utility of CHF-related admission were retrieved from
the findings of the standard care group in a randomized
controlled trial, including 6505 patients with prior
hospitalization for heart failure within 12 months [17]. The
duration of hospitalization was approximated from the average
total days per discharge in the diagnosis-related groups (DRGs)
of heart failure reported by the Centers for Medicare and
Medicaid Services [18]. The expected lifelong QALYs were
discounted to the year 2019 with an annual rate of 3%.

Cost Inputs
The health economic analysis was performed from the
perspective of US health care providers, and the cost inputs
were retrieved from the literature review and public data. The
CHF inpatient cost was retrieved from the 2016 DRGs data
[18]. The costs of hospitalization for NYHA classes I, II, and
III to IV (including death occurred during hospitalization) were
approximated by the charges per discharge for heart failure
without complication, with complication, and with major
complication, respectively. The monthly outpatient costs in
different NYHA classes were estimated from findings of a
resource utilization study of 117,870 patients with CHF in 2010
and the relative difference in inpatient costs between NYHA
classes [18,19]. The monthly telemonitoring cost per patient
was estimated by the total annual expense on home telehealth
and the number of patients served reported by the Department
of Veterans Affairs in 2018 [20,21]. The utilization of
telemonitoring-guided management in patients who were
nonadherence or died during telemonitoring treatment were
both assumed to be 3 months (and examined over a range of
1-6 months in sensitivity analysis) for cost estimation. All cost
inputs and the expected lifelong cost were discounted to the
year 2019 with an annual rate of 3%.

Cost-Effectiveness Analysis
Expected direct medical cost and QALYs gain were calculated
for each strategy. The cost per QALY saved by each strategy
versus universal usual care (the common baseline) was reported.
A strategy was dominated by the comparator when it gained
fewer QALYs at higher cost, and the dominated strategy was
eliminated from further cost-effectiveness analysis. If a strategy
gained additional QALYs at higher cost than the comparator,
the incremental cost per QALY saved (ICER) of the more
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effective strategy was calculated using the following equation:
△cost/△QALYs. The willingness-to-pay (WTP) threshold of
US $50,000 per QALY was adopted in this analysis [22]. The
study group gained the highest QALYs with ICER less than
US$ 50,000 per QALY. This was considered as the preferred
cost-effective option.

Sensitivity Analysis
Sensitivity analysis was conducted to examine the robustness
of the model results. One-way sensitivity analysis was conducted
over the range specified in Multimedia Appendix 1. To evaluate
the impact of all variables simultaneously, probabilistic
sensitivity analysis was performed with 10,000 Monte Carlo
simulations by randomly drawing each of the model inputs from
the specific probability distribution indicated in Multimedia
Appendix 1. The probability of each study arm to be accepted
as the preferred option was determined over a wide range of
WTP from US $0 to US $100,000 per QALY in the acceptability
curve.

Results
Base Case Analysis
Base case results are shown in Table 1. All telemonitoring
groups incurred higher QALYs at higher costs when compared
with the universal usual care group. The universal telemonitoring
group gained the highest QALYs (6.2967 QALYs), followed
by the telemonitoring for class II to IV group (6.2960 QALYs),
the telemonitoring for class III to IV group (6.2450 QALYs),
and the universal usual care group (6.1530 QALYs).
When compared with universal usual care (the common
baseline), the cost per QALY saved by each telemonitoring
group ranged between US $35,393 and US $36,720 per QALY
and was lower than the WTP threshold (US $50,000 per QALY).
Comparing with the next less costly option (in an ascending
order), the ICERs of the telemonitoring for class III to IV group
(US $35,393 per QALY) and the telemonitoring for class II to
IV group (US $38,261 per QALY) were lower than the WTP
threshold, and the ICER of the universal telemonitoring group
(US $100,458 per QALY) exceeded the WTP threshold. The
telemonitoring for class II to IV group gained the highest
QALYs with ICER less than the WTP threshold and was
therefore the preferred cost-effective option.
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Table 1. Base case results.
Treatment option

QALYsc Incremental
QALYsa

Incremental

cost (US $)b

QALYsb

ICERd (US $ Cost per QALY saved
per QALY) (US $ per QALY)b

Incremental

238,146

N/Ae

N/A

6.1530

N/A

N/A

N/A

N/A

TMf for class III to IV 241,401

3256

3256

6.2450

0.0920

0.0920

35,393

35,393

TM for class II to IV

243,354

1953

5209

6.2960

0.0510

0.1430

38,261

36,416

Universal TM

243,423

68

5277

6.2967

0.0007

0.1437

100,458

36,720

Universal usual care

a

Direct medical Incremental
cost (US $)
cost (US $)a

ICER=(Total costTM−Total costnext less costly option)/(QALY savedTM−QALY savednext less costly option).

b

Cost per QALY saved=(Total costTM−Total costuniversal UC)/(QALY savedTM−QALY saved universal UC).

c

QALYs: quality-adjusted life years.

d

ICER: incremental cost-effectiveness ratio.

e

N/A: not applicable.

f

TM: telemonitoring.

Sensitivity Analysis
One-Way Sensitivity Analysis
The ICER of each telemonitoring strategy, compared with
universal usual care, was examined by one-way sensitivity
analysis. No threshold value was identified in the one-way
sensitivity analysis. Five critical parameters with impact on the
ICER of each telemonitoring strategy by 10% or greater were
identified (Figure 2). Two of the critical parameters were clinical
inputs: odds ratio of hospitalization for telemonitoring versus
usual care and hazard ratio of all-cause mortality for
telemonitoring versus usual care. The remaining three critical
parameters were cost inputs: CHF hospitalization cost and
monthly outpatient costs for NYHA class I and CHF
hospitalization cost for NYHA class II.
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To further explore the impact of adherence of
telemonitoring-guided management and monthly telemonitoring
cost, extended one-way sensitivity analyses were conducted
over the lower limits of these variables (Multimedia Appendix
2). When the adherence to achieve lower threshold of data
transfer was 20.9% to 30.8%, the telemonitoring for class III
to IV group became the preferred option. Universal usual care
was the preferred option if the patient adherence declined to
less than 20.9%. When monthly telemonitoring cost reduced
from US $193 (base case value) to less than US $87.5, universal
telemonitoring would become the preferred strategy. The
findings of the extended one-way sensitivity analysis are shown
in Multimedia Appendix 2.
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Figure 2. Tornado diagrams: (A) TM for class III to IV versus universal UC, (B) TM for class II to IV versus universal UC, (C) universal TM versus
universal UC. HR: hazard ratio; ICER: incremental cost-effectiveness ratio; NYHA: New York Heart Association; OR: odds ratio; TM: telemonitoring;
UC: usual care; WTP: willingness-to-pay.

Probabilistic Sensitivity Analysis
The probabilistic sensitivity analysis was performed by the
10,000 Monte Carlo simulations (Figure 3). Compared with the
universal usual care group, the telemonitoring for class II to IV
group gained a mean QALY of 0.1343 (95% CI 0.1334-0.1352;
P<.001) with an additional mean cost of US $5062 (95% CI
US $5031-US $5092; P<.001). Of the 10,000 simulations, the
https://mhealth.jmir.org/2020/7/e17846
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ICERs of the telemonitoring for class II to IV group were below
the WTP threshold in 95.91% of time. Compared with the
telemonitoring for class III to IV group, the telemonitoring for
class II to IV group was more costly by US $2045 (95% CI US
$2032-US $2058; P<.001) and gained 0.0490 QALYs (95% CI
0.0486-0.0494; P<.001). The telemonitoring for class II to IV
group had ICERs (for additional QALYs gain) below WTP in
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17846 | p.1111
(page number not for citation purposes)
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79.86% of the simulations. Compared with the telemonitoring
for NYHA class II to IV group, the universal telemonitoring
group was costlier by US $68 (95% CI US $68-US $69; P<.001)
and gained 0.00064 QALYs (95% CI 0.00063-0.00065; P<.001).

Jiang et al
The ICERs of the universal telemonitoring group (vs
telemonitoring for class II-IV group) were below the WTP in
3.30% of time.

Figure 3. Scatter plots: (A) TM for class II to IV versus universal UC, (B) TM for class II to IV versus TM for class III to IV, (C) universal TM versus
TM for class II to IV, (D) universal TM versus universal UC. QALY: quality-adjusted life year; TM: telemonitoring; UC: usual care; WTP:
willingness-to-pay.

As the ICER of universal telemonitoring versus the universal
usual care group (US $36,720 per QALY) was below the WTP
threshold in the base case analysis, a probabilistic sensitivity
analysis was further conducted. The universal telemonitoring
group incurred higher cost of US $5130 (95% CI 5099-5161;
P<.001) and gained 0.1349 QALYs (95% CI 0.1340-0.1358;
P<.001). The ICERs (for additional QALYs gained) of the
universal telemonitoring group were below the WTP threshold
in 95.52% of 10,000 simulations.
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The probability of each study group to be accepted as
cost-effective was examined in the acceptability curves over a
wide range of WTP (US $0-US $100,000 per QALY; Figure
4). At WTP of US $50,000 per QALY, the probabilities of the
universal telemonitoring, telemonitoring for class II to IV,
telemonitoring for class III to IV, and universal usual care
groups to be accepted as the preferred option were 2.76%,
76.31%, 18.6%, and 2.33%, respectively.
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Figure 4. Cost-effectiveness acceptability curve for each strategy to be preferred option against the willingness-to-pay threshold. QALY: quality-adjusted
life year; TM: telemonitoring; UC: usual care; WTP: willingness-to-pay.

Discussion
Principal Findings
The present model examined the potential clinical and economic
outcomes of providing telemonitoring-guided CHF management
with usual outpatient care to postdischarge patients with
different NYHA classifications. Our findings showed that all
telemonitoring plus usual care strategies versus usual care alone
were cost-effective using US $50,000 per QALY as the WTP
threshold from the perspective of US health care providers.
Further comparison between telemonitoring groups showed that
universal telemonitoring was more effective than telemonitoring
for NYHA class II to IV in QALY gain, yet the ICER (US
$100,458 per QALY) exceeded the WTP threshold.
Telemonitoring for NYHA class II to IV was the most effective
strategy with a WTP-acceptable ICER in the base case analysis.
The robustness of base case findings was supported by the
one-way analysis that no influential factor with threshold value
was identified. The probabilistic sensitivity analysis further
demonstrated that the strategy of providing telemonitoring for
NYHA class II to IV had the highest probabilities to be accepted
as cost-effective at the WTP threshold of US $40,830 to US
$100,000 per QALY, as indicated by the acceptability curves.

Limitations
This study was limited by the uncertainties on data availability
and model assumptions. Rigorous sensitivity analyses were
therefore performed to examine the impact of model input
uncertainties on the robustness of the model results. The US
health care costs were used as model inputs, potentially limiting
the findings’ generalizability in health care systems of other
countries. To enhance the transferability of the decision model
to other countries, acquisition of country- and region-specific
health care cost as model inputs is necessary. Indirect cost (eg,
https://mhealth.jmir.org/2020/7/e17846
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cost of caregivers and loss of productivity) was not included
and might, therefore, underestimate the health economic impact
of telemonitoring. A cost-effectiveness analysis from the
perspective of society to include both direct and indirect costs
on telemonitoring-guided management in patients discharged
for CHF is highly warranted.

Comparison With Prior Work
This study was the first cost-effectiveness analysis that examined
the cost and QALY gained by telemonitoring-guided
management for patients with CHF from the perspective of US
health care providers. Previously, a cost-consequence analysis
conducted from the perspective of US public payers over a
20-year time horizon found the telehealth program for CHF
management to be likely to save cost (from US $3422 to US
$4456) and gain 0.46 to 0.50 life-years for high-risk (including
prior hospitalization) patients [23]. The findings of this prior
analysis supported our results that telemonitoring-guided
management was effective in saving life-years and QALYs.
The incremental cost incurred to telemonitoring groups in this
analysis was attributed to the higher current (year 2019) costs
of CHF care in both inpatient and outpatient settings, whereas
the cost saving reported in the prior US analysis was generated
by lower CHF inpatient and outpatient costs (originated in the
year 2010 and earlier). A cost-effectiveness analysis on
telemonitoring, usual care, and nurse telephone support for CHF
patients was performed from the perspective of a third-party
payer of the Netherlands [24]. A Markov model was used to
examine the disease progression over four classes of NYHA
classifications (I-IV) and death in the time horizon of 20 years.
The analysis reported that the telemonitoring group gained
higher QALYs at an additional cost than the usual care group.
Our findings were consistent with the Netherlands study, and
we further examined the impact of two factors, which were less
transferable from region to region: patient adherence to
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telemonitoring and monthly telemonitoring cost on the
cost-effective acceptance of telemonitoring-guided management
in various levels of CHF severity.

collection of local adherence data is therefore critical to inform
the decision-making process of the health care providers on the
implementation of telemonitoring-guided service.

In the Telemonitoring to Improve Heart Failure Outcomes and
Better Effectiveness After Transition–Heart Failure studies, the
adherence to telemonitoring decreased by nearly half within the
first 30 days [25,26]. A threshold of 20% to 30% of patients to
adhere to 70% of data transfer was identified in the present
model. For a health care system in which patients’ adherence
to 70% or greater daily data transfer for telemonitoring is less
than 20%, the telemonitoring-guided service might not be
acceptable as a cost-effective option for all patients with CHF.
If the adherence ranged between 20.9% and 30.8%,
telemonitoring-guided management for the patients with more
severe CHF (NYHA class III-IV) was likely to be cost-effective.
If the adherence was higher than 30.8%, telemonitoring-guided
management would likely be the preferred cost-effective option
for patients in NYHA class II and above. The adherence of
patients varies among different health care settings, and the

With the advancement of digital technology, the costs of devices
and the computational techniques applied in the
telemonitoring-guided management are anticipated to decrease
over time. If the cost of telemonitoring-guided interventions is
decreased to US $87.5 per patient per month or less (as indicated
by the extended sensitivity analysis), the universal
telemonitoring-guided management would be acceptable as the
preferred option for all patients with CHF from the perspective
of health service providers.

Conclusions
In conclusion, universal usual outpatient care for all discharged
patients with CHF plus telemonitoring-guided management for
those with NYHA class II to IV appears to be the preferred
cost-effective strategy from the perspective of US health care
providers.
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Abstract
Background: Research suggests that variability in attention and working memory scores, as seen across time points, may be a
sensitive indicator of impairment compared with a singular score at one point in time. Given that fluctuation in cognitive
performance is a meaningful metric of real-world function and trajectory, it is valuable to understand the internal state-based and
environmental factors that could be driving these fluctuations in performance.
Objective: In this viewpoint, we argue for the use of repeated mobile assessment as a way to better understand how context
shapes moment-to-moment cognitive performance. To elucidate potential factors that give rise to intraindividual variability, we
highlight existing literature that has linked both internal and external modifying variables to a number of cognitive domains. We
identify ways in which these variables could be measured using mobile assessment to capture them in ecologically meaningful
settings (ie, in daily life). Finally, we describe a number of studies that have already begun to use mobile assessment to measure
changes in real time cognitive performance in people’s daily environments and the ways in which this burgeoning methodology
may continue to advance the field.
Methods: This paper describes selected literature on contextual factors that examined how experimentally induced or self-reported
contextual variables (ie, affect, motivation, time of day, environmental noise, physical activity, and social activity) related to tests
of cognitive performance. We also selected papers that used mobile assessment of cognition; these papers were chosen for their
use of high-frequency time-series measurement of cognition using a mobile device.
Results: Upon review of the relevant literature, it is evident that contextual factors have the potential to meaningfully impact
cognitive performance when measured in laboratory and daily life environments. Although this research has shed light on the
question of what gives rise to real-life variability in cognitive function (eg, affect and activity), many of the studies were limited
by traditional methods of data collection (eg, involving retrospective recall). Furthermore, cognition has often been measured in
one domain or in one age group, which does not allow us to extrapolate results to other cognitive domains and across the life
span. On the basis of the literature reviewed, mobile assessment of cognition shows high levels of feasibility and validity and
could be a useful method for capturing individual cognitive variability in real-world contexts via passive and active measures.
Conclusions: We propose that, through the use of mobile assessment, there is an opportunity to combine multiple sources of
contextual and cognitive data. These data have the potential to provide individualized digital signatures that could improve
diagnostic precision and lead to meaningful clinical outcomes in a wide range of psychiatric and neurological disorders.
(JMIR Mhealth Uhealth 2020;8(7):e14328) doi:10.2196/14328
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smartphone; mobile phone; neuropsychology; individualized medicine
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Introduction
Background
Thinking occurs dynamically. From day to day and moment to
moment, our ability to hold information in mind or regulate
attention is constantly in a state of flux. The sources of these
fluctuations are varied—whether coming in the wake of
mid-afternoon sleepiness, an anxiety-provoking presentation,
or the confusion of navigating a crowded store, cognitive
performance is influenced by the contexts in which a person
operates. Despite this inherent variability, researchers and
clinicians often assume that cognitive performance reflects
internal processes that are constant and stable. This assumption
leads to the characterizations of cognitive performance as static,
treating the mean of an individual’s or group’s cognitive
performance as the output of internal processes and dismissing
variance in performance as noise. Research has found that these
within-person changes in performance, commonly referred to
as intraindividual cognitive variability [1,2], can serve as highly
sensitive markers of cognitive dysfunction [3], such as in
attention deficit hyperactivity disorder [4] and cognitive decline
[5] or dementia [6,7]. Intraindividual variability has been used
to describe change or dispersion across domains of function
(eg, memory vs attention) [8], variability or inconsistency in
response within a single measurement time point [9], or across
a number of time points of varying scales (eg,
moment-to-moment fluctuations) [10]. In this paper, we seek
to identify the factors that give rise to changes in attention and
working memory (given these domains’ susceptibility to
fluctuation) [11] within individuals, across time (eg, 1-2 weeks)
and contexts (eg, physical environment and emotional state).
To effectively measure how contexts shape attention and
working memory, dense sampling of cognitive performance
across time and in various settings is essential. Measuring
performance across a series of time points in traditional
laboratory or clinic settings is arduous and expensive and
represents a limited and unnatural context for cognitive function.
Instead, by using an experience sampling method (ESM) or
ecological momentary assessment (EMA) of frequent testing
over the course of days or weeks [12], high-resolution
measurements can be obtained, which give rise to a rich picture
of the dynamics and patterns of an individual’s cognitive
functioning within a period of time [13]. Until recently, methods
of studying frequency and patterns of behavior in daily life
relied on pen-and-paper responses or frequent calls to
participants that were burdensome and intrusive. However, the
increasing ubiquity of mobile devices (eg, smartphones and
tablets) allows for the feasible acquisition of high-frequency
data [14,15], which can be collected in vivo, without the
limitations of retrospective reporting. Mobile assessment data,
in turn, produce a digital phenotype [16] (ie, a reflection of a
person’s moment-to-moment cognitive and behavioral function
in the context of everyday life). The goal of digital phenotyping
aligns with the advancement of precision medicine, where
personalized models predict function based on relevant internal
and environmental variables. The use of this method has become
increasingly common in the fields of clinical psychology and
psychiatry to understand the temporal patterns of symptoms
https://mhealth.jmir.org/2020/7/e14328
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[17,18] and how contextual factors, such as a person’s physical
and social environment, influence important clinical features,
such as mood dysregulation [19]. However, digital phenotyping
is just beginning to be validated within the field of
neuropsychology as digital cognitive assessments are being
developed and implemented [15,20,21].

Objective
On the basis of the research available to date, we propose that
significant strides could be made in predicting meaningful health
outcomes by assessing the everyday factors that influence
cognition via smartphones or other mobile technologies. In this
viewpoint, we begin by describing the importance of measuring
intraindividual cognitive variability, focusing on the domains
of attention and working memory. To better understand the
factors that give rise to this variability, we explore how internal
state-based variables (eg, affect and motivation) and external
contextual variables (eg, time of day, surrounding noise, and
activity) affect cognitive performance. Finally, we propose using
mobile assessment as a means of integrating ambulatory
cognitive assessment tasks with contextual and environmental
data to produce digital phenotypes that could aid in diagnostic
precision.

Intraindividual Variability in Cognition
Intraindividual variability can be observed at multiple time
scales [1], and yet, the majority of literature has focused on
trial-to-trial response variability within a single time point
[11,22-25]. However, there is some evidence to suggest that
intraindividual variability within and across days is positively
correlated, signaling potentially similar processes, although the
extent of this generalization is unclear [26]. Broadly defined,
variability in attention and inhibition of behavioral response is
thought to be supported by the prefrontal cortex, which serves
to differentially activate the strength of specific networks
depending on factors of context, state, and task demands [23].
One study found the regulation of task performance and adaptive
modulation of attention to be localized to the right dorsolateral
frontal regions that exert top-down attentional control [22].
Cognitive variability (ie, performance across course of a day)
in attention and memory is known to increase in late adulthood
[9,27]. Although the function and mechanisms of this increase
are not fully understood [11], it seems to occur in both normal
aging and varying disease processes [28], resulting in decreased
frontal-executive function [29] and an observed decrease in
dopamine response within extrastriatal regions [30]. Given that
a non-negligible amount of response variability can occur from
one time point to another [26], this may limit the generalizability
of scores created from aggregate measures that are interpreted
to reflect global functioning across many time points [31].
Instead of dismissing the error or noise in these estimates, it is
valuable to understand contributors that give rise to the
variability seen within one’s performance, specifically how
internal state-based and environmental factors shape one’s
cognitive performance from moment to moment.

