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Abstract
Individual behaviors impact physical and mental health. Everyday behaviors such as physical activity, diet, sleep, and tobacco
use have been associated with a range of acute and chronic medical conditions. Educating, motivating, and promoting sustained
healthy behaviors can be challenging for clinical providers attempting to manage their patients’ health. The ubiquity and integration
of mobile and digital health devices (eg, wearable step counters, smartphone-based apps) allow for individuals to generate and
record enormous amounts of patient-generated health data. Research studies have begun to reveal how mobile and digital devices
offer promise in motivating individual behavior change but they have not had consistent results. In this viewpoint, we discuss
the potential synergy of digital health modalities and behavioral strategies as an approach for clinicians to prescribe, motivate,
monitor, and sustain healthy behaviors. We discuss the strengths, challenges, and opportunities for the future of promoting health
behaviors.
(JMIR Mhealth Uhealth 2020;8(8):e17281) doi:10.2196/17281
KEYWORDS
digital health; behavior change; mobile health; patient-centered data collection
Everyday health behaviors such as diet, physical activity,
tobacco use, and medication adherence contribute significantly
toward long-term health [1]. While clinicians certainly recognize
the importance of these behaviors, they often feel paralyzed
when it comes to addressing them [2,3]. Most commonly,
clinicians will attempt to change behavior through education
(eg, highlighting the importance of a healthy diet and regular
exercise) [4]. While it may be helpful for a patient to hear this
from their clinician, it is often not enough to lead to sustained
behavior change [5].
What if clinicians could more easily prescribe, motivate, and
sustain behavior change, similar to how they prescribe
https://mhealth.jmir.org/2020/8/e17281
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medications and monitor changes in laboratory test results for
diabetes or high cholesterol? Regular exercise is just as
important for both of these conditions, yet clinicians lack an
easy mechanism to offer therapy or motivation as well as
monitor progress. Previously, the only way to obtain information
on daily health behaviors was through self-reporting, which is
often unreliable and inconsistent. Nearly 80% of US adults now
carry a smartphone [6] and the ubiquity of these digital
technologies as well as wearable devices allows for seamless,
passive, and remote tracking of behaviors such as physical
activity or sleep patterns [7]. Emerging literature has begun to
describe the applications of digital health modalities across
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17281 | p.5
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varying specialties and patient populations [8,9]. The strength
of digital health may lie in its ability to offer clinicians a means
to individualize, engage, and support an individual’s behavior
change continuously as compared with intermittent office visits
or activity logs. Moreover, these strategies may be used
worldwide, including in low- and middle-income countries
where mobile phone ownership is high and access to care may
be limited. Effective implementation of these approaches,
combined with strategies rooted in behavioral science, could
improve health across populations. However, they remain
relatively unexplored and underutilized by clinicians.
Several recent studies reveal promising opportunities. In a
randomized trial of patients with ischemic heart disease, those
provided with a wearable device for 6 months had no meaningful
change in physical activity [10]. However, patients with
personalized goals coupled with loss-framed financial incentives
accumulated more than 100 miles of increased steps with
sustained activity levels during the following months, when
incentives were stopped. In another study, families from the
Framingham Cohort were randomly assigned to use an activity
tracker, select a step goal, and receive daily feedback or do each
of those in addition to being enrolled in a game that incorporated
behavioral insights (eg, precommitment, loss aversion, and peer
support) into the design [11]. Families that played the game
achieved activity goals at significantly higher rates during the
12-week intervention with sustained differences relative to
control during the 12 weeks after the game ended. These trials
reveal an important insight. Simply providing an activity tracker
did not lead to meaningful changes in activity. However,
combining the technology with a behavioral strategy led to
significant changes that were sustained in the postintervention
period. Although longer-term studies are needed, these trials
demonstrate the potential use of digital health to effectively
motivate populations toward long-term healthy behaviors such
as physical activity, dietary changes, or smoking cessation.
These studies offer early insights on an approach that, when
integrated into practical clinical workflows, offers patients an
additional method of capturing and managing their own data.
In addition, this approach would enable clinicians to deploy
evidence-based behavior change strategies.
How can clinicians incorporate these types of approaches within
their practice? First, clinicians must be able to interpret and
manipulate data collected on patient behaviors within the
electronic health record (EHR). Granular data reflecting daily
step counts are likely to become overwhelming. Instead,
longitudinal trends and inflection points may reveal
opportunities for intervention and longer-term monitoring. Some
institutions enable patients to send their information to their
EHR through Apple’s Healthkit [12], but these data need to be
presented in more actionable ways and integration models are
needed to reflect the growing number of devices produced by
different companies (eg, FitBit, Samsung, Google). Clinicians
need the ability to automate and individualize tailored behavior
change techniques to patient needs in real time. Behavior change
will likely require an approach which evolves with the patient
over time to maintain long term results. Digital interfaces have
a unique capacity for personalization due to patient-level
sociodemographic factors. Additionally, accessing and
https://mhealth.jmir.org/2020/8/e17281
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understanding these data and the methods of integrating behavior
change into practice must begin during medical training. Medical
trainees, now adept with digital technologies, are primed to
learn how to best weave in behavior change strategies when
managing individual or population health.
Second, clinicians and patients must be able to trust the data
collected to inform health decisions [13]. Many consumer-grade
health technologies have not been extensively evaluated for
large-scale use, and their accuracy, validity, and reliability
remain unknown. Some types of data may require a higher level
of validity. For example, algorithms that not only monitor heart
rate but also attempt to identify abnormal heart rhythms [14]
may require larger clinical trials than studies testing the accuracy
of tracking steps. Data security is also important, particularly
for more sensitive patient information.
Third, once the infrastructure is in place to collect, display, and
interpret data, then clinicians need a mechanism and
reimbursement structure for prescribing and monitoring behavior
change. This will depend on sufficient evidence to identify
effective approaches and EHRs to allow for ordering of
behavioral interventions to be just as simple as ordering a
medication. Reimbursement mechanisms will need to be in
place to support these initiatives. There are examples of
insurance coverage for effective behavioral interventions such
as cardiac rehabilitation and the diabetes prevention program
[15,16]. Yet, even these interventions are often not offered to
all patients who could benefit from them. The additional time
and effort clinicians use for digital health monitoring and the
accompanying decision making will need to be accounted for
and will vary. Similar to “interactive” automobile or life
insurance policies, which use smartphone data to offer incentives
for safe driving practices or physical activity, health insurers
could stand to benefit from accessing enrollees’ data from
behavior change programs.
Finally, to achieve success in prescribing behavior change,
clinicians will need to use effective, evidence-based
methodologies to motivate and sustain behaviors. Prescribing
behavior change through digital health methods will need
real-time, seamless, and continuous quality improvement to
evaluate which mechanisms are working (or failing) to produce
meaningful outcomes. As the capabilities of technology evolve
and the approaches to monitoring health data grow, research
will need to prioritize efforts in investigating the sustained
effectiveness of varying behavioral approaches [17].
Motivating lifestyle-related changes in patients remains a critical
yet challenging task for clinicians. Not all behavior change
strategies are created equal and studies have demonstrated
heterogenous results in the ability to maintain long-term results.
Coupling these strategies with digital health may provide a
means to build a multimodal approach to sustained outcomes.
However, there are some obstacles to utilizing digital health to
monitor, motivate, and support these behavior changes. Despite
the seeming ubiquity of technology, not all individuals have
access to smartphones or wearable devices. Many digital health
companies have created partnerships with health insurers to
expand access and provide a means to monitor chronic disease
and drive healthy habits. Furthermore, the technologic landscape
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17281 | p.6
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is rapidly changing and will require clinicians to be nimble in
their understanding of the use and limitations of digital health
technologies. Data validity and integration will need to be
continuously studied, upheld, and monitored to ensure safe and
effective use. Qualitative research from key stakeholders
highlights the need for good data management and quality
assessment [18]. The digitization of medicine will offer
clinicians an additional mode of delivering care and monitoring
health. The role of other stakeholders (eg, insurers or employers)
will also be important to study. As patient-generated digital data
continues to evolve, health systems must focus their efforts on
embedding these digital modalities into clinical practice
alongside behavioral approaches. Medical training should
incorporate these approaches and empower clinicians with an