Modifying Factors of Moment-to-Moment Cognition
Traditional approaches to measuring cognition seek to remove
noise, which might impact an individual’s performance, such
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as time of day and distractors in the physical environment.
However, in the context of daily life, these factors likely exert
meaningful influence on one’s overall function. With the
emergence of mobile technology, we now have the opportunity
to measure these factors in real time and quantify their influence
on cognitive function. As there are only few prior studies that
measure the influence of contextual factors on repeat cognitive
performance [32-36], whether these factors produce reliable
and meaningful patterns of variability remains equivocal. If
consistent patterns of within-person variability at either the
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nomothetic or idiographic level are evident, this could signal
opportunities for uniquely tailored real-time intervention points.
The potential modifiers of cognitive performance that we will
focus on in the following section include internal state-based
factors (eg, affect and motivation) and external contextually
based factors (eg, time of day, surrounding noise, and recent
activity level; Table 1). In addition, we will discuss how each
of these modifiers could be more optimally measured in relation
to cognitive performance using mobile assessment.
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Table 1. Internal and external modifiers of cognitive performance.
Reference

Modifier

Sample

Test location and task
domain

Jefferies et al [37]

Mood

100 younger adults

In laboratory; visual atten- 1 day
tion

Low arousal with negative affect associated with best performance

Ellis et al [38]

Mood

160 younger adults

In laboratory; semantic
recall

1 day

Depressed mood reduced semantic processing, interaction between depressed
mood and task difficulty

Brose et al [39]

Mood and motiva- 101 younger adults
tion

In laboratory; working
memory

100
days

Negative affect and low task motivation
reduced working memory performance

Brose et al [40]

Mood and motiva- 101 younger adults
tion

In laboratory; working
memory

100
days

Positive affect and high task motivation
improved working memory performance

Sliwinski et al [41]

Mood

184 younger and older In laboratory; working
adults
memory

1-2
weeks

Higher stress ratings associated with
slower response time on working memory tasks, greater effect in older adults

Salthouse and Berish [36]

Mood

420 adults

Palm-pilot; reaction time 7 days

No relation between mood and reaction
time scores

Krawczyk [42]

Motivation

16 younger adults

In scanner; working
memory

1 day

Modulation of reward potential correlates with response time and functional
magnetic resonance imaging blood oxygen level–dependent response

Yeo and Neal [43]

Motivation

99 younger adults

In laboratory; executive
function

1 day

Motivation had the strongest influence
on multistep task performance once task
was learned and familiar

van der Heijden et al [44]

Time of day

2167 children

In laboratory; sustained
attention

1 day

Performance on sustained attention
slower but more accurate in the morning

Manly et al [45]

Time of day

10 younger adults

At home; sustained atten- 4 days
tion

Positive correlation between errors and
sleepiness rating

West et al [46]

Time of day

40 younger and older
adults

In laboratory; computer
task

4 days

Younger adults performed best on
working memory tasks in the evening,
older adults performed best in the morning

Lange [47]

Noise

34 younger adults

In laboratory; working
memory

1 day

Noise disrupted verbal but not visuospatial working memory performance

Bell and Buchner [48]

Noise

182 younger and 193
older adults

In laboratory; working
memory

1 day

Same level of impairment on visual
working memory from noise versus silence in younger and older adults

Ljungberg and Neely [49]

Noise

24 adults

In laboratory; reasoning
and working memory

1 day

No significant effect of noise on performance, but higher levels of subjective
task difficulty and stress ratings

Sibley and Beilock [48]

Activity

48 younger adults

In laboratory; working
memory

2 days

Cardiovascular exercise significantly
improves working memory

Whitbourne et al [50]

Activity

59 younger adults

Daily diary; subjective
complaints

8 days

Older adults report fewer memory failures on days with exercise

Phillips et al [51]

Activity

51 older adults

In laboratory; reasoning
and processing speed
tasks

5 days

Physical activity accounted for significant within-person variance in cognition,
especially processing speed

Allard et al [32]

Activity

60 older adults

Personal digital assistant; 7 days
semantic memory task

Intellectually stimulating activities improved semantic memory performance
measured later on the same-day

Bielak et al [35]

Activity

146 older adults

Web-based; processing
speed, memory, and reasoning

Faster memory and processing speed on
days with individual or small group social activities
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Internal State-Driven Modifiers of Cognitive
Performance
In this section, we will cover how a handful of previous studies
have measured individuals’ state affect, either through
self-report or experimental manipulation, and how it relates to
cognitive performance on specific tasks of attention, working
memory, and recall. We then examine how momentary
motivation, measured either from self-report or via reward
manipulations, influences how well people perform on tasks of
decision making and working memory. The studies described
in this section are listed in Table 1.

Affect
The valence (ie, positive or negative) of one’s momentary affect
has been shown to impact cognitive performance in the domains
of attention, working memory, and recall. Seminal work by
Ellis et al [38] demonstrated that when negative affect was
induced in healthy undergraduates, using self-referential
negative statements, word recall was reduced compared with
those in a neutral affect condition, particularly in challenging
trials. The authors proposed that in states where strong affect
is present, attention is diverted and fewer cognitive resources
are allocated for the task at hand; the effects of this become
most apparent on difficult tasks that require greater cognitive
resources [38]. A separate study of cognition and affect found
that visual attention (target detection) varied in relation to the
combination of level of arousal and affect valence in a sample
of healthy adults. The primary finding was that low
arousal-negative affect (eg, sadness) was associated with greater
accuracy on second but not the first target detection, indicating
that sadness enhanced attention prioritization but not overall
improvement of attention [37]; this could be because affect
serves to shape the strength of attentional control or allocation
[22].
In a study in which self-reported affect and working memory
were assessed daily over a period of 6 months, Brose et al [39]
found poorer working memory performance on days with greater
negative affect. Conversely, on days when positive affect was
higher, working memory performance was improved, which
also related to higher task-related motivation [40]. In line with
these findings, Sliwinski et al [41] identified a within-person
association between higher daily stress ratings and slowed
response time on a working memory task; this effect was
particularly pronounced in older adults. However, one of the
first studies to use repeat cognitive assessment of attention with
a reaction time task using palm pilots (prompted 100 times over
7 days) found no association between momentary affect ratings
and reaction times [36].
Taken together, there is evidence from the existing literature
that suggests negative affect may reduce working memory and
semantic recall abilities, at least in controlled settings. However,
considerable heterogeneity in the main effects and interaction
effects suggests that there is still much to be learned about the
role of affect in cognitive performance, particularly when
examined outside of the laboratory context and in clinical
populations where affect dysregulation may be a primary
symptom. In this new digital era, the consistency with which
people carry smartphones could be useful in allowing for quick,
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momentary probes about an individual’s current affect as it
changes in daily life. Such assessments of affect could then be
paired with smartphone cognitive assessments of different types
(eg, attention, working memory, and recall) to provide a more
detailed picture of how people’s affect varies with task
performance.

Motivation
Motivation is thought to drive the allocation of effort, which in
turn affects cognitive performance [52]. Measuring the influence
of motivation has long been a core feature of clinical
neuropsychological assessments with the inclusion of measures
designed to assess effort and engagement as checks for validity
in testing [53]. However, although these standard measures of
effort capture motivation in a given moment in a laboratory or
clinic setting, in daily life, motivation varies and depends on
factors such as affect, the given rewards or costs of a task, and
practice. Ellis et al [38] theorized that strong affect decreased
performance by diverting attentional resources to the affective
experience versus the task at hand. Adding nuance to this
explanation, Pessoa [54] proposed a dual-competition framework
of affect, motivation, and executive control. In this framework,
both affect and motivation are hypothesized to enhance or impair
executive control depending on whether the emotion or locus
of reward is aligned or divergent from the task objective. This
conceptual model was exemplified through a study by another
group and showed how the modulation of reward potential (ie,
money) on each trial was positively correlated with both
behavioral response time and blood oxygen level–dependent
response (ie, functional magnetic resonance imaging–measured
neural activation), with the hypothesized mechanism being
increased motivation to perform at one’s best when there is a
relatively high payout [42]. Another factor underlying
motivation’s influence on cognitive performance is practice or
task familiarity [43]. When accuracy was measured across 30
trials of a complex multistep judgment task, a person’s
self-reported motivation had a greater positive effect on
performance in later trials. In other words, when a task is well
learned, differences in motivation level have more of an effect
on accuracy, compared with when a task is unfamiliar [43]. One
study examining self-reported motivation and cognitive
performance serially over 100 days found that higher daily
motivation ratings were positively correlated with higher scores
on verbal and spatial working memory tasks [40].
Although daily retrospective self-reports of motivation have
been assessed in relation to working memory [39,40], what
remains unknown is the extent to which naturally occurring
fluctuations in state-based motivation throughout a given day
might influence performance on tasks of working memory or
other cognitive domains (eg, processing speed and recall). Using
smartphone assessment, one could probe for real-time
self-reported motivation before or after a test of cognitive
function. Alternatively, tests could include passive or built-in
measures of effort that determine the level of engagement in a
given task. Simultaneously, sensing metrics, such as time of
day and GPS location, could be used to determine the contextual
factors that correlate with task engagement. Finally, motivation
and cognition could be better studied in tandem via smartphone
assessment through the gamification of cognitive tasks that are
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e14328 | p.1121
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modeled after smartphone games that participants may have
prior familiarity with. In contrast to traditional tests of cognition
that provide no immediate reward for the patient or participant,
smartphone tasks can easily incorporate point systems,
potentially tied to monetary or other rewards, which could allow
for observational or experimentally induced modulation of task
engagement.

External Contextual Modifiers of Cognitive
Performance
In this section, we have selected studies that measure the
influence that factors, outside of the person, have on cognitive
performance in various domains, including attention, working
memory, executive function, and memory. We will describe
studies that seek to understand the impact of a person’s
environment, specifically the time of day (morning, afternoon,
and evening), the quality and amplitude of environmental noise,
and the impact of recent social and physical activity on
individuals’ task performance. The studies included in this
section are also listed in Table 1.

Time of Day
Internal circadian rhythms, driven by the time of day, have been
shown to impact cognitive performance. One study of healthy
participants aged 10-12 years found that time of day impacted
performance on challenging trials of visual working memory
and processing speed tasks [44]. Another study measured
working memory in the morning and at night across multiple
days, in both younger and older adults. Rather than time of day,
working memory performance varied with self-reported
alertness, which was higher for younger adults in the evening
and older adults in the morning [46]. Similarly, a study of young
adults found that errors on a task of sustained attention increased
with self-reported sleepiness [45]. A review of circadian rhythms
and cognitive performance suggested that time of day had a
significant effect on a wide range of cognitive tasks, including
those of attention, executive functioning, and memory. Notably,
performance fluctuation was linked to individual differences in
peak circadian arousal [55]. In summary, this literature suggests
there is a relation between cognitive function and time of day;
however, this relationship seems to rely mostly on time of day’s
connection to intraindividual alertness. Mobile assessment can
be particularly useful in relating the time of day to cognition
using time stamps captured with assessments that can be
scheduled at specific times or in random intervals throughout
the course of a day. Furthermore, subjective alertness could be
captured through momentary reports of wakefulness at the time
of the cognitive assessment. Eventually, passive measurement
of alertness may be collected using touch screen latencies when
typing or through smartwatch sensors that measure heart rate
and other biometrics.

Surrounding Noise
Distractions are inherent in a noisy or chaotic environment and
intuitively impact cognitive performance. In the literature on
auditory distractions, the primary area of study has been in the
domain of working memory, where a series of findings suggests
that the irregularity of sound is most impairing to cognitive
performance, rather than the absolute volume of the noise in
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the environment [56]. Of all types of cognitive tasks, auditory
working memory tasks involving maintenance of a series or
order of information appear to be most affected by auditory
distraction [56]. Similar to the proposed mechanism for affect
and motivation, noise is thought to impair performance when
attention is pulled away from the task at hand and toward
task-irrelevant stimuli, particularly an irregular nonhabituated
stimulus [57]. One study demonstrated a particularly large
impact of sound on attentional abilities when the distractor and
task were similar (eg, auditory-verbal), as this requires more
resources for differentiation and suppression than when the task
is more unique from the distractor (eg, visuospatial) [47].
Another study found that although distracting ambient noise
did not affect objective performance on working memory and
reasoning tasks, the addition of environmental noise was related
to significantly higher subjective stress ratings and greater
perceived difficulty of a given task [49]. Although most studies
of noise and cognitive performance have used younger adults
in experiments, there has been some investigation into age as
a moderator of the influence of irrelevant noise on working
memory [48]. When recorded ambient office-noise was played
during a visual working memory task, there was a similar level
of impairment for both younger and older adults [48]. All the
studies above experimentally constructed a noise condition to
study its effect on cognitive performance, and yet, noise is a
product of unpredictable real-world environments that can be
challenging to replicate in laboratory settings. Here, mobile
assessment could allow for a real-time capture of ambient noise
via the use of a phone’s microphone or real-time self-reports of
the characteristics of a given environment. Moving forward,
sensing technology using advanced data analytics (eg, machine
learning algorithms for sound detection) could be helpful in
determining the type of audio in a given environment, for
example, whether the sounds are of a noisy subway train or a
conversation. These categories of sound could then be classified,
measured in duration, and linked to cognitive function outcomes,
providing individualized assessment results in the context of a
person’s unique set of daily environments.

Recent Physical and Social Activity
The frequency and recency of physical and social activities
appear to impact intraindividual variability in cognitive
performance. For example, in a study of healthy adults, those
with lower baseline working memory capacity performed
significantly better on working memory tasks when they
engaged in 30 min of cardiovascular exercise immediately
before the tasks [58]. Furthermore, in an 8-day daily diary study
in young, middle-aged, and older adults, older adults reported
fewer memory failures on the day of and day after physical
activity; there was no effect of physical activity in younger
adults [50]. In another study examining relationships between
physical activity and cognitive performance in older adults, no
significant correlation was found between same-day or
day-to-day average physical activity and cognition. However,
physical activity did explain significant variance in
within-person performance in certain cognitive domains, most
notably processing speed [51]. Furthermore, in mental illnesses
that largely affect cognition, such as schizophrenia, a recent
meta-analysis showed that aerobic exercise in these patients
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was associated with improved attention and working memory
[59]. Using smartphone assessment, physical activity can be
measured objectively and unobtrusively via an accelerometer.
This passive measurement could be enhanced with heart rate
detection in associated devices such as smartwatches. Recording
physical activity using mobile devices has the potential to add
precision to our understanding of how duration, intensity, and
recency of physical activity may influence subsequent cognitive
performance.
Few studies have looked at the impact of one’s recent
recreational or social activities on moment-to-moment cognitive
performance, and existing studies are generally specific to
samples of healthy older adults. In one study, 60 older adults
were prompted via personal digital assistant (PDA) 5 times per
day for 1 week to answer questions about their location and to
choose a category of their most recent activity. In addition, 2
out of these 5 daily assessments included a measure of semantic
reasoning, where an overall category was selected in relation
to a list of words. Results indicated that when participants
reported having recently engaged in intellectual activities (eg,
reading and crossword puzzles), scores on the semantic
reasoning task were significantly higher [32]. A 7-day study of
healthy older adults examined short-term associations between
a number of daily activities and performance on web-based tests
of processing speed, memory, and reasoning. Intellectual
activities were not significantly correlated with cognitive scores,
as seen in the study described above; instead, same-day
individual or small group social interaction was associated with
higher memory scores and response times. Of note, recent
physical activity in this study was not associated with better
cognitive performance [35]. These findings suggest a need to
further explore the mechanisms by which recent social
interaction improves cognitive performance and whether or not
this finding is limited to older adults or to other specific
individual differences.
Social activity could be measured through subjective reports of
recent or current activity from smartphone assessments
administered throughout the day. Furthermore, the identification
of activities could be enhanced and less burdensome through
GPS tagging of specific centers of activity such as school, work,
friends’ houses, or other locations where socialization takes
place (eg, church, gym, and restaurants). Finally, smartphone
assessments of cognition can be paired not only with
identification of recent activity but also with important
subjective ratings such as how important or enjoyable a person
found their most recent activity, as this may be even more
essential to cognitive performance than the activity type itself.

Limitations of Research on Modifiers of Cognitive
Performance
In summary, research to date suggests that both internal (eg,
affect and motivation) and external (eg, time of day, surrounding
noise, and recent activity) variables can impact cognitive
performance at any given moment. Although this research has
shed light on the question of what gives rise to real-life
variability in cognitive function, many of the abovementioned
studies were limited by traditional methods of data collection.
For example, testing cognition in a laboratory or clinical setting,
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across several time points, ignores the influence of one’s
real-world environment, activity levels, and social engagement.
Furthermore, performance was often measured in one cognitive
domain or in one age group, which does not allow us to
extrapolate results to other cognitive constructs and to people
across the life span. Finally, some studies relied on retrospective
reports of contextual factors or subjective cognition, which are
vulnerable to biases. To better understand the unique impact
that potential internal and external modifying factors can have
on intraindividual variability in cognition over time, we will
need to improve the quality and ecological validity of our
assessments, including gathering data at a higher temporal
frequency and in real time.

Studying Intraindividual Variability in Cognition via
Mobile Technology: Current Evidence
From the existing body of research, it is clear that internal and
external factors of one’s environment contribute to cognitive
performance. Furthermore, a number of the studies described
above suggest that individual differences play a role in
determining which, and to what extent, contextual factors affect
cognitive performance. Nonetheless, relatively few studies have
used repeated measurements across days or weeks to establish
temporal relationships between cognitive performance and
internal and external modifiers of cognition. Limited research
in this area is, at least in part, due to constraints accompanying
traditional laboratory or clinic-based research designs. By
employing repeated measurements via mobile assessment, there
is an opportunity to better understand how cognition and its
modifiers temporally covary in real-world environments.
Building off research using ESM and EMA [12,60], mobile
devices have been increasingly used in mental health assessment.
Smartphone and tablet apps have the capacity to capture a
person’s unique fingerprint of response in different domains,
ranging from establishing new behavioral habits to symptoms
of severe mental illness or progressive neurological disorders.
Mobile app–based assessments allow researchers and clinicians
to reach people who face barriers to participating in
laboratory-based studies or attending regular mental health care
appointments [61]. One of the greatest benefits to using mobile
devices, specifically smartphones, for ambulatory assessment
is capitalizing on their ubiquity: owners carry them on-person
most of the time and check them up to hundreds of times in a
given day [62].
The incorporation of smartphone-based sensors, such as
accelerometers, GPS, and microphones, is a new application of
digital assessment that specifically allows for passive
measurement of a person’s real-world context and environment.
For example, accelerometers capture a proxy for physical
activity, which can then be characterized into activity types
(sedentary, walking, and running) and correlated with metrics
of cognitive variability. By identifying the patterns within a
person’s location data from GPS, we can observe how people
interact with and traverse their environments through metrics
such as distance and visit frequency over time. By taking
advantage of a phone’s built-in microphone, there is a potential
to better understand the environmental context in which a person
is thinking and behaving from moment to moment.
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Mobile Assessment in Neuropsychology
In the field of neuropsychology, traditional pencil and paper
tests have only just begun to be translated to computerized
versions of these tests (Figure 1), and utilization rates for
computerized assessment remain below 10% [63]. A review of

Weizenbaum et al
studies comparing computerized neuropsychological tests with
their analog versions found reliability was similar if not
improved on computerized versions. However, normative data
for pencil and paper tests could not be used interchangeably
with the digital versions, given the smaller sample size for digital
tests and differences in the sample characteristics [21].

Figure 1. Digital equivalents of traditional neuropsychological tests. In the mindLAMP app, the traditional Trailmaking Test B is translated to the
smartphone screen (left). The task measures the accuracy and speed of finger taps between alternating numbers and letters. Spatial Span as an analog
task involves a physical board with cubes; on a smartphone, squares light up in a sequential order, followed by a blank grid where the participant taps
the same sequence of squares previously shown.

Beyond replicating existing tests, computerized versions of
neuropsychological tests have yet to capitalize on additional
passive or process-based data that are possible with mobile
technology. For example, response latencies and adaptive testing
methods can be used to identify a precise and unique range of
within-person cognitive performance. To date, real-time
cognitive data collection via ESM and EMA has yet to be fully
embraced by the field of neuropsychology, but it has the
potential to inform diagnosis and intervention efforts by
capturing patients’ fluctuation in cognition [64]. Although digital
cognitive assessment is growing exponentially with the use of
computers and mobile devices, some have argued that the field
of neuropsychology is in the midst of a technology crisis, and
they suggest that high-frequency data capture is one of the key
methods the field should be leveraging [65-67].
A review by Moore et al [68] identified 12 studies that used
self-administered mobile cognitive assessments ranging from
1 to 5 times per day over 1-14 days, across various age groups
and populations. This review reported high adherence rates
(80% on average) and strong construct validity, mostly in the
https://mhealth.jmir.org/2020/7/e14328

XSL• FO
RenderX

domains of attention, working memory, and executive
functioning. Notably, very few of these studies reviewed
combined smartphone-based cognitive assessment with real-time
measurement of other temporally dynamic contextual variables,
and a number of studies only sampled cognition 1 time per day
or less. For this methodology to assess potential links between
variability in cognitive performance as it relates to context and
state variables, a high frequency of measurement is key.

Review of High-Frequency Measurement Mobile
Assessment Studies
To highlight the existing literature that has deployed
high-frequency assessment, 14 studies were selected that used
mobile paradigm-based assessments of cognition at a frequency
of 2 or more times per day for at least one week (2). The
majority of studies included in this study were conducted
between 2014 and 2019. Out of the 14 studies, 6 included a
nonclinical sample of young or middle-aged adults, 2 centered
specifically on healthy older adults, and 1 in children. A total
of 5 of the 14 studies included samples of substance users or
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those at risk of smoking or alcohol abuse. Others featured
clinical samples, including adults with depression and Parkinson
disease. Eight out of the 14 studies, typically the more recent,
used a smartphone for mobile assessment, and 5 of the 14 studies
used a PDA device, one used a Nokia flip phone, and the other
used a smartwatch. The majority of studies used working
memory paradigms as the primary cognitive outcome measure,
although other cognitive domains such as verbal and visual
memory, attention, processing speed, and motor speed were
also measured alone or alongside working memory in these
studies. Of the 14 studies, 12 deployed repeat mobile tests for
1-2 weeks; other durations included 4, 6, and 24 weeks. A total
of 6 studies prompted cognitive assessments 2-3 times per day,
6 studies prompted 4-6 times per day, and 2 studies prompted
at an even higher frequency. In addition to cognitive
performance, 4 out of 14 studies reported data collection related
to momentary affect or mood, 3 out of 14 studies recorded
reports of recent activity types or social settings, and 3 out of
14 studies examined time of day or fatigue in relation to
cognitive performance. Generally, studies found high levels of
concordant validity between mobile cognitive assessments and
traditional in-laboratory measures.
Approximately half of the studies mentioned in Table 2
examined contextual or internal state-based variables in relation
to cognitive performance; their findings on the association
between context and cognition were mixed. Smartphone
semantic reasoning and memory scores were greater after recent
intellectually
stimulating
activity
[32],
slower
smartphone-recorded reaction times were associated with greater
mental fatigue [69], and increased error rates were seen in
phone-based working memory and attention [70]. On the other
hand, 2 studies conducted almost 15 years apart found no
within-person associations between momentary mood ratings
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and working memory [71] and reaction time performance [36].
It should be noted that studies of repeat mobile cognitive
assessment have used a variety of mobile platforms, different
populations, and different ways of measuring the same
contextual variables (eg, scales or dimensions of mood); as
such, findings require replication using standardized methods.
Several studies commented on the psychometrics of reliable
within-person fluctuations and the need to understand the drivers
of these patterns of fluctuations. Dirk and Schmiedek [33]
examined the psychometrics of repeated mobile assessment of
cognition in children and found that moment-to-moment and
day-to-day performance had reliable amounts of intraindividual
variability, which was indicative of individual differences and
patterns of response. Furthermore, more recent work by
Sliwinski et al [15] suggested that within-person fluctuation in
processing speed and working memory across the course of a
day was reflective of meaningful, but unknown, contextual
moderators of the intraindividual variability observed. This
indicates the need to explore and identify the unknown
contextual variables that influence variability in within-person
cognitive functioning. Furthermore, nomothetic approaches to
analyzing within-person contextually based modifiers of
cognition may fail to produce reliable or meaningful findings,
as the influence of particular contextual factors (eg, time of day)
may be dependent on individual differences. In addition to
statistical analysis that uses aggregate measures, idiographic
approaches [78] could be used to understand the temporal
dynamics between context, state, and cognitive function of a
unique individual, which may be reliably different from another
individual. Through the use of idiographic analyses such as
individualized time-lagged modeling and network analyses,
there is an opportunity to develop both personally targeted and
ecologically generalizable interventions [31].
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Table 2. Mobile assessment of cognition.
Reference

Sample

Assessment tool

Length Daily fre(weeks) quency

Allard et al
[32]

60 older adults

PDAa

1

2 times/day Semantic
Location, social setCognitive perforreasoning
ting, and recent activi- mance improved foland memory ties or behaviors
lowing intellectually
stimulating activities

Cormack et
al [71]

30 adults with depression Apple watch

6

3 times/day Working
memory

Dagum [72]

27 young adults

Smartphone

1

Continuous Working
Not specified
memory, executive function, and languages

Digital biomarkers
(eg, taps and swipes)
highly correlated with
traditional in-laboratory neuropsychological
test scores

Dirk and
Schmiedek
[33]

110 participants aged 811 years

Smartphone

4

3 times/day Working
memory

Greater working
memory variability
measured by phone
correlated with lower
performance on inlaboratory cognitive
and academic tests

Lipmeister et 44 patients with Parkinal [73]
son disease; 35 controls

Smartphone

24

6 times/day Motor speed Motor symptoms

Phone tests of motor
speed correlated with
questionnaire measures and differentiated patients from controls

Pal et al [74] 12 meth addicts; 20 con- Laboratory comput- 2
trols
er and smartphone

2 times/day Working
memory

Not specified

N-Back and Stop Signal on iPhone correlated with laboratorybased tests; speech
detection on Stroop
task did not work; no
between-group differences

Price et al
[69]

21 young adults

Smartphone

2

3 times/day Working
memory, attention, and
processing
speed

Mental fatigue

Fatigue ratings positively correlated with
longer reaction times
on attention task

Salthouse
and Berish
[36]

420 adults

PDA

1

15
times/day

Time of day and
mood

Large within-person
variability; no significant relation between
time of probe or mood
and reaction time

Sliwinski et
al [15]

219 adults

Smartphone

2

5 times/day Processing
speed and
working
memory
tasks

Not specified

High construct validity, reliability, and
within-person variance

Schweitzer
et al [75]

114 older adults

Smartphone

1

5 times/day Memory and Physical environment High adherence and
executive
and social interaction concordance with trafunction
ditional neuropsychological test scores

Schuster et
al [76]

39 high-risk smoker
young adults

PDA

1

5-7
times/day
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Cognitive
domain

Reaction
time

Working
memory

State or context variables

Mood

Motivation, affect,
sleep, and physical
activity or accelerometer

Not specified

Result

High adherence, moderate concordance,
and no relationship
between momentary
mood and cognition
trajectories

High feasibility or
compliance and construct validity
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a

Sample

Weizenbaum et al
Assessment tool

Length Daily fre(weeks) quency

Cognitive
domain

State or context variables

Result

Tiplady et al 38 adults who frequently Cell phone
[70]
consumed alcohol

2

2 times/day Attention
Alcohol consumption
and working
memory
tasks

Greater errors on
phone- and laboratory-based tasks after
alcohol consumption

Waters et al
[77]

22 smokers; 22 controls

PDA

1

4 times/day Working
memory

State anxiety

High adherence and
high reliability

Waters et al
[34]

119 smokers

PDA

1

4 times/day Attentional
bias

Not specified

Between-subject craving and laboratory attentional bias associated with PDA Stroop
attentional bias

PDA: personal digital assistant.

Implementation and Future Directions
Although new innovative forms of smartphone assessment are
becoming increasingly common, there are several likely reasons
for the dearth of research, to date, using mobile technology to
study cognition and context. The first is the financial barrier to
developing app-based assessment tools; in addition to this, there
are significant time demands and logistical challenges of
establishing the feasibility, reliability, and validity of these new
instruments. In traditional neuropsychological assessment, the
objective has been to measure cognitive function in a quiet
setting with few distractions to obtain the best possible
performance. However, when measuring cognitive function
with a mobile device, there is an opportunity for ample
variability and distractions. This contextual noise can, in fact,
be a strength, reflecting a more ecologically valid environment.
However, to form an accurate picture of a person’s functioning
across contexts, a large volume of data is needed. Analysis of
acquired mobile assessment data will need to take into account
the high frequency of measurements within individuals and
between groups to produce clinically useful normative
comparison data [79]. This brings forth the challenge of
localizing the driving factors of within-person variance while
also quantifying practice effects. Some have raised concerns
about the use of computerized neuropsychological assessment
due to the lack of standardization and normative data, which
when applied to patient care could ultimately lead to poor
clinical decisions and errors in diagnosis. There have been
several calls to the field to address this concern by focusing on
resources and investigating the psychometrics of mobile
cognitive assessment [29,61,79] and centralizing the
development of a toolbox of standardized mobile
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neuropsychological assessments that can be validated more
efficiently through a network of clinical researchers across the
field [80].
Inherent in pioneering mobile health technology is the challenge
of developing measurement tools that are usable and study
designs that are informative. However, unlike ever before, there
is immense potential to study familiar neuropsychological
constructs outside the laboratory setting and in the environments
in which they naturally operate. To move beyond
proof-of-concept validation of ambulatory assessments, the field
is faced with the challenge of creating new paradigms that are
not mere replications of existing neuropsychological measures
but are designed to be independently administered across time,
contexts, and devices. For example, moving beyond the gold
standard neuropsychological measures of cognition, some
studies have explored how smartphone activity, such as swipes
and taps, could serve as a proxy for working memory, episodic
memory, executive function, language, and intelligence in a
pilot study of healthy adults [72]. The accessibility and
availability of smartphones sets the stage for the emergence of
new scalable research efforts that could easily recruit
participants from both healthy and clinical samples and record
vast quantities of new data. The results shown in Figure 2 are
the ways in which some of the key ecologically situated
variables can be measured using smartphones and connected to
digital neuropsychological tasks performed on digital devices.
The momentary and state-related variables can be measured
passively (eg, GPS and microphone) or actively (eg, surveys).
Together, data streams can be combined and analyzed using
computational and machine learning methods to identify
relationships between cognitive performance and contextual
momentary factors.
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Figure 2. Model of mobile assessment of intraindividual variability in cognition. Internal state-driven variables include affect motivation and alertness.
External contextual variables include time of day, social environment, physical surroundings, and physical activity. Taken together, these factors give
rise to fluctuations in cognitive performance. This can be captured in real time using a game-like smartphone assessment of cognition alongside sensing
tools such as a smartphone microphone and GPS, which seamlessly capture information about one’s environment. Advanced statistical methods can be
used to analyze data to find patterns of intraindividual variability in cognition in real-world contexts.

Ultimately, the goal of mobile assessment methods is to refine
the understanding of clinical impairments in cognition and give
rise to preventative interventions for mitigating cognitive
dysfunction and decline. New work is being done to develop a
smartphone app designed to improve clinical care based on
patients’ and clinicians’, in addition to researchers’, needs. The
objective of this app development is to create an open platform
that can be used across a variety of research and clinical settings
[18]. Unlike other existing mobile health apps developed for a
specific population or function, the mindLAMP (Learn, Assess,
Manage, Prevent) has been created to allow for customizable
surveys, sensors, cognitive tests, and schedules of
notification-prompted assessment. The app seeks to integrate
active assessments such as surveys and cognitive games with
passive sensing data (eg, GPS, pedometer, and microphone)
and even phone metadata, such as the number of times other
social media or communication apps are used on the phone.
With the rich dimensionality of smartphone data from apps such
as these, multilevel modeling and machine learning analyses
would be logical directions to take analysis to elucidate the
causal links and predictive relationships between cognitive
performance and state-based and environmental factors.

https://mhealth.jmir.org/2020/7/e14328

XSL• FO
RenderX

Like any new method, repeat assessment of cognition and
context via mobile technology must be carefully employed.
Given the complexity and sheer data volume of temporarily
dense, longitudinal, and dynamic smartphone and sensor data,
it will be important for theory-driven hypotheses to guide this
work instead of only data-driven models that will likely identify
spurious correlations. Moreover, given the nature of these new
data, care must be taken to ensure its privacy protections and
ethical uses [81]. Looking back at the history of genetics and
neuroimaging, it is clear that the greatest progress with this new
spade will emerge from interdisciplinary collaborations. As
health care moves toward personalized medicine, the field also
has an opportunity to move toward personalized assessment of
cognition. Although population-level screening tests and
individualized in-office neuropsychological evaluations will
remain important, they cannot fully capture the social, physical,
and environmental variance that each individual experiences.
Fortunately, mobile technologies such as smartphones can
collect such data and thus present the opportunity for a paradigm
shift with personal devices capturing personal measurements
to deliver personal cognitive profiles and treatment directions.
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Abstract
Background: User-interaction event logs provide rich and large data sets that can provide valuable insights into how people
engage with technology. Approaches such as ecological momentary assessment (EMA) can be used to gather accurate real-time
data in an individual’s natural environment by asking questions at any given instant.
Objective: The purpose of this study was to evaluate user engagement and responses to EMA questions using InspireD, an app
used for reminiscence by persons with dementia and their caregivers. Research findings can be used to inform EMA use within
digital health interventions.
Methods: A feasibility trial was conducted in which participants (n=56) used the InspireD app over a 12-week period. Participants
were a mean age of 73 (SD 13) and were either persons with dementia (n=28) or their caregivers (n=28). Questions, which they
could either answer or choose to dismiss, were presented to participants at various instants after reminiscence with personal or
generic photos, videos, and music. Presentation and dismissal rates for questions were compared by hour of the day and by trial
week to investigate user engagement.
Results: Overall engagement was high, with 69.1% of questions answered when presented. Questions that were presented in
the evening had the lowest dismissal rate; the dismissal rate for questions presented at 9 PM was significantly lower than the
dismissal rate for questions presented at 11 AM (9 PM: 10%; 11 AM: 50%; χ21=21.4, P<.001). Questions asked following
reminiscence with personal media, especially those asked after personal photos, were less likely to be answered compared to
those asked after other media. In contrast, questions asked after the user had listened to generic media, in particular those asked
after generic music, were much more likely to be answered.
Conclusions: The main limitation of our study was the lack of generalizability of results to a larger population given the
quasi-experimental design and older demographic where half of participants were persons with dementia; however, this study
shows that older people are willing to participate and engage in EMA. Based on this study, we propose a series of recommendations
for app design to increase user engagement with EMA. These include presenting questions no more than once per day, after 8
PM in the evening, and only if the user is not trying to complete a task within the app.
(JMIR Mhealth Uhealth 2020;8(7):e17120) doi:10.2196/17120
KEYWORDS
ecological momentary assessment; EMA; app; behaviour analytics; event logging; dementia; carers; reminiscence; reminiscing;
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Introduction
Background
Digital health and well-being products such as health apps are
becoming increasingly popular given that mobile technology
is ubiquitous in daily life. In addition to the user data that are
recorded during use of these platforms, all user interactions and
events can be logged to represent usage. Such user interaction
and event logs provide rich and large data sets that can reveal
valuable insights into how people engage with technology. This
case study explored user engagement with ecological momentary
assessment (EMA) in an app designed for persons with dementia
and their caregivers.
Dementia includes a group of symptoms associated with ongoing
cognitive decline and is highly prevalent with approximately
50 million cases worldwide [1]. Within the United Kingdom,
1 in 6 people over the age of 80 have dementia, and the
incidence of dementia is projected to double by the year 2050
[2]. Dementia also has a large economic impact; it is estimated
to cost £26 billion (approximately US $33 billion) a year in the
UK alone [3]. Currently, there is no treatment that can prevent,
cure, or slow the progression of dementia. Pharmacologic
treatments such as antipsychotic medications have been used
to treat the symptoms of dementia but with limited success and
unwanted side effects [4]; therefore, nonpharmacologic
interventions such as reminiscence are increasingly considered
in dementia care. Reminiscence has been defined as recall of
events in a person’s life either individually or with others [5].
The process of reminiscence can involve the use of prompts
such as photographs, music, and videos to trigger memories
that have a special meaning for a person. Engaging in
reminiscence increases sociability, confirms personal identity,
and encourages feelings of self-worth [6,7]. A recent review
[8] found evidence that reminiscence for those living with
dementia helped to enhance quality of life in care homes and
benefited those who felt depressed in an individual setting.
Many different techniques (such as EMA or experience sampling
methodology) can be used to gather accurate data on daily living.
These methodologies are used to capture real-time data in an
individual’s natural environment through repeated sampling
[9]. This can include psychometric scales, open-ended questions,
or anything else that can be used to assess an individual’s
condition at any given place and time. These approaches provide
a high degree of ecological validity as they study people as they
go about their day-to-day lives [9]. Since EMA requires that
participants respond to questions at a given moment, it avoids
recall bias which makes it a useful tool for those with memory
impairment (such as persons with dementia). Traditionally,
EMA used paper diary techniques, but now, devices such
smartphones or tablets can be used to record digital data.
Recently, a study [10] used EMA to identify major areas of
concern for caregivers of persons with Alzheimer disease; the
study’s overall goal was to provide support and information for
caregivers in their home. Another study used experience
sampling methodology to examine the day-to-day effects of
caregiving on dementia caregivers which could be used to tailor
interventions to their individual needs [11]; however, there has
https://mhealth.jmir.org/2020/7/e17120
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been a paucity of research to date examining the use of EMA
to sample data from both persons with dementia and their
caregivers.

Previous InspireD Study
In our previous work, we developed an app for reminiscence
which incorporated EMA for the Individual Specific
Reminiscence in Dementia (InspireD) feasibility study. The
study used a quasi-experimental design and investigated the use
of an iPad app to allow people living with mild to moderate
dementia and their family caregivers to reminisce (Multimedia
Appendix 1). In phase one, a group of volunteers which included
caregivers and persons with dementia cocreated, refined, and
developed the app for InspireD. The app allowed users to
electronically collect and store personal and generic media in
the form of music, photographs, and videos. Phase two involved
implementation which included training and use of the app with
persons with dementia and their caregivers. Participants used
the app at home for a period of 12 weeks. The primary outcome
measure was the impact of reminiscence on mutuality [12]
defined as the positive quality of the relationship between
caregiver and care receiver. The secondary outcome measures
included well-being measured using the 5-item World Health
Organization Well-Being Index [13] and quality of the
relationship between the person living with dementia and their
caregiver using Quality of the Carer-Patient Relationship [14].
The third and final phase included individual interviews with
participants to explore individual views on the intervention.
Reminiscing made up the largest proportion of total app
interactions for persons with dementia (71%) and their
caregivers (47%) [15]. Across both groups, there were more
interactions with photographs than interactions with music and
video [15]. The app was primarily used for reminiscence using
personal multimedia content as opposed to generic photos and
videos. [15]. The most popular times to use the app were around
11 AM, 3 PM, and 8 PM corresponding to postbreakfast,
postlunch, and postevening mealtimes [15]. On average, a person
living with dementia used the app about once per week over
the 12-week trial period [15].
Participants living with dementia attained statistically significant
increases in mutuality, quality of caregiver and patient
relationship, and subjective well-being from the beginning to
end of the study [16]. Additionally, unsupervised machine
learning was used to identify behavioral clusters that
characterized different user engagement with the InspireD app
which were cross compared with qualitative data following
interviews after the trial period [17].

Objectives
In this study, we sought to address four research questions: (1)
What is the temporal engagement with EMA questions over
hours of the day and across the trial period? (2) How differently
do persons with dementia engage in responding to questions
compared to how caregivers engage? (3) How do persons with
dementia and their caregivers engage in responding to questions
after reminiscing with video, audio, and photos? (4) How do
persons with dementia and their caregivers engage in responding
to questions after reminiscing with personal media compared
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17120 | p.1134
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to how they respond after reminiscing with generic media? The
aim of this study was to evaluate engagement with EMA
questions while using an app with the overall goal to inform
EMA use within digital health interventions.

Methods
Study Design
A user engagement study was conducted in which participants
used a digital health intervention, an app for reminiscence, at
home for a trial period of 12 weeks. EMA questions on
mutuality were presented to users at various points during the
trial period while they were reminiscing using the app.

Participants
The study received ethical approval in March 2016 (16/NI/0035)
in line with regional and national Health Service Trust research
governance. Ethical considerations were ensuring voluntary
participation by supporting separate informed consent for the
persons with dementia and their caregivers, secure handling and
storage of data in line with University policy, and reminding
participants of their right to withdraw from the study at any
time. In this study, for each person with dementia who
participated, a family caregiver also participated. Each dyad
(person with dementia and their caregiver) was given an iPad
and asked to use the app at home for a 12-week period.
Participants were encouraged verbally and in writing to use the
app at least 3 times per week during the trial period. Information
technology training was provided on 3 occasions; 2 sessions
were provided before the trial period began, and 1 session was
provided in week 6 of the trial period. The purpose of the
training was to provide guidance on how to use the app, how
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to upload media, and to provide general app support. The app
recorded user event logs locally on each iPad using an SQLite
database (a public domain structured query language database).
User event log data were later collected in person from the iPads
using a portable storage device. Specific activities and activity
types were logged: entry (logging in), administrative activities
(adding or deleting photos, videos, or music), reminiscing
(viewing photos, videos, or listening to music), queries at a
given instant (EMA questions), and exiting (logging out). The
app allowed individuals to upload their own photos, videos, and
music or to access media online. For the purposes of this study,
generic media was defined as photos, videos, and music that
were accessed online through the app, for example, a photograph
of street where the individual lived as a child. Personal media
was defined as media that was uploaded, such as an old family
photograph.