Agarwal & Patel
additional toolkit to motivate and monitor behavior change in
their patients.
The predominant approach to promoting lifestyle modification
has relied on educating patients. The exponential growth,
capacity, and functionality of digital health may help provide
a pathway toward prescribing behavior change just like a
clinician would prescribe a statin. While several challenges
exist, technology will continue to evolve rapidly. Developing
behavioral strategies which are evidence-based and practically
scalable will help clinicians focus on implementation in their
local environments. The critical next step is to better integrate
and test behavioral strategies to support clinicians’ efforts to
improve their patients’ long-term health.
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Abstract
Background: Mobile app-assisted self-care interventions are emerging promising tools to support self-care of patients with
chronic diseases such as type 2 diabetes and hypertension. The effectiveness of such interventions requires further exploration
for more supporting evidence.
Objective: A systematic review and meta-analysis of randomized controlled trials (RCTs) were conducted to examine the
effectiveness of mobile app-assisted self-care interventions developed for type 2 diabetes and/or hypertension in improving patient
outcomes.
Methods: We followed the Cochrane Collaboration guidelines and searched MEDLINE, Cochrane Library, EMBASE, and
CINAHL Plus for relevant studies published between January 2007 and January 2019. Primary outcomes included changes in
hemoglobin A1c (HbA1c) levels, systolic blood pressure (SBP), and diastolic blood pressure (DBP). Changes in other clinical-,
behavioral-, knowledge-, and psychosocial-related outcomes were included as secondary outcomes. Primary outcomes and
objective secondary outcomes that were reported in at least two trials were meta-analyzed; otherwise, a narrative synthesis was
used for data analysis.
Results: A total of 27 trials were identified and analyzed. For primary outcomes, the use of mobile app-assisted self-care
interventions was associated with significant reductions in HbA1c levels (standardized mean difference [SMD] −0.44, 95% CI
−0.59 to −0.29; P<.001), SBP (SMD −0.17, 95% CI −0.31 to −0.03, P=.02), and DBP (SMD −0.17, 95% CI −0.30 to −0.03,
P=.02). Subgroup analyses for primary outcomes showed that several intervention features were supportive of self-management,
including blood glucose, blood pressure, and medication monitoring, communication with health care providers, automated
feedback, personalized goal setting, reminders, education materials, and data visualization. In addition, 8 objective secondary
outcomes were meta-analyzed, which showed that the interventions had significant lowering effects on fasting blood glucose
levels and waist circumference. A total of 42 secondary outcomes were narratively synthesized, and mixed results were found.
Conclusions: Mobile app-assisted self-care interventions can be effective tools for managing blood glucose and blood pressure,
likely because their use facilitates remote management of health issues and data, provision of personalized self-care
recommendations, patient–care provider communication, and decision making. More studies are required to further determine
which combinations of intervention features are most effective in improving the control of the diseases. Moreover, evidence
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regarding the effects of these interventions on the behavioral, knowledge, and psychosocial outcomes of patients is still scarce,
which warrants further examination.
(JMIR Mhealth Uhealth 2020;8(8):e15779) doi:10.2196/15779
KEYWORDS
mobile app; type 2 diabetes; hypertension; self-care