EMA
The EMA questions were a subset of items derived from the
Mutuality Scale [12]. Over the 12-week trial period, the EMA
questions were presented at random while individuals were
using the app; therefore, questions were only displayed when
the app was already in use. Hence, no push notifications were
sent when the app was not in use to encourage completion of
EMA questions. While the user was carrying out an action
within the app (Multimedia Appendix 2), a series of checks
were carried out before an EMA question was displayed (Figure
1). The user could either choose to answer the question using
5-point Likert scale (a great deal, quite a bit, some, a little, not
at all) or choose to dismiss the question. This study did not
analyze the responses that were provided, only whether the user
chose to answer or dismiss the question.
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Figure 1. Logic flowchart for ecological momentary assessment questions presented to people living with dementia and their caregivers (carers). If
these conditions are met, then a question is presented to the user who answers or dismisses the question. Subsequently, the loop begins again.

Data Analysis
R studio (version 3.6.0) and the R programming language were
used for data wrangling and statistical programming. For the
first part of the analysis, the user log data were filtered to only
contain data related to queries at a given instant in order to look
at overall engagement with questions. Over the course of the
12-week trial period, a total of 832 questions were presented.
Of these questions, 77 were asked during training days and so
were excluded from this analysis, leaving 755 questions asked
during the trial period.
Data were aggregated by time of day (hourly), and by week
(weeks 1 to 12) to obtain question presentation counts and
dismissal rates for each user type (persons with dementia or
caregivers). Data were aggregated over the 12-week trial period
to obtain total question presentation counts and dismissal rates
for each user type (persons with dementia, or caregivers), media
format (photo, video, music), media source (personal or generic),
and the last logged activity (log-in, add or delete photo, exit
app). Some media could not be categorized into generic or
personal media and were, therefore, only included in the
aggregate media category (all). For last logged activity, 124 out
of 628 (16%) EMA questions were filtered out of the data since
the previous recorded event had been an EMA question and not
an action that could trigger a question (Multimedia Appendix
2).
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Spearman rank correlation coefficients were used for association
analysis between the number of questions presented and the
number of interactions with the app, number of app interactions
and the number of questions presented across trial weeks,
dismissal rate and time of day, dismissal rate and trial week,
number of questions presented and the number of questions
dismissed per hour, where P<.05 was considered statistically
significant. Chi-square tests were used to compare the proportion
of questions answered versus dismissed across hours of the day,
across trial weeks and for other logged activities—log-in, add
or delete photo, exit app. Pairwise chi-square tests (n=36)
adjusted for multiple testing using Bonferroni correction were
used to compare dismissal rates for each question following
reminiscence with all photos, videos and music, and then
segregated into personal and generic photos, videos and music
(α=.05/36; therefore P<.001 was considered statistically
significant).

Results
Participants
A total of 30 dyads (person with dementia and their caregiver)
were recruited to the study; however, usage data was found to
be corrupted in the iPad software used by 2 participants with
dementia and their caregivers. Therefore, only 28 sets of tracking
data (n=56 participants) were analyzed in this study. The
characteristics of the participants are shown in Table 1.
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Table 1. Characteristics of participants in the InspireD study.
Characteristics

All participants (N=56)

Persons with dementia (n=28)

Family caregivers (n=28)

mean (SD)

73 (13)

79 (12.1)

67 (13)

range

31-94

61-94

31-91

Male

24 (43)

18 (64)

6 (21)

Female

32 (57)

10 (36)

22 (79)

Age (years)

Gender, n (%)

Previous information technology experience, n (%)
Little or none

33 (59)

23 (82)

10 (36)

Some

19 (34)

4 (14)

15 (53)

A lot

4 (7)

1 (4)

3 (11)

General Engagement
Five different EMA questions from the Mutuality Scale [12]
were presented to persons with dementia and their caregivers
(Table 2). There was a significant correlation between the
number of questions presented and the number of interactions
with the app (ρ=0.86, P<.001), with roughly 1 question asked
for every 10 app interactions. The overall dismissal rate for
questions asked during the trial period excluding training days
was 30.9%. Hence, 522 out of 755 (69.1%) questions were

answered. Persons with dementia used the app more in the trial
period than caregivers did [15], but despite this had a lower
dismissal rate for questions (121/451, 26.8%) compared to that
of their caregivers (112/304, 36.8%).
A breakdown of presentation and dismissal for each question
is shown in Table 2 along with chi-square test results comparing
the proportion of questions answered versus dismissed. The
dismissal rates were significantly different from the answer
rates for each question (Table 2).

Table 2. Ecological momentary assessment questions presented and dismissed.
Questions

Presented,
n (%)

Dismissed, n
(%)

Chi-square
(df)

P value

1

How attached are you to {partners name}?

197 (26.1)

48 (20.6)

101.5 (1)

<.001

2

How much do the two of you laugh together?

131 (17.4)

39 (16.7)

30.9 (1)

<.001

3

How much do you confide in {partners name}?

116 (15.4)

38 (16.7)

17.7 (1)

<.001

4

How much do you enjoy sharing past experiences with {partners name}?

165 (21.9)

54 (23.2)

32.7 (1)

<.001

5

How much do you like to sit and talk with {partners name}?

146 (19.3)

53 (22.8)

16.6 (1)

<.001

Engagement by Time of Day and by Week
The number of questions presented per hour and per week are
shown in Figure 2. The fewest number of questions were
presented between midnight and 8 AM (Figure 2). Most
questions were presented late morning (between 10 AM and
noon), late afternoon (2 PM to 4 PM), and after dinner (7 PM
to 9 PM). A high number of questions were presented in weeks
1 and 6, which is probably due to increased use of the app
post–information technology training and was consistent with
increased app usage in weeks 1 and 6. There was a significant
association between the number of app interactions and the
number of questions presented across trial weeks (ρ=0.84,
P=.001).
The hourly and weekly dismissal rates are shown in Figure 3.
When looking at time of day, 11 AM, 4 PM, and 7 PM had the
highest dismissal rates (Figure 3). These periods also had a
number of questions presented (Figure 2). Questions asked at
9 PM and 10 PM had the lowest dismissal rate; users were more
likely to answer questions that were presented in the evening
https://mhealth.jmir.org/2020/7/e17120
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(Figure 3). For example, the dismissal rate at 9 PM was
significantly lower than the dismissal rate at 11 AM (χ21=21.4,
P<.001); questions asked at 9 PM (10% dismissal rate) were 5
times more likely to be answered than questions asked at 11
AM (50% dismissal rate). The dismissal rate for questions was
high at the start and end of the trial and was lowest in the middle
of the trial (Figure 3). For example, the dismissal rate in trial
week 8 was significantly lower than that in week 2 (week 8:
14.1%; week 2: 54.8%; χ21=19.2, P<.001).
Dismissal rates by time of day and by week for each user type
are shown in Figure 4. When looking at time of day, user types
demonstrated a similar pattern of dismissals (Figure 4). There
was a strong correlation between dismissal rate and time of day
between persons with dementia and their caregivers (P<.001,
ρ=0.81). Weekly dismissal rates differed between user types
(Figure 4). There was no correlation between dismissal rate and
trial week between persons with dementia and their caregivers
(P=.09, ρ=0.51).
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There was a strong correlation between the number of questions
presented and the number of questions dismissed per hour for
caregivers (P<.001, ρ=0.84) and persons with dementia (P<.001,
ρ=0.83). From investigating the residuals, there were

Potts et al
significantly less questions dismissed at the hours of 2 PM , 9
PM, and 10 PM for both caregivers and persons with dementia.
For both user types, questions in the evening were more likely
to be answered than dismissed.

Figure 2. Total number of questions presented across hours of day (left) and trial weeks (right) for each user type.

Figure 3. Dismissal rate for ecological momentary assessment questions across hours of day (left) and trial weeks (right).
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Figure 4. Dismissal rate for ecological momentary assessment questions across hours of day (left) and trial weeks (right) for each user type.

Engagement Following Reminiscence Media Types
The number presented and dismissal rates of questions following
reminiscence within photo, video, and music are shown in Table
3. The highest number of questions were presented after users
viewed photos, and the fewest after listening to music. Personal
media was used in the app more than generic media was used,
thus more questions were presented following reminiscence
with personal media.
As shown in Table 3, chi-square tests comparing generic to
personal media source indicated significant differences when
comparing the proportion of questions of dismissed with the
proportion of questions answered for generic photos versus
personal photos (χ21=19.4, P<.001) and generic music versus
personal music (χ21=15.3, P<.001). There was no significant
difference between proportion of questions of dismissed and
answered between generic videos and personal videos (χ21=0.2,
P=.67).

Significantly more questions were dismissed after viewing any
type of photo than after listening to any type of music (all photo:
34.4%; all music: 19.3%; χ21=10.9, P<.001). The dismissal rate
for questions asked after viewing personal photos (41/122,
33.6%) was significantly higher than the rates of those asked
after generic music (χ21=73.7, P<.001), personal music
(χ21=19.2, P<.001), and generic photos (χ21=19.4, P<.001). The
dismissal rate for questions asked after interacting with generic
music (4/73, 5.5%) was significantly lower than those of
personal music (χ21=15.3, P<.001), personal videos (χ21=12.1,
P=.02), or personal photos (χ21=73.7, P<.001). These results
show that questions asked following reminiscence with personal
media, especially those asked after personal photos, were less
likely to be answered compared to those asked after other media.
In contrast, questions asked after the user had listened to generic
media, in particular those asked after generic music, were much
more likely to be answered.

Table 3. Question presentation and dismissal following reminiscence with different media.
Media type (format and source, questions presented)

Questions dismissed, n (%)

Photo
Generic (n=14)

2 (15.4)

Personal (n=122)

41 (33.6)

All (n=256)

88 (34.4)

Video
Generic (n=2)

0 (0.0)

Personal (n=11)

5 (45.5)

All (n=57)

16 (28.1)

Music
Generic (n=73)

4 (5.5)

Personal (n=39)

39 (35.9)

All (n=176)

34 (19.3)
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Comparison between generic and personal
Chi-square (df)

P value

19.4 (1)

<.001

0.2 (1)

.67

15.3 (1)

<.001
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Engagement Following Other App Activities
Questions were also presented to users as they were completing
other logged activities. There were significantly more questions
answered than were dismissed when a person with dementia
logged into the app (answered: 15/20, 75.0%; dismissed: 5/20,
25.0%; χ21=8.1, P=.004). There was no significant difference
between questions answered and questions dismissed when
caregivers logged in (answered: 9/14, 64.3%; dismissed: 5/14,
35.7%; χ21=1.3, P=.26), when caregivers added or deleted
photos (answered: 21/43, 48.8%; dismissed: 22/43, 51.2%;
χ21=0, P>.999), or when caregivers or persons with dementia
exited the app (answered: 35/61, 57.4%; dismissed: 26/61,
42.6%; χ21=2.1, P=.15).

Discussion
Principal Findings
This study set out to explore engagement with EMA using a
case study of a reminiscence app for persons with dementia and
their caregivers. Overall engagement with EMA was high, with
69.1% questions answered when they were presented. Other
studies [18] have reported between 55% and 87% engagement
with EMA questions in the general population. Previous studies
[19,20] that have used EMA with older adults have generally
relied on sending user notifications or alarms as reminders to
complete questions. In these cases, the most commonly reported
reasons for not answering EMA questions included being
prompted at inconvenient times or when busy, notification sound
was not heard, or phone was not nearby at the time [19,20]. In
our study, questions were asked only when the users where
already using the app which eliminated some of the previously
reported reasons for EMA nonadherence.
When trying to increase engagement with EMA within a digital
intervention, one important factor to consider is the frequency
of administering questions. For example, if EMA questions are
presented multiple times in one day it may become burdensome
for the user and increase the chances of dismissal. In our study,
persons with dementia and their caregivers were less likely to
dismiss EMA questions asked between 9 PM and 10 PM. This
is similar to what we found in a previous study [21] exploring
the temporal behavior of users completing EMA in a maternal
health app, where users were more likely to complete mental
health scales around 8 PM or 9 PM. Additionally, dismissal
rates around 9 AM, 2 PM, and 6 PM which corresponded to
postbreakfast, postlunch, and postevening mealtimes were also
low suggesting users were more likely to engage in questions
during postprandial reminiscence.
Dismissal rates for EMA after reminiscence with generic media
were very low when compared to personal media. It has been
shown that reminiscence with personal media is more likely to
have positive psychosocial benefits compared to generic
reminiscence material for persons with dementia [22]. This
would suggest that personal media provides a more meaningful
reminiscence experience, and thus, could explain why users
were less likely to answer questions during this time; however,
our results suggest that asking questions following reminiscence
https://mhealth.jmir.org/2020/7/e17120
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with personal photos compared to other media sources was
likely to result in question dismissal. We also found that users
were less likely to dismiss EMA questions following
reminiscence with generic music compared to video or photos.
Cognitive function has been shown to be better in persons with
dementia following music therapy [23,24]. Therefore, we
suggest that participants were more likely to answer questions
after listening to music as this was less cognitively demanding
compared to viewing photos or video. Music therapy has been
shown to have other benefits for persons with dementia,
improving behavioral and psychological symptoms and
decreasing agitation [25-27]. This could also explain why
participants were more likely to answer questions after listening
to music.
When caregivers were adding or deleting photos, the dismissal
rate was high. Questions asked while users were trying to
complete a task such as this could be a hindrance, therefore lead
to a higher dismissal rate. Overall, both users were more likely
to answer questions if they were asked less frequently so this
should be taken into consideration going forward.
Future work should look at the type of EMA questions being
asked, for example it may be more beneficial to ask questions
such as “Do you find reminiscence therapy helpful?” or “What
is your favorite way to reminisce?” rather than questions with
Likert scale responses. Alternatively, EMA could assess
feedback on the user experience as this would provide co-design
opportunities in the use phase since most cocreation activities
focus on initial design. These questions could help inform app
design and prrovide valuable insight into user experience.
Ultimately, to increase engagement with EMA, it is important
to secure individuals as regular app users. There are several
approaches which can be used to secure people as full adopters
of an app, such as user notifications and prompts to encourage
app usage. These notifications could be sent when individuals
are likely to engage with EMA, such as in the evening at 9 PM.
Personalization can also help to increase engagement. In our
study, EMA questions from the mutuality scale incorporated
the name of caregiver or person living with dementia, for
example, “How attached are you to [partners name]?”. Future
work should continue to utilize these personalized aspects such
as using individual names in personalized push notifications or
in EMA questions.

Limitations
The main limitation of our study was lack of generalizability
to a larger population given the quasi-experimental design and
older demographic where half of the participants were persons
with dementia. Due to the relatively small sample size, it was
not possible to attribute any findings to gender differences.
Ideally, sample size should be calculated for a randomized
controlled trial to ensure adequate power; however, the sample
size for this study (n=56) was deemed sufficient to meet the
objectives of a feasibility study.
Another limitation was the recording of log data. User events
were logged in real time and were later collected in person from
the iPads using portable storage devices. As a result, we could
not control for lost local data due to operating system failures,
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app crashes, bugs, and updates. This was the case with some of
the log data which was recorded. For 16% of all EMA questions
asked, the event which was logged previously was also an EMA
question instead of one of the actions (Multimedia Appendix
2) that should trigger a question being asked. To allow for
remote event logging and to minimize data loss, it is important
to follow best practices for the collection and storage of user
log data, such as storing data in the cloud. This would enable
the analysis of logs over the duration of the study. Remote
logging could also facilitate the use of adaptive features to
motivate persons with dementia and caregivers by sending
personalized notifications and motivational messages when app
usage is low.

Conclusions
This study explored engagement with EMA questions using an
app for reminiscence where the users were caregivers and
persons with dementia. Our results show that older people are
willing to participate and engage in EMA; however, more can
be done to increase engagement. Notwithstanding the

Potts et al
limitations, based on this study we propose a set of
recommendations for the use of EMA to optimize user
engagement within a digital intervention. EMA questions should
add value and help to validate the use of the digital health app
in line with the study objectives. It is important that EMA
questions do not distract or interfere with the overall purpose
of the app which was to allow persons with dementia and their
caregivers to reminisce. To avoid overprompting the user, no
more than one question should be presented per day and ideally
in the evening after 8 PM as this is when people were most
likely to engage. If the user is trying to complete a task within
the app such as adding content then a question should not be
presented. These recommendations can be broadly applied to
EMA use in similar settings. Future work will be carried out to
study the engagement on a larger scale with more participants,
which will further support these recommendations. Future work
will also involve studying app usage patterns, for example, if a
user engages in an EMA question, when will they next engage,
and can we predict engagement based on user log analysis.
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Abstract
Background: Ecological momentary assessment (EMA) is a method for capturing the changes in the variables in daily life with
increased accuracy and decreased recall bias. The PsyMate scale assesses momentary moods in daily life and can be used in
various settings.
Objective: The aim of this study was to develop a Korean version of the PsyMate (K-PsyMate) scale and evaluate its psychometric
properties by using the EMA method in patients with moyamoya disease (MMD) in South Korea.
Methods: Patients with MMD aged over 18 years were recruited from July 2018 to January 2019 at the inpatient and outpatient
departments of a university hospital in South Korea. The K-PsyMate scale comprising 13 items was developed following a
translation/back translation approach of the English version and loaded onto a mobile app. Participants were instructed to enter
their moods 4 times a day for 7 consecutive days. Content validity index, factor analysis, and Pearson’s correlation were performed
for validity analysis. For reliability, intraclass correlation coefficients between the first and last measurements were estimated by
mean rating, absolute agreement, and a 2-way mixed-effects model. Usability was analyzed through a descriptive analysis, 2-tailed
t test, and analysis of variance, and the results were confirmed by Mann-Whitney U test and the Kruskal-Wallis test, as the
dependent variable was not normally distributed.
Results: In total, 1929 assessments from 93 patients were analyzed. The mean age of the participants was 40.59 (SD 10.06)
years, and 66 (71%) of the 93 participants were women. Content validity was excellent as content validity index was 0.99, and
2 factors, negative affect and positive affect, were derived by an exploratory factor analysis. The correlations between the
subdomains of the K-PsyMate scale and Hospital Anxiety and Depression Scale were significant (P<.001). The agreement between
the first and last measurements was poor to moderate according to the obtained intraclass correlation coefficient values. Usability
was evaluated by 67 (72%) out of the 93 participants. The participants rated the accuracy of assessing their momentary moods
on the app at 4.13 (SD 0.97), easiness in understanding questions, operating, and inputting answers at 4.12 (SD 0.88), and
interruption by the survey alarms at 2.48 (SD 1.02) out of 5.
Conclusions: The K-PsyMate scale has good validity but poor to moderate agreement, which reflects the characteristics of the
EMA data collected in real and natural living environments without control. The findings of our study show that the K-PsyMate
scale uploaded in a mobile app can be a valid and reliable tool for evaluating the momentary mood of patients with MMD because
using a mobile app is convenient and patients are familiar with their own smartphones, which they use in their daily lives.
(JMIR Mhealth Uhealth 2020;8(7):e17926) doi:10.2196/17926
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psychometrics; reliability; validity; PsyMate scale; ecological momentary assessment
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Introduction
Moyamoya disease (MMD), also called as spontaneous
occlusion of the circle of Willis, is a chronic progressive
cerebrovascular disease with no known cause and is
characterized by fine collateral vessel networks that resemble
hazy cloud-like puffs of smoke in the brain [1,2]. MMD occurs
worldwide with high prevalence in East Asian countries such
as Japan and Korea [3]. Unlike MMD in children, MMD in
adults is associated with potential rupture or ischemia of the
blood vessels in the brain, similar to that reported in other
cerebrovascular diseases [4,5], and this can lead to high
mortality [6]. The clinical features of patients with MMD often
appear as mental deterioration, headache, and speech impairment
[6], which are affected by mood changes. Adults with MMD
also show high levels of anxiety and depression [7] and their
moods change over time during the course of life [8]. Negative
mood and mood changes in adults with MMD may affect their
motivation for proper health behaviors and eventually affect
the health outcomes of patients with similar cerebrovascular
diseases [7]. Therefore, monitoring the moods of adults with
MMD can be critical for both patients and health care personnel.
Measuring moods may help people better understand their
emotional states. The measuring tool to self-assess moods should
be understandable and comfortable to use; at the same time, the
tool should be able to assess the mood accurately and capture
the fluctuations and changes in the mood reliably since mood
varies according to context and time [9,10]. To avoid mood
changes caused by the tool itself, the participants should be
allowed to respond to the questionnaire in a flexible and friendly
atmosphere of their choice.
Traditionally, mood has been assessed by retrospective
measures, including pen and paper tests [11], but these methods
lead to recall bias and risk of reduced accuracy [9,10]. However,
momentary assessments such as ecological momentary
assessment (EMA) or experience sampling methods allow
increased accuracy and reduced bias because these assessments
are performed in real-life environments and through repeated
assessments at multiple times [9-11]. The EMA method is
known for its effectiveness in capturing changes [12] and
understanding daily changes in psychological states such as
mood and stress [13,14]. It is broadly used to assess the
psychological aspects of the participants with [15-17] and
without mental health problems [18]. The increased prevalence
of smartphones and advanced mobile technology has made
people more familiar with the use of smartphones in their daily
lives, and EMA methods using smartphones are available
[19-22]. The prevalence of smartphone use in Korean adults is
about 95% [23], and about 96.4% of the population under the
age of 70 years in Korea can access internet services [24]. In a
study conducted with healthy participants in Korea, the EMA
method was evaluated as comfortable to use and easy to
understand when the mood was assessed using a mobile app
installed in their own smartphones [22].
Various measurement tools using mobile technology have been
developed to measure moods in daily life. The PsyMate scale
was developed to assess momentary moods relating to the daily
http://mhealth.jmir.org/2020/7/e17926/
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life of the participants [25], and it has been used in various
settings and populations [26,27]. In this study, we aimed to
develop a Korean version of the PsyMate (K-PsyMate) scale,
upload it on a mobile app to measure the momentary moods of
Korean adults with MMD, and examine the psychometric
properties of this scale.