Introduction

Methods

Type 2 diabetes mellitus and hypertension are two common,
serious medical conditions that can lead to the development of
other disabling and life-threatening health problems such as
stroke and heart attack. The two diseases are closely interlinked
and frequently coexist. Globally, approximately 80% of type 2
diabetic patients have hypertension [1]. US statistics indicate
that type 2 diabetes is 2.5 times more prevalent in hypertensive
individuals than in normotensive individuals [2]. In Hong Kong,
58% of diabetic patients exhibit increased blood pressure (BP),
whereas 56% of hypertensive patients have hyperglycemia [3].
These figures emphasize that the treatment and management of
both of these conditions are essential.

We followed the Cochrane Collaboration guidelines for
conducting this review [20]. Screening of studies for eligibility,
data extraction, risk of bias assessment, and assessment of
quality of evidence were performed by KL (author) and ZX
(author)/MJ (researcher) independently, and any disagreement
was resolved through discussion and consensus.

Diabetes and hypertension management requires lifelong
self-care by patients, which can be demanding and
overwhelming because patients are often unskilled or unaware
of self-care and also lack the necessary knowledge, tools, and
support [4]. Technology is increasingly being used to help
address these challenges. In particular, mobile app-assisted
interventions that capitalize on smart and networking features
are suggested to facilitate patient–care provider communication,
information exchange, health literacy, decision making, and
peer support, without the constraints of time and geography
[5-11], all of which are important for self-care.
However, the effectiveness of mobile app-assisted self-care
interventions developed for type 2 diabetes and/or hypertension
requires more supporting evidence and thus warrants a
systematic review. First, previous reviews on the use of mobile
app-assisted self-care interventions for diabetes [12-15] and
hypertension [16] have mainly focused on the effects of these
interventions on hemoglobin A1c (HbA1c) levels or BP and have
paid relatively little attention to other variables important for
effectiveness evaluation such as behavioral, knowledge, and
psychosocial outcomes. Second, several randomized controlled
trials (RCTs) [17-19] have recently been conducted to test the
effects of such interventions on patient outcomes, and these
studies must be reviewed. Third, little is known about the
features of such technologies that are effective at improving
blood glucose (BG) and BP management. In light of such
knowledge gaps, this study systematically reviewed the existing
evidence on the effectiveness of mobile app-assisted self-care
interventions developed for type 2 diabetes and/or hypertension
in improving patient outcomes. In this review, mobile health
apps refer to mobile device-based software programs that
provide health-related resources and support for the self-care
of patients with type 2 diabetes and/or hypertension.
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Search Strategy
MEDLINE, Cochrane Library, EMBASE, and CINAHL Plus
were searched for relevant studies published between January
2007 and January 2019. According to some reviews [12,14],
the majority of mobile apps were released after the launch of
the first generation of iPhone in 2007 and the main app stores
(IOS and Android Market) in 2008; therefore, we used 2007 as
the starting year in our search. The following search terms were
used: (phone* or tablet*) and (monitor* or manag* or care or
control) and (examin* or evaluat* or assess* or compar*) and
(diabetes or diabetic* or hyperten*).