Methods
Participants
Patients with MMD diagnosed via magnetic resonance
angiography and aged over 18 years were recruited from July
2018 to January 2019 at the outpatient department or the
inpatient wards of a university hospital in Seoul, South Korea.
Patients who could not communicate owing to neurological
problems were excluded by a physician and the physician’s
assistant who were involved in the treatment of patients with
MMD. The Korean version of the Mini-Mental State
Examination [28] was used to assess the cognitive impairment
of the participants after acquiring the permission to use it from
the provider. Participants with a score under 24 in the Korean
version of the Mini-Mental State Examination were excluded.
Participants who used operating systems other than the Android
system were also excluded, since the developed mobile app was
available only for the Android operating system as described
in the previous study [22]. Informed consent was obtained from
all the participants when they enrolled in the study. This study
was approved by the Institutional Review Board of the Yonsei
University Health System (No. 4-2018-0385).

Measurements
Participants’ Characteristics and Baseline Mood
All participants were asked to provide their demographic and
disease-specific information at the baseline measurement
through a questionnaire that was developed by our research
team. Demographics included age, gender, marital status, people
living with, job status, monthly household income, education
level, and smoking and drinking history. Detailed information
on the participants’ demographics has been presented in our
previous work [29]. Regarding the baseline mood, the Hospital
Anxiety and Depression Scale (HADS) [30] was administered
after obtaining permission to use it. The HADS is known as a
globally reliable and valid scale for assessing mental health in
hospital settings [31]. It consists of 14 items, 7 for anxiety and
7 for depression, and it is measured on a 4-point scale ranging
from 0 to 3. A higher value indicates a higher level of anxiety
and depression. In this study, we administered the Korean
version of HADS [32], for which Cronbach α was .89 and .86
for anxiety and depression subscales, respectively [32]. The
HADS was assessed to compare the momentary negative affect
and positive affect that were measured by the K-PsyMate scale,
as described in a previous study [25].

K-PsyMate Scale for Measuring Momentary Mood
The mood scale of the K-PsyMate was used for the EMA section
of this study. This scale consists of 13 items, of which 4 items
measure positive affect and 9 items assess negative affect. The
positive affect comprised feeling “cheerful,” “satisfied,”
“relaxed,” and “globally well,” and the negative affect
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comprised feeling “lonely,” “guilty,” “worried,” “down,”
“threatened,” “insecure,” “irritated,” “frightened,” and
“suspicious.” These items were rated on a 7-point scale, with
“1” indicating “not at all” and “7” indicating “very much.”
Momentary mood was measured while considering the
environmental context, taking into account what the participants
were doing, where they were, and with whom they were when
responding to the questionnaire.

notification. The contact numbers and the email addresses of
the members of the research team were given to the participants
to contact the team if they had any questions or if they faced
any difficulties during the assessment period. Finally, patients
were requested to complete a 10-item survey at the end of the
EMA session on the usability of the EMA method using a
mobile app, including an open-ended question.

Usability Measure

Data were analyzed using the SPSS v.25.0 (IBM Corp). We
used descriptive statistics to analyze the baseline data of the
participants’ characteristics, the HADS scores, and the positive
affect and negative affect of the K-PsyMate scale measured by
the EMA method. We applied a 2-tailed t test and analysis of
variance to examine the differences between groups according
to the general characteristics. Regarding validity tests, we used
the content validity index (CVI), which calculated scale-level
CVI (S-CVI) and each item-level CVI (I-CVI). To assess CVI,
each item was appraised by an expert panel consisting of 6
nursing professors. The CVI for each item was scored using a
4-point scale, where 1=not relevant, 2=somewhat relevant,
3=quite relevant, and 4=highly relevant. S-CVI and I-CVI were
evaluated with the cut-off of S-CVI level at 0.90 and I-CVI at
0.78 [35]. We performed exploratory factor analysis (EFA) to
examine construct validity using principal component analysis
and varimax rotation. We also used Pearson’s correlation (r) to
assess the association between the HADS and PsyMate in the
previous study [25]. We calculated intraclass correlation
coefficients (ICCs) for evaluating the test-retest reliability of
the measurement tool. Reliability reflects both the degree of
correlation and agreement between the measurements, and ICCs
are an index that show the degree of correlation and agreement
between the measurements [36]. Among the 10 different forms
of ICC [37,38], we calculated the ICCs of each item between
the first and the last measurement by mean rating, absolute
agreement, and a 2-way mixed-effects model, since we tested
absolute agreement of the mean of multiple measurements from
a nonrandomly selected population [36]. The obtained ICC
values of each item were interpreted by its 95% CI ranges [36].
The ICC estimates in the 95% CI were evaluated by considering
ICC<0.50, 0.50≤ICC<0.75, 0.75≤ICC<0.90, and ICC≥0.90 as
poor, moderate, good, and excellent reliability, respectively
[39]. For usability evaluation, we performed descriptive analysis,
2-tailed t test, and analysis of variance, and we confirmed the
results by Mann-Whitney U test and the Kruskal-Wallis test,
as the dependent variable was not normally distributed.

The usability of the EMA method on the mobile phone was
evaluated by the participants at the end of the survey. A 10-item
questionnaire was uploaded in the app: 2 items for accuracy, 3
items for easiness, 2 items for enjoyment, 2 items for intention,
and 1 item for interruption. It was adapted from a previous study
[33] with the permission from the developer and scored on a
5-point scale (1=strongly disagree to 5=strongly agree). An
open-ended question was included for the participants to offer
any additional comment or opinion. The Cronbach α of the
scale in this study was .74.

Procedure
Translation of the PsyMate
We freely downloaded the English version of the PsyMate scale
[34] with permission from the copyright holder. To develop the
K-PsyMate scale, we used the translation/back translation
approach. We employed a committee approach for translation,
in which we consulted 3 nursing professors who were fluent in
both English and Korean to translate the English version of
PsyMate [25]. Through this method, we identified language and
cultural differences in selecting words. The translated PsyMate
items were prepared for back translation during which we
consulted 3 different nursing professors who were fluent in both
English and Korean. The research team compared the
back-translated PsyMate with the original English version to
confirm that the translated Korean version was accurate. After
confirming the translated Korean version through back
translation, the research team finalized the K-PsyMate draft.
This draft was then evaluated by a linguist of the Korean
language prior to determining the final version. Eventually, the
K-PsyMate version was finalized by the research team.

Data Collection
While obtaining informed consent from each patient, members
of the research team obtained baseline data on demographic and
disease-specific information by using the structured
questionnaire and on mood status by using the HADS. They
helped each participant install the mobile app on their mobile
phone and register themselves, and they provided time for
practice. Participants selected the EMA sampling period to
assess momentary moods according to their convenience. They
were guided by an alarm to respond 4 times a day for 7
consecutive days (4 times × 7 days = 28 times/person) at
60-minute blocked semirandom intervals. Notifications were
sent in the morning between 8 AM and 9 AM, early afternoon
between noon and 1 pm, evening between 5 PM and 6 PM, and
at night between 9 PM and 10 PM. A reminder for each
scheduled measurement was sent to the participants who did
not input the response within 45 minutes after the first
http://mhealth.jmir.org/2020/7/e17926/
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Statistical Analysis

Results
Participants
We recruited patients with MMD from the inpatient and
outpatient departments of a tertiary hospital in South Korea.
We approached 119 patients of which 109 (91.6%) agreed to
participate, and they were enrolled using the mobile app. Among
the 109 patients, 98 (89.9%) participated in the EMA session.
The data of 93 participants who provided more than 3
measurements considered as EMA data [40] and who provided
1929 responses (74.1%) out of the 2604 scheduled assessments
were analyzed. The mean age of the participants was 40.59 (SD
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17926 | p.1146
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10.06) years, and 66 of the 93 participants (71%) were women.
The HADS anxiety and HADS depression scores were 7.17 (SD
3.38) and 7.14 (SD 3.51), respectively. The overall mean
negative affect and positive affect scores were 2.15 (SD 1.12)
and 4.70 (SD 1.31) out of 7, respectively.

Validity of the K-PsyMate Scale
We calculated S-CVI and I-CVI as evaluated by the expert
panel. The S-CVI was 0.99 (I-CVI range 0.83-1.00), which
represented an excellent level of content validity. We also
calculated the S-CVIs of 2 factors of negative affect and positive
affect according to the original study [25], and they were 1.00
and 0.96, respectively. The I-CVIs are presented in Table 1.
EFA was performed based on 1929 completed assessments from
93 participants. We confirmed the presence of latent factors in

Yang et al
the observed items with excellent Kaiser-Meyer-Olkin of 0.93
and with significant Bartlett’s sphericity measures (P<.05). Two
factors were derived with the eigenvalue greater than 1 with a
cumulative percentage of explained variance of 71.1%. All items
were assigned to either the negative affect (Factor 1) or positive
affect (Factor 2) factor. These 2 factors were negatively related
(r=–0.67). The results of the EFA are shown in Table 2.
The subdomains of negative affect and positive affect of the
K-PsyMate scale and the HADS anxiety and depression were
significantly correlated with coefficients (r) ranging between
0.33 and 0.68. The Cronbach α of the HADS anxiety and
depression in this study were .84 and .79, respectively. The
correlation coefficients between the K-PsyMate and the HADS
subscales are shown in Table 3.

Table 1. Item-level content validity index of the PsyMate items (n=1929).
Item number

Items

Item-level content validity index

1

Feeling cheerful

1.00

2

Feeling satisfied

1.00

3

Feeling relaxed

1.00

4

Feeling globally well

0.83

5

Feeling lonely

1.00

6

Feeling guilty

1.00

7

Feeling worried

1.00

8

Feeling down

1.00

9

Feeling threatened

1.00

10

Feeling insecure

1.00

11

Feeling irritated

1.00

12

Feeling frightened

1.00

13

Feeling suspicious

1.00
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Table 2. Factor loadings from EFAa of the K-PsyMate scale (n=1929).b

a

Item number

Items

Communality

Factor 1: Negative affect Factor 2: Positive affect

2

Feeling satisfied

0.89

–0.23

0.91

3

Feeling relaxed

0.87

–0.26

0.90

1

Feeling cheerful

0.81

–0.21

0.87

4

Feeling globally well

0.80

–0.32

0.84

12

Feeling frightened

0.75

0.83

–0.23

10

Feeling insecure

0.75

0.82

–0.27

13

Feeling suspicious

0.70

0.82

–0.19

9

Feeling threatened

0.69

0.82

–0.15

6

Feeling guilty

0.63

0.78

–0.16

7

Feeling worried

0.70

0.77

–0.33

8

Feeling down

0.65

0.68

–0.44

11

Feeling irritated

0.62

0.62

–0.48

5

Feeling lonely

0.39

0.52

–0.35

EFA: exploratory factor analysis.

b

Values shown in italics show factor loadings >0.50, indicating that the value fits for the given factor.

Table 3. Correlations between the K-PsyMate scale and the HADSa (n=93).
HADS subscales

K-PsyMate subscales
Negative affect

Positive affect

r

0.465b

–0.348b

P value

<.001

<.001

r

0.446b

–0.328b

P value

<.001

<.001

HADS anxiety

HADS depression

a

HADS: hospital anxiety and depression scale.

b

The correlation is significant at a significance level of <.05 (2-tailed).

Reliability
The calculated ICC values between the first and the last
measurements ranged from 0.52 to 0.80. Given the range of the
95% CI of each item, all 4 items of the positive affect factor
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and 6 items of the negative affect factor showed poor level of
agreement. Three items of “down,” “insecure,” and “worried”
in the negative affect factors were between 0.50 and 0.75 of the
95% CIs, which was considered as moderate agreement. The
ICC value and the 95% CI of each item are shown in Table 4.
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Table 4. ICCa and 95% CI of the K-PsyMate scale (n=93).
Items

First measure, mean (SD)

Last measure, mean (SD)

ICC

95% CI

Satisfied

4.37 (1.26)

4.68 (1.41)

0.67

0.497-0.779

Cheerful

4.43 (1.32)

4.76 (1.31)

0.53

0.293-0.689

Globally well

4.57 (1.40)

4.65 (1.38)

0.53

0.297-0.691

Relaxed

4.57 (1.42)

4.74 (1.45)

0.52

0.277-0.682

Down

2.74 (1.61)

2.43 (1.58)

0.80

0.694-0.866

Insecure

2.88 (1.74)

2.40 (1.63)

0.73

0.599-0.824

Worried

3.38 (1.78)

2.71 (1.67)

0.67

0.502-0.781

Frightened

2.55 (1.62)

2.19 (1.55)

0.66

0.490-0.776

Lonely

3.01 (1.66)

2.38 (1.62)

0.65

0.477-0.770

Suspicious

2.33 (1.50)

2.01 (1.41)

0.63

0.435-0.752

Guilty

2.25 (1.46)

2.04 (1.41)

0.61

0.415-0.743

Threatened

1.99 (1.33)

1.80 (1.18)

0.60

0.393-0.733

Irritated

2.72 (1.70)

2.26 (1.49)

0.54

0.327-0.704

Positive affect

Negative affect

a

ICC: intraclass correlation coefficient.

Usability of the EMA Method by Using a Mobile App
Usability was evaluated by 67 (72%) out of the 93 participants.
The mean age was 42.0 (SD 10.43) years (range, 22-67 years),
and 50 (74%) of the 67 participants were females. Of the 67
participants, 26 (39%) were in their thirties, whereas only 4
(6%) were in their sixties (Multimedia Appendix 1). Participants
rated the accuracy of inputting their momentary mood on the
app at 4.13 (SD 0.97) out of 5. Easiness in understanding
questions and in operating and in inputting answers was rated
at 4.12 (SD 0.88) out of 5. The enjoyment in participating in
the EMA app was rated at 3.65 (SD 0.91) out of 5. The
participants rated interruption by the survey alarms at 2.48 (SD

1.02) out of 5. The intention to participate or recommend others
to participate in another study using EMA apps was reported
as 3.25 (SD 0.95) out of 5 (Table 5).
No difference in the usability was found in the subgroup analysis
by gender, age, and marital status of the participants (Multimedia
Appendix 1). Of the 67 participants, 20 (30%) wrote answers
to the open-ended question in the app. Six (9%) out of 67
participants reported that they experienced discomfort owing
to the small checkbox and 1 (1%) experienced network
disconnection while inputting responses into the app. One
participant (1%) expressed that it was a burden to answer 4
times a day.

Table 5. Usability of the EMAa method by using a mobile app (n=67).

a

Category of rating

Mean (SD) of the ratings

Possible range for the ratings

Accuracy in assessing momentary mood

4.13 (0.97)

1-5

Easiness in understanding questions, operating, and inputting answers

4.12 (0.88)

1-5

Enjoyment of participating via the EMA app

3.65 (0.91)

1-5

Interruption by the survey alarms

2.48 (1.02)

1-5

Intention to participate or recommend others to participate in another study
using EMA apps

3.25 (0.95)

1-5

EMA: ecological momentary assessment.

Discussion
Principal Results
In this study, we evaluated the psychometric properties of the
K-PsyMate scale to measure moods by using the EMA method
for adults with MMD since their moods are prone to change
when they consciously strive to overcome negative feelings and
stress, similar to patients with an unruptured cerebral aneurysm
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[5]. The content validity of the K-PsyMate scale evaluated by
S-CVI was excellent with good I-CVI in all items determined
by Polit et al [35]. The EFA results agreed with those of a
previous evaluation of the PsyMate [25], which also had 2
factors: positive affect with 4 items and negative affect with 9
items. We found that the statistically significant correlations
between the K-PsyMate scale and HADS were also in
accordance with those reported in the previous study, which
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e17926 | p.1149
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had significant correlations ranging from 0.4 to 0.7 when
compared with the HADS scores [25].
In this study, the agreement between the measurements
evaluated by the ICC values of each item was poor to moderate.
This poor to moderate level of agreement suggests that the
measurements may have been affected by context variables
since participants were requested to measure in an uncontrolled
natural real-life environment [9,29]. This finding is in
accordance with the results of a study on the Dutch version of
the PsyMate, which presented sensitivity to the change of mood
over time and applicability for patients in an ambulatory mental
health setting in the Netherlands [25]. The poor ICCs may reflect
the dynamics of affect fluctuating and changing over time [41]
and the variability in the anxious and depressive mood of
patients with MMD [7,42].
Considering the characteristics of the EMA data, we tried a
2-level confirmatory factor analysis [43] as an alternative
method, wherein latent variables of negative affect and positive
affect were assessed at the individual level. However, it did not
achieve convergence, and the maximum log pseudo-likelihood
stayed the same at –45854.379 from the 20th iteration.
Convergence rates for 2-level confirmatory factor analysis
models are known to be predicted by all possible interactions
between the reliability condition (poor to moderate level by
ICCs in this study), number of clusters (93 individual clusters
in this study), and cluster size (ranging from 3 to 28 in this
study) [44]. Multilevel confirmatory factor analysis cannot be
applied to this study in which individuals form groups of interest
with small cluster size and with low ICCs between
measurements in single-level analysis.
The result of the usability evaluation in this study suggested
that the EMA app has a good feasibility with accuracy in
assessing mood and without much interruption and it may be
applicable, regardless of gender or age, as no statistical
difference of usability was found in the subgroup analysis.
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Limitations
This study has the following limitations. First, we conducted
the study by using a limited sample size. However, the
psychometric properties of the scale could be analyzed by
including 1929 measures obtained through the EMA method.
Second, we recruited participants who only used the Android
operating system, for which the mobile app was developed [22].
Hence, patients who used other operating systems such as the
iPhone operating system were not included in this study.
Nevertheless, the study is still meaningful in that we contacted
about 1.2% of the target population with MMD in South Korea
when considering the overall prevalence of 16.1 patients per
100,000 in 2011 [3]. Third, in this study, we included the
responses of the participants who answered more than three
times in the total duration of the study to evaluate the ability to
capture the changes. This implies that our study results may
vary according to participants who answered less than three
times or did not answer at all. A qualitative study on
participants’ experience with the EMA method or research on
psychometric properties of the K-PsyMate scale for different
populations such as patients with other disorders and symptoms
will be an interesting topic for future study.