Selection Criteria
Studies were included in the review if they (1) were RCTs, (2)
examined the effects of mobile app-assisted self-care
interventions relative to those of usual care on patient outcomes,
(3) studied type 2 diabetic and/or hypertensive patients, and (4)
were published in English-language, peer-reviewed journals.
We excluded review articles, case reports, and studies that only
provided an abstract.

Study Selection
Two researchers independently read the titles and abstracts of
the citations identified in the literature search, excluded clearly
irrelevant studies, and reviewed the full text of the remaining
articles for inclusion. The reference lists of the included studies
and relevant review papers were also examined to identify
missed articles.

Data Extraction
Two researchers independently extracted the following study
characteristics from each included trial: authors, publication
year, study location, disease studied, sample size, HbA1c/BP
eligibility, mean age of participants, sex ratio, trial length,
features of the interventions, and changes in patient outcomes
from baseline to the end of the trial in both intervention and
control groups. For an RCT with multiple intervention groups
relevant to this review, we split the “shared” control group into
two or more groups (with smaller sample size) to apply two or
more pair-wise comparisons in the meta-analysis [20]. For 2-arm
cross-over RCTs, data from only the first period were extracted
and analyzed.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e15779 | p.10
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Outcome Measures
Primary outcomes included changes in HbA1c levels, systolic
BP (SBP), and diastolic BP (DBP) at the end of the trial.
Changes in other outcomes, including clinical (eg, fasting BG
[FBG]), behavioral (eg, medication adherence), knowledge (eg,
diabetes knowledge), and psychosocial (eg, distress) outcomes,
were included as secondary outcomes.

Risk of Bias Assessment
Following the Cochrane Collaboration’s tool for risk of bias
assessment [20], two researchers independently assessed the
risk of bias of included trials for seven aspects: sequence
generation, allocation concealment, blinding of participants and
health care providers (HCPs), blinding of outcome assessors,
incomplete outcome data, selective outcome, and other sources
of bias. Other sources of bias included significantly different
baseline characteristics between groups, presence of
co-interventions, unacceptable compliance with the intervention,
and different outcome assessment timings.

Data Analysis
Primary outcomes and objective secondary outcomes were
meta-analyzed when they were reported in at least two trials.
We pooled data across trials using random effects models and
calculated the standardized mean difference (SMD) for each
outcome. The I2 statistic was calculated to measure the
percentage of variation across trials due to heterogeneity, with
values of 25%, 50%, and 75% indicating low, moderate, and
high levels of heterogeneity, respectively [21]. The possibility
of publication bias was assessed using the Egger test [22]. The
meta-analysis was performed using Comprehensive
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Meta-Analysis version 2 (Biostat Inc) statistical software. We
narratively synthesized outcomes that were reported in only one
trial or were self-reported (because of the differences in the
scales used across trials). In the synthesis, for each outcome we
counted the numbers of trials reporting significant positive
effects, no significant effects, and significant negative effects.
Subgroup analyses were performed for primary outcomes when
they were reported in at least two trials in each subgroup. These
analyses were stratified by (1) disease type to examine the
effects of the interventions in different disease populations and
(2) intervention feature to identify which features are effective
in glycemic and BP control.

Assessment of Quality of Evidence
The quality of evidence for the primary and objective secondary
outcomes was assessed using the Grading of Recommendations
Assessment, Development and Evaluation (GRADE) system
[23]. For each of the outcomes, the quality of evidence was
downgraded from high by one level for each serious issue
identified in the domains of risk of bias, imprecision,
indirectness, inconsistency, and publication bias.