Conclusion
This study provides evidence that the K-PsyMate scale has good
validity but poor to moderate level of agreement between the
measurements. The poor to moderate level of agreement
evaluated by ICCs may reflect the characteristics of the EMA
data collected in real and natural living situations and
environments. Our study shows that the K-PsyMate scale
uploaded in a mobile app can be a valid and reliable tool for
evaluating the momentary mood of patients with MMD because
using a mobile app is convenient for patients as they are familiar
with their own smartphones, which they use in their daily lives.
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Abstract
Background: As a counter-cluster measure to prevent the spread of the infectious novel coronavirus disease (COVID-19), an
efficient system for health observation outside the hospital is urgently required. Personal health records (PHRs) are suitable for
the daily management of physical conditions. Importantly, there are no major differences between the items collected by daily
health observation via PHR and the observation of items related to COVID-19. Until now, observations related to COVID-19
have been performed exclusively based on disease-specific items. Therefore, we hypothesize that PHRs would be suitable as a
symptom-tracking tool for COVID-19. To this end, we integrated health observation items specific to COVID-19 with an existing
PHR-based app.
Objective: This study is conducted as a proof-of-concept study in a real-world setting to develop a PHR-based COVID-19
symptom-tracking app and to demonstrate the practical use of health observations for COVID-19 using a smartphone or tablet
app integrated with PHRs.
Methods: We applied the PHR-based health observation app within an active epidemiological investigation conducted by
Wakayama City Public Health Center. At the public health center, a list is made of individuals who have been in close contact
with known infected cases (health observers). Email addresses are used by the app when a health observer sends data to the public
health center. Each health observer downloads the app and installs it on their smartphone. Self-observed health data are entered
daily into the app. These data are then sent via the app by email at a designated time. Localized epidemiological officers can
visualize the collected data using a spreadsheet macro and, thus, monitor the health condition of all health observers.
Results: We used the app as part of an active epidemiological investigation executed at a public health center. During the
investigation, 72 close contacts were discovered. Among them, 57 had adopted the use of the health observation app. Before the
introduction of the app, all health observers would have been interviewed by telephone, a slow process that took four epidemiological
officers more than 2 hours. After the introduction of the app, a single epidemiological officer can carry out health observations.
The app was distributed for free beginning in early March, and by mid-May, it had been used by more than 20,280 users and 400
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facilities and organizations across Japan. Currently, health observation of COVID-19 is socially recognized and has become one
of the requirements for resuming social activities.
Conclusions: Health observation by PHRs for the purpose of improving health management can also be effectively applied as
a measure against large-scale infectious diseases. Individual habits of improving awareness of personal health and the use of
PHRs for daily health management are powerful armaments against the rapid spread of infectious diseases. Ultimately, similar
actions may help to prevent the spread of COVID-19.
(JMIR Mhealth Uhealth 2020;8(7):e19902) doi:10.2196/19902
KEYWORDS
public health informatics; public health administration; emerging infectious disease; preventive medicine; mobile apps; contact
tracing

Introduction
The coronavirus disease (COVID-19) is widespread around the
world. In clusters of the virus, there is likely to be a continuous
generation of outbreaks, which may lead to larger-scale
outbreaks [1]. In Japan, between 10% and 20% of all patients
who are infected produce secondary infections [2].
Countermeasures aimed at preventing the spread of infection
have centered on accurate detection and appropriate response
to these clusters [3,4]. Accordingly, an effective and
straightforward system for observing health status outside
traditional health care settings would be useful as a
counter-cluster measure for preventing the spread of COVID-19.
In Japan, COVID-19 is a designated infectious disease as
defined by the relevant infectious disease control laws [3]. If a
patient is suspected to have a COVID-19 infection based on
clinical characteristics and diagnosis is confirmed by a
polymerase chain reaction (PCR) test, the confirmed patient is
hospitalized and isolated. An active epidemiological
investigation is then conducted by public health centers, which
are public institutions established by local governments based
on the Japanese Community Health Act [5]. At public health
centers, retrospective contact tracing [6-8] of confirmed patients
and prospective symptom tracking [9,10] of their “close
contacts,” people with whom they have been in recent contact,
are conducted. First, to identify the source of infection and make
lists of close contacts for the 14 days before the onset of
symptoms, a retrospective behavioral investigation is conducted
based on whether the confirmed patient had participated in
events characterized by the “three Cs” (closed spaces with poor
ventilation, crowded places with many people nearby, or
close-contact settings such as close-range conversations) [11,12],
as well as their travel history. Second, to prevent secondary
infections, close contacts are monitored for fever, dyspnea,
coughing, and other symptoms for 14 days from the most recent
date of exposure to a confirmed patient. To relieve pressure on
the medical system, further measures have been implemented
to care for mild or asymptomatic patients at home or in isolated
accommodations [13-15].
Health observations conducted outside of traditional hospital
settings can be difficult. In one example, patients on a large
cruise ship were confirmed to have COVID-19 [16-19]. After
quarantine, the remainder of the passengers with negative PCR
tests disembarked [20,21]. The Ministry of Health, Labor and
Welfare (MHLW) issued a report on health follow-up, and the
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public health centers in the nearby residential area conducted a
health observation [22]. Such an investigation is time-consuming
because it is based on telephone interviews or similar formats
[23]. In another example, a hospital doctor was confirmed to
be infected, and 13 other individuals were confirmed to have
been infected by that doctor within 10 days, mainly from close
contact [24,25]. Such heavy investigation of close contacts
prompted concerns that if the infection spread further, the public
health center would be overloaded [23].
In Japan, which has become a super-aged society, it is critical
to fill the gap between average life expectancy and healthy life
expectancy [26]. Personal health records (PHRs) are expected
to extend healthy life expectancy [27]. Based on their personal
judgement, individuals record their medical, nursing, caregiving,
and health-care–related data (ie, person-generated data [28]).
Until now, this process has been considered suitable for daily
management of an individual’s physical condition [29-32]. The
PHR allows the user to check their own health status (eg, to be
aware of their physical activity by measuring the daily number
of steps or to prevent overeating by monitoring their daily
weight measurements). Importantly for disease control, the PHR
can be used to detect early signs of infection through regular
measurements of body temperature. Management of an
individual’s physical condition and self-care can theoretically
be made easier by recording these data.
The Kyoto University Data Health Study Group, under the
supervision of the Kyoto University Health Service, conducts
research on shared lifelong PHR data based on annual health
checkups for students and has created standardized models to
promote the use of PHRs [33]. There are no major differences
between the observation items collected by daily health
observation for PHRs and the disease-specific observation items
for COVID-19. We hypothesized that by expanding the PHR
to collect observation items specific to COVID-19, it would be
possible to efficiently observe the health of individuals outside
of hospital settings, including the close contacts of confirmed
infected people, as well as patients who are mildly symptomatic
or asymptomatic at home or in isolated accommodations.
“K-note” (Kenko-Nikki; “health diary”) is a PHR-related app
developed by Healthtech Laboratory, Inc, a Kyoto
University–originated venture company in the Kyoto University
Incubation Program [34]. The Kyoto University Data Health
Study Group members and other volunteers, including
researchers at Wakayama Medical University, gathered data
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19902 | p.1155
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and added health observation functions specific for COVID-19
to the PHR data.
The objective of this study is to determine whether PHRs could
be used for efficient health observation of emerging infectious
diseases among individuals outside a traditional hospital setting.
In addition, we sought to demonstrate the practical use of a
smartphone and tablet app that supports PHR-based health
observation by integrating monitoring functions specific to
COVID-19. We explored the development, use, and efficiency
of this app relative to conventional methods in the setting of an
actual active epidemiological investigation of COVID-19.

Methods
Basic Concept and Features of K-Note
The PHR smartphone and tablet app “K-note” was developed
to manage various data based on an individual’s input as an
alternative to conventional paper-based health checkup
information. It is used to record day-to-day health information
such as the number of steps taken, body weight, and blood
pressure, as well as medical information such as medications
and vaccination history. Its principal purpose is to improve
individual lifestyles and, ultimately, extend healthy life
expectancy.
Since July 2019, K-note has been distributed free of charge to
study participants as part of a proof-of-concept study of health
promotion using PHRs. We recently added a COVID-19 health
observation function to the PHR app and made the software
available to the public free of charge.
Initially, the integration of health observation data specific to
COVID-19 in the K-note app was intended to streamline health
observation within schools and companies of groups suspected
of being infected. However, following an incidence of
COVID-19 infection, at the request of Wakayama City Public
Health Center, the app was applied in the context of an active
epidemiological investigation [24]. To improve the efficiency
of health observation work at the public health center, we
referred to the survey items of the National Institute of Infectious
Diseases [35] and created a Microsoft Excel (Microsoft
Corporation) macro for data visualization.
In general, personal information protection and network security
in Japan is strict, and there are often severe restrictions on access
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to webpages and social networking services, as well as personal
computer settings. Because K-note is intended to be used for
health observation related to COVID-19, it was designed to be
usable in various information and communication technology
environments, including use by local governments. The basic
concepts underlying development are as follows: only the app
and the readily available Excel software package are required,
operation can start immediately, and due consideration is given
to the protection of personal information. The benefits of the
app include its availability as a free download (ie, App Store,
Google Play). Data specific to COVID-19 can be recorded and
managed with other health observation data, and can be sent by
email to the specified destination with one click. Individuals
can easily review their own health observation data, and the
epidemiological officer can easily visualize the
comma-separated values (CSV) data they have received using
the Excel macro for data visualization. Data are managed only
within the smartphone or tablet and are not made available
elsewhere unless the individual who has been in close contact
with an infected individual and is to be observed (health
observer) specifically authorizes data sharing. K-note uses the
health observation form to show the state of the health observer
as “not infected” (ordinary health follow-up, close contact, etc)
or “diagnosed with infection” (mild or asymptomatic), and users
can choose from these options. Here, we show an example of
”not infected“ (ordinary health follow-up, a close contact of a
known infected individual).

Overview of Health Observation for Close Contacts
at the Public Health Center Using K-Note
At the public health center, a list of health observers is made;
a reference number, used in management, is assigned at this
time. A special email address is also created that is used when
the health observer sends data to the public health center. Every
day by the designated time, the health observer uses the
integrated email address to send their data related to COVID-19,
such as body temperature and symptoms, which were recorded
by the app. When the information has been received by the
epidemiological officer at the public health center, they can
visualize the collected CSV data using an Excel macro, and this
can be used to monitor the health condition of all health
observers. If appropriate, statistical data can be sent to
authorities such as the MHLW and quarantine stations (Figure
1).
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Figure 1. Overview of health observation of close contacts at the public health center using K-note. CSV: comma-separated values.

Health observation at the public health center using K-note is
performed in three phases: preparation, health observation by
K-note, and data visualization at the public health center.

Phase 1: Preparation
As part of an active epidemiological investigation, the condition
of confirmed patients is investigated at the public health center,
and a list of health observers, who are to be observed for 14
days, is made. The epidemiological officer at the public health
center acquires a reference number for each health observer.
The ”roster“ sheet of the Excel macro for data visualization

serves as the epidemiological officer management’s ledger of
health observers.
Because unique email addresses are used to transmit data to the
public health center, the epidemiological officer can monitor
each health observer separately, which may facilitate the
investigation. Although this is the system we have used, it may
be useful to create the email address differently according to
the operations of the public health center (eg, by creating one
for each epidemiological officer at the public health center or
one for each group of close contacts; Figure 2).

Figure 2. The “roster” sheet and the basic setting screen of K-note. PHR: personal health record.
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Phase 2: Health Observation Using K-Note
The health observer records their daily health conditions such
as body temperature and symptoms for 14 days from the start
of the observation (Figure 3).
After data input, when the health observer presses the “send
data page” button, the “send data page” appears. Health

Yamamoto et al
observers may input up to three email addresses. When the
health observer presses the “send by email” button, the
observation data is automatically converted into CSV format
and attached to the email. By a designated time every day, the
app is used to send the health observer’s recorded observation
data to the specified email addresses (Figures 4 and 5).

Figure 3. Health observation data input screen in K-note. Data entry items are body temperature, coughing, dyspnea, rhinorrhea, sore throat, fatigue,
diarrhea, headache, other symptoms, medication, confirmation of whether a test has been taken, and test results.
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Figure 4. Email sending screens. CSV: comma-separated values.

Figure 5. Transmitted comma-separated values data image.
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Phase 3: Data Collection by the Epidemiological
Officer at the Public Health Center
The epidemiological officer downloads the CSV data of all
health observers received on that day and stores them in a single
folder. By launching the Excel macro for data aggregation and
batch importing the CSV data on the ”Execution“ sheet, all
health observation data received on that day will be displayed
on the ”data list“ sheet, and the “roster” sheet is updated. In the
”roster“ sheet, health observers whose health observation data
were received that day are displayed in white, those whose data
was not received on the day are displayed in yellow, and those
whose data has never been received are automatically displayed
in red. With this function, the epidemiological officer can easily
distinguish the reporting status of all health observers. It is
possible to adapt this system according to the situation (eg, it
may be sufficient to contact only the health observers who are

Yamamoto et al
displayed in yellow or red). On the ”data list“ sheet, all the data
for all the health observers are displayed. Excel functions can
be used to rearrange the health observers and display only a
particular day. Regarding body temperature, yellow is
automatically used to distinguish health observers whose
reported body temperature was ≥37°C, and red is used to
distinguish those with temperatures ≥37.5°C. Coughs or other
symptoms are automatically displayed in red. If the
epidemiological officer checks the “data list” sheet and a health
observer requires more detailed observation, they may click the
link in the ”Thermal type table“ column to display the ”fever
chart“ sheet. Here, body temperature is displayed graphically
over time, and 37.5°C is indicated by a red line so that it is
possible to see at a glance whether there are days when the
temperature exceeded the standard value. Symptoms are also
listed over time and displayed in red (Figure 6).

Figure 6. Screen images of the “execution,” “roster,” “data list,” and “fever chart” sheets. CSV: comma-separated values.

Results
Active Epidemiological Investigation Executed by the
Public Health Center
We started developing the health observation app on February
22, 2020, and registered the initial version in the app store on
February 27. On March 5, a patient with COVID-19 at a
workplace in Wakayama City was confirmed, and the use of
the initial version of the app was started at the Wakayama City
https://mhealth.jmir.org/2020/7/e19902
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Public Health Center on March 6. We immediately customized
the health observation app according to the actual
epidemiological investigation and released an updated version
on March 15. Health observation had been performed for 14
days starting from the day of contact (exposure) with the
confirmed patient. In principle, the investigation would be
tracked daily until all health observers were contacted. For those
who were exposed before March 5 and were found to be infected
by health observation, observation will be completed without
waiting for the final day. During the active epidemiological
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19902 | p.1160
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investigation, the Wakayama City Public Health Center
discovered 72 health observers who had close contact with a
confirmed case. Among them, 57 (79.2%) adopted the use of

the health observation app and 14 used telephone investigations;
the observation period of the remaining health observers ended
on March 5 (Table 1).

Table 1. Results of health observation from March 6, 2020.
Date in 2020

Day of week

Total

Investigation using the app

Investigation by phone

Health observers, n

Spontaneous email senders, n

Health observers, n

Those who could be contacted by one phone call, n

729

632

171

154

March 6

Friday

57

48

14

14

March 7

Saturday

57

54

14

14

March 8

Sunday

57

56

14

13

March 9

Monday

57

54

14

14

March 10

Tuesday

57

49

14

13

March 11

Wednesday

56

44

14

14

March 12

Thursday

53

45

12

8

March 13

Friday

53

45

11

8

March 14

Saturday

51

44

11

10

March 15

Sunday

50

39

11

10

March 16

Monday

50

44

11

11

March 17

Tuesday

49

40

11

11

March 18

Wednesday

46

40

10

7

March 19

Thursday

36

30

10

7

During the app-based investigation, the 6 health observers who
did not send an email on March 19, 2020, were contacted by
phone by an epidemiological officer to inform them of the end
of the observation; their health condition was checked at that
time. In total 57 of 72 health observers (79.2%) chose the app.
The spontaneous email transmission rate was 86.7%
(n=632/729).
Before the app was introduced, all health observers were
interviewed by telephone, a process that took four
epidemiological officers more than 2 hours. This suggested that,
should the virus spread further, it would be difficult to maintain
investigations by telephone with limited staff over 14 days.
Additionally, the comprehensiveness of the investigation may
be compromised because health observers might be absent or
epidemiological officers might not be able to make a phone call
because of other work. Furthermore, the health observer also
had to wait in a place where they could answer the telephone
during the survey period, placing a heavy burden on both the
health observer and the epidemiological officers. With the
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introduction of K-note, it became possible to automatically
manage information collectively; the health observers sent their
data at a designated time every day, and a single epidemiological
officer could carry out health observations alone. In addition,
the arrival status of observation data and the health condition
of the health observer were readily visualized, which improved
the efficiency and comprehensiveness of the investigation. To
improve efficiency, the app was modified 6 times, and the Excel
macro 3 times, by mid-May.

Usability Evaluation of K-Note
As of May 12, 2020, K-note has been used by more than 20,280
individuals and 400 facilities or organizations, centered on
companies, schools, hospitals, and local governments in Japan.
The breakdown by facility was as follows: 166 (41.5%)
companies, 90 (22.6%) schools, 51 (12.7%) hospitals, and 47
(11.7%) from local government. In addition, it has been
introduced in 24 of 47 prefectures and is used in 35 public health
centers (Figures 7 and 8).
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Figure 7. The number of app users between March 1 and May 12, 2020.

Figure 8. The number of facilities and organizations between March 1 and May 12, 2020.

At the time the app was released, only email support was
implemented, but with the increase in the number of inquiries,
a help desk officially opened on March 28. By mid-May, the
https://mhealth.jmir.org/2020/7/e19902
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total number of inquiries to the help desk was 99. The
breakdown of inquiries was: 18 (18%) “Can’t send emails from
the app,” 17 (17%) “App functions and usage,” 20 (20%) “Can’t
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download Excel macro,” 26 (26%) “Excel macro function and
usage,” and 18 (18%) “Other inquiries.” In addition, online
operation briefing sessions for the app were held eight times by
mid-May for a total of 152 participants.
To evaluate the usability of the app, we interviewed the help
desk manager about the context of use, effectiveness, efficiency,
and satisfaction according to the definition of usability in ISO
9241-11:2018 [36]. The results are shown in the following
sections.

Context of Use
The use of apps started with local governments and gradually
spread to schools and companies. Initially, a tool for health
observation was required as a COVID-19 countermeasure, and
many facilities decided to introduce our app because of the
motivation to respond promptly rather than seeking efficiency
and effectiveness. Many users expressed their gratitude for an
Excel-based system that could be introduced immediately, even
if it was a bit inconvenient, because they did not know the
specific method for health observation and there was no
alternative system. As social awareness of the need for health
observation increased, the number of users from large
universities and companies increased. Since mid-May, the
number of inquiries by health observers has increased due to
the state of emergency being lifted in Japan and the subsequent
movement toward resuming social activities [37].

Effectiveness
From the viewpoint of effectiveness, the ability to record daily
health condition was of great significance as a countermeasure
against COVID-19. Because it was possible to look back when
some problem occurred, the app could be used for health
observation not only in active epidemiological investigation at
public health centers but also for health observation before and
after events such as educational practice, face-to-face lectures,
and physical education classes.

Efficiency
Because of the rapid spread of COVID-19, no one was
demanding optimal efficiency. Still, we must acknowledge that
our method for exchange of CSV data by email and manual
data visualization by Excel macro was not efficient. In addition,
there were many inquiries from local governments and
companies indicating that, for security reasons, it was not
possible to use web forms for the online briefing sessions or to
download files (including the Excel) macro on the internet.
In the flood of various information technologies, the following
two points are presumed to have driven increased demand for
our app.
1.

2.

Among members of the general public, there was not a habit
of taking daily measurements of body temperature and
monitoring changes over time to lead to behavioral changes
without a doctor's guidance; however, there was no
alternative system that could also manage personal consent
and security.
Even the local government had no experience with
exchanging health information electronically with the
general public.
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Satisfaction
From the viewpoint of satisfaction, the administrator of a facility
or organization was able to fulfill their social responsibility by
introducing our app as the infection of COVID-19 spread. Health
observers also had a sense of security that someone was
observing their health condition. Therefore, it could be presumed
that satisfaction was high. Recently, health observation became
one of the requirements for resuming social activities in Japan.

Discussion
Principal Findings
We extended PHRs and developed a PHR-based health
observation app for counter- cluster measures of COVID-19.
As a result of applying the new app in an active epidemiological
investigation at a public health center, we believe that the
efficiency and completeness of the investigation have been
improved, preventing the spread of infection. The app is used
nationwide in Japan, mainly by companies, schools, hospitals,
and local governments for health observation for the prevention
of COVID-19. Except for active epidemiological investigations
at public health centers, confirmed patients may not have been
identified by self-reporting from schools or companies alone.
However, the app has contributed to the early detection of
COVID-19 or voluntary self-quarantine at home by individuals
with suspected symptoms, and the use of the app can facilitate
reopening of school and corporate activities. Our findings
suggest that health monitoring of PHRs is useful for carrying
out efficient health observation of emerging infectious diseases
for individuals outside of a traditional hospital setting.
A factor contributing to the success of our app is that we
assumed that it would be used for health observation of small
groups; accordingly, we designed the system configuration so
that it could be introduced immediately without a cloud system;
the user only requires the app itself and Excel. Many local
governments in Japan have strict control of security and
protection of personal information, and are often restricted from
displaying external webpages and using social networking
services from their office local area networks. A system for
storing health observation data in the cloud and sharing data
between the health observer and the public health center would
require security-related deliberation and entail large-scale
initiatives for entire cities or prefectures. On the other hand, our
method can be implemented immediately and at low cost in a
comparatively simple ICT environment in which emails can be
exchanged between the health observer and the public health
center using just the app and Excel. It is therefore possible for
each public health center to make a decision about whether to
introduce the system. Additionally, because it was based on the
COVID-19 health observation items of the National Institute
of Infectious Diseases and reflected the opinions of preventive
medicine specialists and epidemiological officers at public
health centers, the app was practical.
The basis of this study was the idea that PHRs, which are used
to promote health via daily observation, can be used as a
counter-cluster measure against large-scale infectious diseases.
In the case of highly infectious diseases, infection is often found
in people in close contact with a known infected patient, but
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they often do not have symptoms at the start of the observation.
For this reason, it is extremely difficult to undertake
comprehensive health observations outside the hospital,
including of asymptomatic individuals or those with mild
symptoms, those under isolation, those who are suspected to be
infected based on airport quarantine, and those within active
epidemiologic investigations. It is obviously too late to start
preparations after an infectious disease begins to spread, and
ideally, a system would be established during normal times.
However, it is socially difficult to invest in and maintain costly
measures against large-scale infectious diseases that occur once
every few years or even several decades. Although there are
observation items specific to infectious disease control, they
are just an extension of daily health observation. We believe
that the idea of converting daily health promotion activities by
PHR into countermeasures against large-scale infectious diseases
in emergencies could enable a swift response to these illnesses.
The popularization of PHRs is key to making daily health
observations the basis of counter-cluster measures against
large-scale infections. It is important for promoting the
significance of the habit of self-management of health data and
as a tool for individuals to maintain their own health throughout
society. As a countermeasure against COVID-19, many people
have undertaken health observation using our app in Japan. We
would like to further promote the habit of PHR-mediated health
observation as a social infrastructure even after the end of
COVID-19. To do that, more people must become aware of the
benefits of maintaining PHRs. Taking advantage of the
experience of developing a health observation app for
COVID-19, we would like to develop various additional apps
of the same kind, not only as a measure against emerging
infectious diseases but also for health management for public
marathons, in club activities in educational institutions, and
after large-scale disasters.

Limitations
For research, detailed quantitative and qualitative evaluation
items should be determined, and data should be collected at the
time that the research plan is created. However, due to the
urgency of preventing the spread of COVID-19, app
development and an introduction to public health centers were
given priority. In this case, we only performed qualitative
evaluation of the burden reduction effect by interviewing
epidemiological officers and help desk managers. Another
limitation is that some members of society do not have access
to smartphones, tablets, or Wi-Fi connections. Although the
process is explained well here, some people may find the method
difficult to use if they are not familiar with information and
communications technology. We distribute to these health
observers an Excel survey sheet that can be read into the data
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visualization Excel macro. In addition, a proxy input function
may be necessary. The current Excel macro for data
visualization was developed for the health observation of
individuals who have been in close contact with known infected
patients at public health centers. We believe that this is suitable
for surveys of up to 100 close contacts per confirmed patient.
If the number of people exceeds 100, a more sophisticated data
visualization system may be required. It would also be possible
to develop a retrospective behavioral investigation support app
for confirmed patients and close contacts using smartphones
and PHR behavioral history information, but such an app has
not been developed due to concerns about protecting personal
information [38,39]. Currently, contact-tracing apps are being
developed all over the world [6-8]. In Japan, as a counter-cluster
measure, retrospective behavioral investigation of confirmed
patients, explorations of close contacts, and prospective
symptom tracking of close contacts are executed as active
epidemiological investigations, but the amount of work required
is enormous. If contact-tracing and symptom-tracking apps
[9,10,40] can be used in combination in an active
epidemiological investigation, it may be possible to greatly
reduce the workload.
As a measure against future large-scale infectious diseases after
the termination of COVID-19, it would be useful to develop an
infectious disease control support network based on PHRs that
could seamlessly respond to signs of infectious disease spread
active case findings of behavioral investigation of confirmed
patients and close contacts, health observation of out-of-hospital
close contacts and mild or asymptomatic patients, and provide
statistics to local governments and national headquarters.

Conclusions
We developed a health observation app integrated with PHRs
as a COVID-19 counter-cluster measure. The app greatly
reduced the follow-up burden of individuals who had close
contact with known cases of confirmed COVID-19 infection.
The relatively low-tech nature of the app and Excel combination
meant that it was easily accessible, especially in Japan. The
system uses emails rather than the cloud, an approach that is
arguably more compatible with business and privacy practices
specific to Japan. Health observation by PHRs for the purpose
of improving health management and extending healthy life
expectancy by using individuals’ own health information is also
effective as a countermeasure against large-scale infectious
diseases. We believe that raising the awareness of each person
about their own health and the value of using PHRs for daily
health management is a powerful weapon against the rapidly
expanding spread of infectious diseases. We hope that our study
will help prevent the spread of COVID-19 infections and future
large-scale infectious diseases around the world.

Acknowledgments
This work was supported by the Japan Society for the Promotion of Science Grants-in-Aid for Scientific Research Grant Number
19K12867, the Kyoto University Incubation Program, and the Kyoto University Health Service and HealthTech Laboratory Joint
Research Fund for ”Research on construction and promotion of standardized model for shared lifelong PHR based on university
health checkup.“ These funding sources did not influence the conduct of this work.

https://mhealth.jmir.org/2020/7/e19902

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19902 | p.1164
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Yamamoto et al

The authors acknowledge University President Kazuhisa Miyashita, Prof Tatsuya Takeshita of Wakayama Medical University,
and Masahiko Sakaguchi of Osaka Electro-Communication University for their kind support, as well as Hisakazu Tamaki, Yusuke
Shimokawahara, Atsushi Matsuoka, and Masahiro Akita of Union Think for excellent software development.

Authors' Contributions
KY and TI were responsible for the conception and design. TT, YN, SK, and TA contributed to the app and data visualization
tool development. TS, YT, KM, and DK contributed to the design and provided knowledge about preventive medicine. MU and
HM contributed to the design and provided knowledge and executed active epidemiological investigation at the public health
center. SM provided the legal knowledge. All authors read and approved the final manuscript.

Conflicts of Interest
TI is an outside director of HealthTech Laboratory and receives grants from the Kyoto University Health Service and HealthTech
Laboratory Joint Research Fund. TS and YT are employed by the Kyoto University Health Service and HealthTech Laboratory
Joint Research Fund. The other authors declare that they have no conflicts of interest.
Multimedia Appendix 1
Excel macro and demo data (demo_data_visualization.zip).
[ZIP File (Zip Archive), 109 KB - mhealth_v8i7e19902_app1.zip ]

References
1.

2.
3.

4.

5.
6.
7.

8.
9.
10.

11.
12.
13.
14.
15.
16.

Considerations in the investigation of cases and clusters of COVID-19. World Health Organization. 2020 Apr 02. URL:
https://www.who.int/publications-detail/considerations-in-the-investigation-of-cases-and-clusters-of-covid-19 [accessed
2020-06-20]
Nishiura H, Oshitani H, Kobayashi T, et al, MHLW COVID-19 Response Team. Closed environments facilitate secondary
transmission of coronavirus disease 2019 (COVID-19) [preprint]. medRxiv 2020 Apr 16. [doi: 10.1101/2020.02.28.20029272]
Act on the Prevention of Infectious Diseases and Medical Care for Patients with Infectious Diseases. Act No. 114. Ministry
of Health, Labor and Welfare. URL: http://www.japaneselawtranslation.go.jp/law/detail/?vm=04&re=01&id=2830 [accessed
2020-06-20]
Guidelines for active epidemiological investigation in patients with novel coronavirus infection (provisional version).
National Institute of Infectious Diseases. URL: https://www.niid.go.jp/niid/en/2019-ncov-e/2484-idsc/9472-2019-ncov-02-en.
html [accessed 2020-06-20]
Katsuda N, Hinohara Y, Tomita K, Hamajima N. Structure and roles of public health centers (hokenjo) in Japan. Nagoya
J Med Sci 2011 Feb;73(1-2):59-68. [Medline: 21614938]
Yasaka TM, Lehrich BM, Sahyouni R. Peer-to-peer contact tracing: development of a privacy-preserving smartphone app.
JMIR Mhealth Uhealth 2020 Apr 07;8(4):e18936 [FREE Full text] [doi: 10.2196/18936] [Medline: 32240973]
Ekong I, Chukwu E, Chukwu M. COVID-19 mobile positioning data contact tracing and patient privacy regulations:
exploratory search of global response strategies and the use of digital tools in Nigeria. JMIR Mhealth Uhealth 2020 Apr
27;8(4):e19139 [FREE Full text] [doi: 10.2196/19139] [Medline: 32310817]
Abeler J, Bäcker M, Buermeyer U, Zillessen H. COVID-19 contact tracing and data protection can go together. JMIR
Mhealth Uhealth 2020 Apr 20;8(4):e19359 [FREE Full text] [doi: 10.2196/19359] [Medline: 32294052]
Menni C, Valdes AM, Freidin MB, Sudre CH, Nguyen LH, Drew DA, et al. Real-time tracking of self-reported symptoms
to predict potential COVID-19. Nat Med 2020 May 11. [doi: 10.1038/s41591-020-0916-2] [Medline: 32393804]
Leong AY, Makowsky MJ. Quality of blood pressure tracking apps for the iPhone: content analysis and evaluation of
adherence with home blood pressure measurement best practices. JMIR Mhealth Uhealth 2019 Apr 12;7(4):e10809 [FREE
Full text] [doi: 10.2196/10809] [Medline: 30977739]
Avoid the "Three Cs"!. Ministry of Health, Labor and Welfare. URL: https://www.mhlw.go.jp/content/10900000/000619576.
pdf [accessed 2020-06-20]
Suzuki K. COVID-19 strategy: the Japan model. The Japan Times. 2020 Apr 28. URL: https://www.japantimes.co.jp/
opinion/2020/04/28/commentary/japan-commentary/covid-19-strategy-japan-model/#.XtuZp-fgo2w [accessed 2020-06-20]
About preparation for accommodation and home treatment for people with mild illness of new-type coronavirus infectious
disease. Ministry of Health, Labor and Welfare. URL: https://www.mhlw.go.jp/content/000618525.pdf [accessed 2020-06-20]
Tokyo negotiating with hotels to accommodate coronavirus patients with mild symptoms. The Mainichi. 2020 Apr 03.
URL: https://mainichi.jp/english/articles/20200403/p2a/00m/0na/014000c [accessed 2020-06-20]
Japan to secure more hotel rooms for mild cases of COVID-19. The Mainichi. 2020 Apr 25. URL: https://mainichi.jp/
english/articles/20200425/p2g/00m/0na/027000c [accessed 2020-06-20]
Field briefing: Diamond Princess COVID-19 cases. National Institute of Infectious Diseases. 2020 Feb 29. URL: https:/
/www.niid.go.jp/niid/en/2019-ncov-e/9407-covid-dp-fe-01.html [accessed 2020-06-20]

https://mhealth.jmir.org/2020/7/e19902

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19902 | p.1165
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
17.
18.

19.
20.
21.
22.
23.
24.
25.

26.
27.
28.

29.
30.
31.

32.
33.
34.
35.
36.
37.
38.
39.
40.

Yamamoto et al

Jimi H, Hashimoto G. Challenges of COVID-19 outbreak on the cruise ship Diamond Princess docked at Yokohama, Japan:
a real-world story. GHM 2020;2(2):63-65. [doi: 10.35772/ghm.2020.01038]
Nakazawa E, Ino H, Akabayashi A. Chronology of COVID-19 cases on the Diamond Princess cruise ship and ethical
considerations: a report from Japan. Disaster Med Public Health Prep 2020 Mar 24:1-8 [FREE Full text] [doi:
10.1017/dmp.2020.50] [Medline: 32207674]
Yamahata Y, Shibata A. Preparation for quarantine on the cruise ship Diamond Princess in Japan due to COVID-19. JMIR
Public Health Surveill 2020 May 11;6(2):e18821 [FREE Full text] [doi: 10.2196/18821] [Medline: 32365046]
Disembarkation operation at the end of quarantine period. Ministry of Health, Labor and Welfare. URL: https://www.
mhlw.go.jp/content/10906000/000596286.pdf [accessed 2020-06-20]
Coronavirus: passengers leave Diamond Princess amid criticism of Japan. BBC News. 2020 Feb 20. URL: https://tinyurl.
com/y9h28geu [accessed 2020-06-20]
Health follow-up for the disembarkation of the Diamond Princess. Ministry of Health, Labor and Welfare. URL: https:/
/www.mhlw.go.jp/content/10900000/000599379.pdf [accessed 2020-06-20]
Shimura K, Mukuda K, Lee Y. Public health center workers in Tokyo exhausted as coronavirus cases keep rising. The
Mainichi. 2020 Apr 21. URL: https://mainichi.jp/english/articles/20200421/p2a/00m/0in/018000c [accessed 2020-06-20]
Novel coronavirus infection situation in Wakayama. Wakayama Prefecture. URL: https://www.pref.wakayama.lg.jp/prefg/
041200/d00203387.html?SLANG=ja&TLANG=en&XMODE=0&XCHARSET=utf-8&XJSID=0 [accessed 2020-06-20]
Denyer S, Kashiwagi A. A region in Japan launched its own coronavirus fight. It’s now called a ‘model’ in local action.
The Washington Post. 2020 Mar 22. URL: https://www.washingtonpost.com/world/asia_pacific/japan-coronavirus-wakayama/
2020/03/22/02da83bc-65f5-11ea-8a8e-5c5336b32760_story.html [accessed 2020-06-20]
Tokudome S, Hashimoto S, Igata A. Life expectancy and healthy life expectancy of Japan: the fastest graying society in
the world. BMC Res Notes 2016 Oct 28;9(1):482 [FREE Full text] [doi: 10.1186/s13104-016-2281-2] [Medline: 27793196]
Kajiwara T. Universal health coverage and long-term care in Japan. Ministry of Health, Labor and Welfare. URL: https:/
/www.who.int/ageing/health-systems/icope/icope-consultation/Day01-ToruKajiwara.pdf [accessed 2020-06-20]
Gray K, Martin-Sanchez FJ, Lopez-Campos GH, Almalki M, Merolli M. Person-generated data in self-quantification. A
health informatics research program. Methods Inf Med 2017 Jan 09;56(1):40-45. [doi: 10.3414/ME15-02-0006] [Medline:
27782291]
Bouri N, Ravi S. Going mobile: how mobile personal health records can improve health care during emergencies. JMIR
Mhealth Uhealth 2014 Mar 05;2(1):e8 [FREE Full text] [doi: 10.2196/mhealth.3017] [Medline: 25098942]
Dameff C, Clay B, Longhurst CA. Personal health records: more promising in the smartphone era? JAMA 2019 Jan
29;321(4):339-340. [doi: 10.1001/jama.2018.20434] [Medline: 30633300]
Milne-Ives M, Lam C, De Cock C, Van Velthoven MH, Meinert E. Mobile apps for health behavior change in physical
activity, diet, drug and alcohol use, and mental health: systematic review. JMIR Mhealth Uhealth 2020 Mar 18;8(3):e17046
[FREE Full text] [doi: 10.2196/17046] [Medline: 32186518]
General Incorporated Association PHR Promotion Committee. URL: https://phr.or.jp/ [accessed 2020-06-20]
The Kyoto University Data Health Study group. Kyoto University Health Service. URL: https://dh-lab.org/ [accessed
2020-06-20]
K-note. Healthtech Laboratory, Inc. URL: https://www.htech-lab.co.jp/covid19/ [accessed 2020-06-20]
Survey items. National Institute of Infectious Diseases. URL: https://www.niid.go.jp/niid/images/epi/corona/
nCoV_survey2004020.xlsx [accessed 2020-06-20]
ISO 9241-11:2018(en) ergonomics of human-system interaction — part 11: usability: definitions and concepts. International
Organization for Standardization. URL: https://www.iso.org/obp/ui/#iso:std:iso:9241:-11:ed-2:v1:en [accessed 2020-06-20]
COVID-19 press conference by the Prime Minister regarding the novel coronavirus. Prime Minister of Japan and his Cabinet.
2020 May 25. URL: https://japan.kantei.go.jp/98_abe/statement/202005/_00003.html [accessed 2020-06-20]
Lin L, Ping CK. Singapore built a coronavirus app, but it hasn’t worked so far. Wall Street J 2020 Apr 22.
Exposure notifications: using technology to help public health authorities fight COVID-19. Google COVID-19 Information
& Resources. URL: https://www.google.com/covid19/exposurenotifications/ [accessed 2020-06-20]
Lalloo C, Hundert A, Harris L, Pham Q, Campbell F, Chorney J, et al. Capturing daily disease experiences of adolescents
with chronic pain: mHealth-mediated symptom tracking. JMIR Mhealth Uhealth 2019 Jan 17;7(1):e11838 [FREE Full text]
[doi: 10.2196/11838] [Medline: 30664472]

Abbreviations
COVID-19: coronavirus disease
CSV: comma-separated values
MHLW: Ministry of Health, Labor and Welfare
PCR: polymerase chain reaction
PHR: personal health record

https://mhealth.jmir.org/2020/7/e19902

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19902 | p.1166
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Yamamoto et al

Edited by G Strudwick, G Eysenbach; submitted 14.05.20; peer-reviewed by D Estrin, C Dameff; comments to author 03.06.20; revised
version received 20.06.20; accepted 21.06.20; published 06.07.20.
Please cite as:
Yamamoto K, Takahashi T, Urasaki M, Nagayasu Y, Shimamoto T, Tateyama Y, Matsuzaki K, Kobayashi D, Kubo S, Mito S, Abe T,
Matsuura H, Iwami T
Health Observation App for COVID-19 Symptom Tracking Integrated With Personal Health Records: Proof of Concept and Practical
Use Study
JMIR Mhealth Uhealth 2020;8(7):e19902
URL: https://mhealth.jmir.org/2020/7/e19902
doi:10.2196/19902
PMID:32568728

©Keiichi Yamamoto, Tsubasa Takahashi, Miwa Urasaki, Yoichi Nagayasu, Tomonari Shimamoto, Yukiko Tateyama, Keiichi
Matsuzaki, Daisuke Kobayashi, Satoshi Kubo, Shigeyuki Mito, Tatsuya Abe, Hideo Matsuura, Taku Iwami. Originally published
in JMIR mHealth and uHealth (http://mhealth.jmir.org), 06.07.2020. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in JMIR mHealth and uHealth, is
properly cited. The complete bibliographic information, a link to the original publication on http://mhealth.jmir.org/, as well as
this copyright and license information must be included.

https://mhealth.jmir.org/2020/7/e19902

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 7 | e19902 | p.1167
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Byambasuren et al

Original Paper

Barriers to and Facilitators of the Prescription of mHealth Apps in
Australian General Practice: Qualitative Study
Oyungerel Byambasuren1, MD, MMedRes; Elaine Beller1, MAppStat; Tammy Hoffmann1, PhD; Paul Glasziou1, PhD
Institute for Evidence-Based Healthcare, Bond University, Robina, Australia

Corresponding Author:
Oyungerel Byambasuren, MD, MMedRes
Institute for Evidence-Based Healthcare
Bond University
14 University Dr
Robina, 4226 QLD
Australia
Phone: 61 432097753
Email: obyambas@bond.edu.au

Abstract
Background: The ubiquity of smartphones and health apps make them a potential self-management tool for patients that could
be prescribed by medical professionals. However, little is known about how Australian general practitioners and their patients
view the possibility of prescribing mobile health (mHealth) apps as a nondrug intervention.
Objective: This study aimed to determine barriers and facilitators to prescribing mHealth apps in Australian general practice
from the perspective of general practitioners and their patients.
Methods: We conducted semistructured interviews in Australian general practice settings with purposively sampled general
practitioners and patients. The audio-recorded interviews were transcribed, coded, and thematically analyzed by two researchers.
Results: Interview participants included 20 general practitioners and 15 adult patients. General practitioners’ perceived barriers
to prescribing apps included a generational difference in the digital propensity for providers and patients; lack of knowledge of
prescribable apps and trustworthy sources to access them; the time commitment required of providers and patients to learn and
use the apps; and concerns about privacy, safety, and trustworthiness of health apps. General practitioners perceived facilitators
as trustworthy sources to access prescribable apps and information, and younger generation and widespread smartphone ownership.
For patients, the main barriers were older age and usability of mHealth apps. Patients were not concerned about privacy and data
safety issues regarding health app use. Facilitators for patients included the ubiquity of smartphones and apps, especially for the
younger generation and recommendation of apps by doctors. We identified evidence of effectiveness as an independent theme
from both the provider and patient perspectives.
Conclusions: mHealth app prescription appears to be feasible in general practice. The barriers and facilitators identified by the
providers and patients overlapped, though privacy was of less concern to patients. The involvement of health professionals and
patients is vital for the successful integration of effective, evidence-based mHealth apps with clinical practice.
(JMIR Mhealth Uhealth 2020;8(7):e17447) doi:10.2196/17447
KEYWORDS
mobile apps; mHealth; apps; app prescription; general practice

Introduction
The number of smartphones and mobile health (mHealth) apps
has risen globally, with Australians at the forefront with
smartphone ownership near 90% of the population [1]. In
addition to fitness and wellness, mHealth apps are primarily
created for and can benefit patients in managing chronic diseases
[2]. More than half of US consumers have downloaded at least
http://mhealth.jmir.org/2020/7/e17447/
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one mHealth app [3]. Despite the high initial uptake of apps,
user retention rates can be low, and the duration of app usage
can be short [4,5]. However, according to AppScript, an app
prescription platform, prescribed mHealth apps have a higher
retention rate than nonprescribed apps [2].
Health professionals prescribe mHealth apps in their practice
in varying degrees [6-9]. Although relevant professional
organizations provide some guidance on how to prescribe
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mHealth technology in clinical practice, health professionals
are often left to navigate this new area on their own [10-12]. A
systematic review by Gagnon et al [13] identified about 180
individual barriers and facilitators to adoption of mHealth by
health professionals, about third of which reflect factors directly
relevant to their knowledge, attitude toward, and acceptance of
mHealth. However, these findings were not specific to general
practice.
In Australia, the Royal Australian College of General
Practitioners (RACGP) offers limited guidance on mHealth
apps. The college also has been collecting basic data on
providers’ app usage as part of their Annual Technology survey
[14]. However, the survey has not explored potential barriers
to mHealth app adoption in-depth. It is essential to explore the
issues around app prescription in general practice in order to
devise effective interventions to overcome the barriers perceived
by the practitioners. Therefore, the objectives of this study were
to determine the barriers to and facilitators of the prescription
of mHealth apps in Australian general practice from the
perspectives of general practitioners and their patients.

Methods
Participants
We conducted one-to-one semistructured interviews with 20
Australian general practitioners (GPs; 8 via telephone and 12
face-to-face) and 15 patients (all face-to-face) in South East
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Queensland (Australia) general practices between July and
December 2017. We recruited the participants using purposive
sampling to ensure a diverse range of years of experience and
age. Recruitment was done mainly through snowballing via
colleagues, organizational contacts, and via initial participants.
Participation in the interviews was voluntary and written
informed consent was obtained from each participant before
the interview. GPs were interviewed in their consultation rooms
or over the phone. Patients were interviewed in the waiting area
of the clinic if privacy was ensured.

Procedure
We chose semistructured interviews as they allow for flexibility
to explore a new subject yet are structured enough to achieve
the study aim. The interview questions were developed by the
authors, piloted with three academic GPs, and revised before
the study. The questions were designed to explore participants’
attitudes toward smartphone health apps, their thoughts on the
possibility of prescribing health apps, and perceived potential
barriers and facilitators to prescribing apps in general practice
consultations (Figure 1). Toward the end of the interview,
participants were shown (or in the case of phone interviews,
apps were named) 9 examples of popular Health & Fitness and
Medical apps from the major app stores and 9 examples of tested
and effected apps identified through our earlier study on the
evidence supporting health and medical apps in order to gauge
their general familiarity with mHealth apps [15] (Figure 2). No
financial or other incentives were offered to participants.

Figure 1. Guide map for the interview.
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Figure 2. Example apps are shown to interviewees to identify their familiarity with evidence-based vs. popular mHealth apps.

Data Analysis

generated themes were reviewed in consultation with the third
author (TH). The results are written up by the first author (OB).

We planned to interview 15-20 GPs and a similar number of
patients. Data saturation was fully achieved, ie, no new content
emerged after 3 consecutive interviews in both cohorts by the
time we interviewed 20 GPs and 15 patients, therefore validating
that our sample size was sufficient. All interviews were
conducted, audio-recorded, and transcribed verbatim by the first
author (OB).

We used the Consolidated Criteria for Reporting Qualitative
Research checklist to report the details of our study [17], which
is provided as Multimedia Appendix 1. Ethics approval was
obtained from the Bond University Human Research Ethics
Committee (16016).

We employed a thematic analysis methodology described by
Braun and Clarke [16]. The six phases of analysis were
familiarization with the data, coding, generating initial themes,
reviewing themes, defining and naming themes, and report
writing. Two researchers (OB, RS) familiarized themselves
with the interview transcripts and independently coded them.
Partially inductive thematic analysis was carried out, and

Results
We interviewed 20 general practitioners and 15 patients, the
demographics of whom are shown in Table 1. Ten additional
patients declined to be interviewed, citing that they have never
used mHealth apps or do not know anything about them. None
of the providers we approached declined to be interviewed.
Interviews averaged about four minutes for patients and twelve
minutes for GPs.

Table 1. Participant characteristics.
Group

Total, n (%)

General practitioners (n=20)
Years in practice
<10

6 (30)

10-20

6 (30)

>20

8 (40)

Gender (female)

12 (60)

Patients (n=15)
Age (years)
18-35

5 (33.3)

36-50

5 (33.3)

Over 50

5 (33.3)

Gender (female)

10 (66.6)
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General Practitioners’ Perspectives
The majority of the GPs reported using health apps personally,
professionally, and recommending health apps to patients.
However, most GPs suggest apps mostly in generic terms in
areas such as mindfulness and period-tracking without naming
specific apps and let patients make the final choice because they
do not know any specific vetted and safe apps.
The GPs were more familiar with popular apps such as
MyFitnessPal, Headspace, and Smiling Mind than
evidence-based apps. None of the GPs was familiar with five
of the evidence-based apps (SuperBetter, MyMealMate,
AccupedoPro, Vegethon, Tat). Sources for finding health apps
to recommend varied from trusted websites and medical
publications to word-of-mouth and app stores.
About half of the participants were unfamiliar with the
Handbook of Non-Drug Interventions (HANDI) web resource
from the RACGP [18], but upon being introduced to it, they all
agreed that HANDI would be a trustworthy resource for
evidence-based apps, consistent with those GPs who were
already familiar with HANDI.

Barriers
We identified four themes around barriers to app prescription
in general practice. The most prominent barrier cited was a
generational difference in the overall digital propensity for both
doctors and their patients.
Most patients who would benefit from them are elderly
and they don’t do apps. They don’t do smartphones.
That’s the number one barrier. And most of our
patients who are over 70 will be in that category.
Most I would say. [GP7]
Well, it’s probably my age group more than anything.
it’s just I’m not as familiar with and as happy around
technology as the newer doctors… I do feel it’s
important to try to learn it because it’s part of the
future… so it’s that technology I think is the main
barrier as far as being used to it. I think we need to
but it’s just hard to do. Can we get away with it? I
guess that’s what’s happening to a lot of older doctors
is seeing if we really need to do it or not. [GP5]
GPs with more than 20 years of experience appeared more likely
to find mHealth apps a “gimmick” and less likely to consider
using them in their practice.
I think it would be [possible to prescribe apps]. The
trouble is I think they’re a bit of a gimmick. I mean
we’ve always had accessories to health. When I was
a young doctor people would bring in their calendars
which showed when their next periods are. Now they
pull out their phones… you find the phone is slower
than the calendar because the calendar… is there
and you’d be able to see it visually, whereas a phone,
they’re pulling it out… trying to find it miss it… then
the reception is not good and it takes ages for it to
download. So I don’t really find them a step forward.
They probably are for the person using them at home.
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But in the consultation, they’re often not a step
forward I find. [GP9]
GPs who primarily work with elderly patients would not
consider using apps as potential interventions. The “cut-off age”
for recommending apps to patients was around 40-60 years.
For somebody like me, there will be obstacles because
I don’t really use apps. So, if you’re not comfortable
with that sort of things yourself, you have to overcome
that to recommend it... Even when I’ve learned about
them in an education session, I always forget what
they are, because I don’t use them… In fact, the only
times I ever recommend apps at all are for young
people… they don’t have to be young-young, even in
their 30s, a young professional… But I never
recommend to people older than that. So, there is
obviously a generational issue. [GP3]
However, exceptions to the age-based generalization were
commonly mentioned, making individual digital propensity a
more influential factor than age in deciding to prescribe apps.
I got some elderly patients that don’t use an iPhone
too often or an app. But there’s a lot of savvy oldies
there too. It probably depends on the patient, their
interests. [GP11]
GPs also recognize that age is a transient barrier as the younger
cohort of patients will age and become patients with chronic
diseases.
It is a very good idea and something that can be very
useful. But I never know which ones are good to use
and which population would be good to use them. I’m
sure it will come especially as right now the younger
population are the ones who are really into the
smartphones and they’ll get older and have chronic
medical conditions in the next 20 years I’m sure it
will there’s going to be a big space for these apps.
[GP16]
Another barrier was a lack of knowledge of prescribable apps
and a lack of trustworthy sources to access them.
Probably the only other barrier is knowing which
apps. And keeping on top of all the apps they become
available, how much they cost and all those kinds of
things. [GP20]
I do. I think it’s something I’m cautious of simply
because if it’s not something that I know a lot about
then I’m a bit more concerned, you know, I don’t
really wanna recommend something I don’t know the
full workings of, especially if I’m gonna ask them to
buy. There’s so much of me asking them to go on
medication until I’m confident that money is money
worth spent and the benefit outweighs the cost, then
I’m not really willing to do that. [GP2]
I think for education it’s really valuable. Ones that I
don’t use enough of and they all want more
information. Otherwise, they’ll just Google some
unreliable search, and so if I’ve got a good place to
go to that’s evidence-based, that’s good. [GP18]
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Another barrier was the time commitment required to learn
about apps and integrating them into consultations as well as
the time commitment required of the patients to use the
recommended app. Before they were willing to expend time to
adopt apps into their clinical practice, GPs described needing
to be convinced of the benefits of using apps.
And it’s time-consuming to learn about these things.
It’s hard enough just keeping up with what medicine
is doing without this app and that app etc. [GP1]
You’re so busy doing in medicine there’s not a lot of
time to go out there and research what might need to
be done to create an app or even the ones that are
out there. We’re so rushed for time. You’re competing
with lots of other demands for your time and energy
as well. So that’s a big limiting factor. [GP8]
The patients’ motivation would be a big thing. And
the time involved in using it would be another big
thing for someone who might be busy, for example. I
don’t think a lot of people have a lot of time to invest
in this type of thing. So, I think your time, availability,
and the motivation behind a patient. [GP15]
I think for me, it’s just when you are consulting, and
you’re busy. To modify the practice of what I’m doing,
I have to have a pretty good reason for doing it. [GP6]
Another barrier identified was the privacy, safety, and
trustworthiness of health apps. The GPs perceived issues around
privacy and data safety of health apps as the ultimate
responsibility of the patients, since their complete and ongoing
safety cannot be guaranteed. Some GPs were aware of how the
industry attempts to influence health care.
I personally manage my privacy very, very, very
carefully. But I think I leave that to the individual
patient... and I think that if they’re going to be using
apps, my perception is that they already have made
their own personal decisions upon privacy. [GP4]
I think that’s every day now. I mean the number of
times you get on Google and then they already go
okay well you’ve got this many children, and I know
that already… that’s the world we live in. I don’t think
we’re going to stop that by not using an app when
we’re on the internet all the time. So, if it’s
demographic information and I think that’s being
collected by a lot of people, not just an app, I suppose.
[GP20]
Also, I guess I’m also very wary of who’s paying for
it. So, I guess my general approach to most things is
to think if you’re going to pay for it, then hopefully
you are bearing the load of what if it’s worth it. If
someone else is paying then there’s some hidden
agenda there, whether it’s a drug company or
someone else who’s gonna benefit of you having their
app on your phone and again that comes down to my
reticence to recommend something I really don’t know
who’s designed it and what’s the purpose of it and
who’s benefiting the most. [GP2]
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Facilitators
We identified two main themes around facilitators of mHealth
app prescription in general practice. One was a trustworthy
source for prescribable apps and information for GPs. The
RACGP was the most preferred trustworthy source to vet,
endorse, and provide prescribable apps as the majority of the
GPs were RACGP members.
Maybe some sort of database of trusted apps that
would be recommended for certain conditions or
treatment strategies. Having a nice little summary of
things that could be used, because of the sheer number
of what’s on the market, it’s hard to really make it
part of my regular day-to-day routine... Whereas if
some organization was to put together a list of you
know tried and tested and reliable apps then it would
be much easier to say “look, you’re young you’ll
you've got the time and the patience for it, let's try an
app for this problem, and this is the one we trust.
[GP15]
I think we probably need to have them reliably
approved and researched by our college. I probably
wouldn’t be happy to recommend any without the
endorsement of the college. [GP11]
We need more education on which ones to prescribe
and which ones not. We have the NPS which helps us
with prescribing medications. So, if there were an
organization/body involved with educating GPs on
which apps are good and useful and provide the right
information and are easy to use, that would be really
helpful. [GP16]
GPs recognized that near-universal ownership of smartphones,
the ubiquity of apps, and younger tech-savvy patients are
enablers of app prescription, as this facilitates information
accessibility and can sometimes provide alternatives that are
more convenient and lower in cost.
I work in an area where there's a lot of young people,
and most of these people are … generally pretty
switched on. and … I can't imagine a situation where
I’m not being able to recommend an app so somebody.
This hasn't happened yet. [GP12]
Apps are quite a neat way of showing somebody all
that information without having a book to give them.
It's often a very low-cost solution if your alternatives
are costly. And it's very accessible... you don't need
to wait for in-hours care, you can be 10 p.m. at night
and do some of the work, whether it's treatment or
information and knowledge that you're sharing that
can all be done at a time that suits a patient. so that's
the kind of value of apps I suppose over other
resources. [GP20]

Patient Perspective
Two-thirds of the patients have used or use mHealth apps
personally. The most commonly used app types were fitness,
wellness, and women’s health-related apps (period, ovulation,
and pregnancy tracking). Those who did not use apps said the
reason was they do not have any need or significant reason to
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do so. People often chose apps through the recommendations
of friends or family, directly from app stores, or through
subscribed services such as the local gym. From the list of
popular and evidence-based apps, they recognized some of the
most popular apps, such as MyFitnessPal and 5K runner, but
none of the evidence-based apps.

Barriers
From the patients’ perspective, a perceived barrier to using
mHealth apps in general practice consultations was older
patients.
I don’t think there’d be any problem. But if we’re
talking about the elderly, they’re not really very
computer-savvy. So, they might find it difficult. I have
a number of friends, even older than me; they don’t
wanna use smartphones. It’s too much trouble. They
just wanna make a phone call and get a text. That’s
it. [Pt8]
I guess only with the older generation not having
smartphones. They would not use apps. So that would
really be the only problem. Yeah, I wouldn’t see any
other [issue]. [P2]
Another barrier was poor usability of apps.
I think the ease-of-use has to be paramount. Ease of
use is gotta be the big issue. For me, that was the
problem. I can’t speak for other people. I mean I’m
pretty good with technology, but I just found it very
tedious… And I just found it was annoying to put data
in. That was the issue with it. So, when it becomes
difficult, I didn’t do it. [Pt12]
Data safety and privacy issues related to health app use were
not a barrier described by the patients interviewed. Patients were
more concerned about the loss of financial information than
health-related information.
I don’t worry about it too much, privacy stuff, cause
I don’t have much to hide. Maybe if someone got on
to your phone, they could see your personal
information, they usually have like a passcode for
private apps anyway. [P13]
Me personally, no. data safety… it is what it is. I think
there are measures in place to keep it safe. Other
people probably don’t have that opinion. I think
honestly it is safe enough. [P15]
I’m more worried about financial stuff than health
that would create a financial loss. if somebody finds
out what my blood pressure is, what’s the big deal,
right? [Pt8]
I don’t worry about it. well, I’m not really putting
anything into an app that is that [important]… I mean
I don’t know who else in the world cares the day my
period came or how big the baby is, I haven’t really
put in banking details or anything. I haven’t used any
paid apps. [Pt6]
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Facilitators
From the patients’ perspective, the ubiquity of smartphones and
apps and young patients were perceived as facilitators of app
prescription.
I imagine younger people wouldn’t have any
problems. [Pt11]
I think it’s quite a common thing now. Everyone has
smartphones nowadays. So, it’s an easy way to access
it. [Pt1]
Most patients expressed that they think mHealth apps can be
beneficial, especially when recommended by their doctor and
that app prescription by GPs is possible, helpful, and welcome
because it would eliminate the challenge of finding health apps
for themselves.
Great idea if they’re prescribed from a doctor. I don’t
think getting them off the net without advice would
be a good thing. I think it needs to be advised or
prescribed by someone who knows, and then from
there, it can only be a good thing, yeah. [Pt15]
Yeah. If my doctor recommended one, I’d probably
go with that rather than trying to go from the
recommendations on iPhone, you know, the stars,
from the app stores. I mean, they are helpful too what
other users have found, cause a lot of apps crash and
have problems if they’re not maintained and
upgraded, but yeah, if a doctor was recommending
one, I’d probably use it. [Pt9]
If there are multiple people being like, “this is really
good. This has helped me with this…” then I’ll
actually go have a look. If I like it for more than a
week, then I’ll just continue using it. I went through
a lot [of apps] before finding the one that wasn’t an
effort to use, one that was just easy. I went through
probably ten to find one I actually liked, which is a
bit annoying. It kind of turns you off that. So, if there
was one or two that all doctors recommended, then
people would probably more likely to use them. [Pt1]
A theme identified from both the GPs and patient perspectives
that could not be categorized as a barrier or facilitator was
evidence of app effectiveness. GPs expressed they would not
want to prescribe apps not supported by evidence, yet they also
feel that simple apps do not need high levels of evidence.
…as it applies to anything in medicine, I think it
would need a reasonable degree of efficacy to run
with it. You know, you can’t just have an app for the
sake of having an app. [GP1]
… [evidence is] pretty important to officially
recommend. Some of it is common sense. Like
something to log your blood pressure and mood diary
is self-explanatory and makes sense. But for some
more complex health apps, you sort of wanna know
if there’s good evidence so that it’s reasonably well
made. Especially if you’re going to spend money on
it. [GP14]
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Most patients viewed the evidence of app effectiveness to be
important in the same way as the standards required of
pharmaceutical interventions. Some were not concerned about
the effectiveness and preferred personal evaluations and the
freedom to make the ultimate decision.
Very important. It’s like anything in health; it’s like
medication, if a doctor is gonna recommend
something, they have to know it works. Cause it might
not be suitable for somebody, and if that person is to
use something that’s not suitable, then that could have
a bad effect instead of a good one. [Pt13]
Definitely, yea. I would want one that has references,
the app that I use have medical references they’ve
sourced the information. Otherwise, anyone could be
sitting home and writing an app. [Pt6]
I’m not too worried about that. I just get on and try
it, if it works for me then that’s great. If it doesn’t,
then I’ll just delete it if it’s not gonna do what I
needed it to do for me… I mean, as long as it’s our
choice to use them or not. I mean up to us, they can
make a recommendation, but if we find it’s not
suitable or it doesn’t work, and if it does then great
if it makes our life easier, it’s a fast and busy world,
so if they think it can help, it’s great. [Pt10]

Discussion
In this study of the barriers to and facilitators of mHealth app
prescription in Australian general practice, all patients and GPs
recognized that mHealth apps could be beneficial, and app
prescription is achievable. From the GPs’ perspective, uptake
is hindered by barriers around a generational difference in the
digital propensity for both GPs and patients, lack of knowledge
of prescribable apps and lack of trustworthy source to access
them, time commitments required of the GPs and patients, and
privacy, safety, and trustworthiness of health apps.
Both patients and GPs cited the old age of patients as a barrier
to app prescription, although also offered examples of exceptions
to this age-related division of digital propensity. Annual mobile
consumer surveys showing that older age groups have seen the
highest increase in smartphone ownership in Australia [19].
Doctors and patients also believed that the ubiquity of
smartphones and apps, and young patients are facilitating factors
as Australians approach “peak smartphone”—the peak level of
usage before the vast majority of consumers to begin actively
limiting their phone use [20]. Almost all the interviewed GPs
reported using apps personally and professionally; however,
they do not recommend specific apps to patients. Instead, they
remind patients of the availability of mHealth apps in the general
area of focus (eg, mindfulness) should they wish to use them.
The evidence base (weak or strong) for mHealth apps emerged
as an important theme as a barrier or facilitator. Patients viewed
doctors as a trustworthy source of health apps, and the GPs
acknowledged that they needed a trustworthy source for
prescribable apps as they have neither the knowledge nor time
to find such apps themselves. A national-level professional
organization such as the RACGP is well-placed to address this
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barrier. One of the many resources they provide for GPs is
HANDI—a database of effective nondrug interventions, which
includes several mHealth apps [18]. However, half of the GPs
interviewed in this study were not familiar with or commonly
used HANDI, but all agreed that RACGP is the most trusted
source for them to access professional and practice-related
information and guidance. The majority of participants
recognized a few of the most popular apps from app stores and
fewer apps from the evidence-based apps list, emphasizing the
need for information dissemination about evidence-based apps.
Several comparable studies have explored barriers and
facilitators to novel technology adoption in medical practice.
Many studies report a lack of education and training as one of
the most common barriers that face health care providers in
adopting new technology in health care [13,21,22], and our
study echoes this. Furthermore, the potential to increase doctors’
time strain and workload are universally common factors of
poor uptake of new health technologies [23-25]. Brandt et al
found that the experiences of GPs with eHealth support for
lifestyle changes were an essential factor in recommending it
for their patients [26]. Our findings also emphasize the digital
propensity of the health care providers and patients would make
a big difference in uptake of mHealth apps. Building on this
finding and educating and supporting GPs so they understand
the value of new technology such as the potential to save
consultation time and keep patients connected and motivated
between consultations can help mitigate against these barriers
and help them recommend apps to their patients with confidence.
Recent research suggests that individuals with poor self-reported
health and low rates of physical activity were the least likely to
report downloading and using these health tools [27]; however,
patients adhere better to prescribed apps [2] beyond the typical
one week of usage [4,5]. Thus, the official prescription of apps
by trusted medical practitioners might help increase the uptake
of effective health apps among such patients who would benefit
the most. Future studies should measure the real-world
adherence of the patients following app prescription by health
professionals.
The present qualitative study appears to be the first of its kind
to explore the perspectives of GPs and patients regarding
mHealth app prescription in Australian general practice. The
barriers identified in this study were added to the mHealth
section of the RACGP Annual Technology survey in 2017 to
explore further how they would rank among a national sample
of GPs [28]. The question about barriers to app prescription
gathered over six hundred responses and the top barriers
reflected the central theme identified in this study, which was
lack of knowledge of effective apps and lack of trustworthy
source to access them, further validating the findings of this
study.
Limitations of this study include a small sample size that skewed
towards relatively healthy patients from high socioeconomic
areas and GPs from the metropolitan area. Although we
attempted to mitigate this limitation by purposively sampling
participants from a variety of age and work experience, future
studies should target patients with long-term medical conditions,
those from rural and remote areas, and low socioeconomic areas.
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Other limitations include lack of triangulation of the results,
member checking, a reflection of possible interviewer bias about
the potential of apps, and not piloting the interview questions
with patients.

Conclusions
mHealth app prescription appears to be feasible in general
practice. The barriers and facilitators we identified from both

Byambasuren et al
GPs and patients widely overlapped. The involvement of all
stakeholders of consumer mobile technology, medical
professionals, and patients is vital in the successful integration
of mHealth apps with clinical practice. The findings of this
study will inform the development of effective interventions to
overcome the identified barriers and help the adoption of health
apps to general practice to patients’ benefit.
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