Results
Study Selection
The study selection process (see Figure 1) identified 24 eligible
publications [17-19,24-44]. Of them, the study by Holmen et
al [30] had two intervention groups and the study by Quinn et
al [29] had three intervention groups, all of which were relevant
to this review; therefore, the control groups in these studies
were split into more groups accordingly. This rendered a total
of 27 independent trials for inclusion in data analysis.
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Figure 1. Flow diagram of the study selection process.

Trial Characteristics
Table 1 summarizes the characteristics of the 27 trials, and Table
2 presents the details of the trials. Fourteen features were
identified in the interventions examined in the trials (see
Multimedia Appendix 1 for a summary and Multimedia
Appendix 2 for details). According to the taxonomies of
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previous studies [12,45], features were grouped into five
categories: logging (ie, monitoring of BG, BP, medication, body
weight, diet, physical activity, and mood), personalized feedback
(ie, automated feedback, medication adjustment aid,
personalized goal setting, and reminders), communication with
HCPs, education materials, and data visualization.
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Table 1. Summary of the characteristics of the 27 trials.
Characteristics

Value

Year of publication, n (%)
2007-2009

2 (7)

2010-2012

4 (15)

2013-2015

10 (37)

2016-2019

11 (41)

Study location, n (%)
North America

13 (48)

Europe

7 (26)

Asia

5 (19)

Africa

2 (7)

Disease studied, n (%)
Type 2 diabetes

19 (70)

Hypertension

6 (22)

Type 2 diabetes and/or hypertension

1 (4)

Coexisting type 2 diabetes and hypertension

1 (4)

Sample size, median (range)

75 (14-250)

Mean age of participants in years, mean (range)

57.3 (48.4-69.5)

Proportion of male participants in %, median (range)

54 (28-76)

Trial length in months, median (range)

6 (2-12)
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Table 2. Details of the 27 trials.
Trial, publication year,
study location

Trial length

Sample

HbA1ca/BPb eligi- Intervention
bility

10 months

IGc: n=102;

HbA1c≥ 8%

Comparison treatment

Type 2 diabetes
Anzaldo-Campos et
al, 2016, Mexico

d

CG : n=100;
mean age 52.0
years; male
38%; diabetes
duration 8.3
years
6 months

IG: n=22; CG: No limit for
n=23; mean age HbA1c
57.6 years;
male 38%; diabetes duration
not reported

A mobile app for behavior
Usual care and a Fitbit only for
tracking, a Fitbit for steps
daily wear
monitoring, and social media
for social support and education

Greenwood et al,
2015, US

6 months

IG: n=45; CG: HbA1c: 7.5%n=45; mean age 10.9%
55.7 years;
male 53%; diabetes duration
8.2 years

A tablet-based app and a portal
to support patients’BG monitoring and diabetes education and
enable certified diabetes educators’ access to patient data for
telemonitoring

Hansen et al, 2017,
Denmark

8 months

IG: n=83; CG: HbA1c> 7.5%
n=82; mean age
58 years; male
64%; diabetes
duration 12.3
years

A tablet-based app to enable
Usual care
reporting of health-related data
(eg, BG and BP) and monthly

Usual care, booklets and referrals
for diabetes education, and evaluation of patient self-reported glucose data by certified diabetes educators

communication with HCPsf via
video-conferencing

Holmen et al (1),
2014, Norway

12 months

IG: n=51; CG: HbA1c≥ 7.1%
n=25; mean age
57.7 years;
male 64%; diabetes duration
10.6 years

A mobile phone-based system Usual care
to enable vital sign monitoring,
goal management, and motivational feedback

Holmen et al (2),
2014, Norway

12 months

IG: n=50; CG: HbA1c≥ 7.1%
n=25; mean age
56.9 years;
male 53%; diabetes duration
9.5 years

A mobile phone-based system Usual care
(to enable vital sign monitoring,
goal management, and motivational feedback) and health
counseling delivered by diabetes specialist nurses

Hsu et al, 2016, US

12 weeks

IG: n=20; CG: HbA1c: 9%-14%
n=20; mean age
53.6 years;
male sex not reported; diabetes
duration 9.3
years

A cloud-based diabetes management app supporting BG selfmonitoring, insulin initiation/titration, shared decision
making, and communication

Karhula et al, 2015,
Finland

12 months

IG: n=180; CG: HbA1c> 6.5%
n=70; mean age
66.3 years;
male 56%; diabetes duration
not reported

A mobile app for self-monitor- Usual care
ing of health parameters (eg,
BG and BP) and remote health
coaching

IG: n=44; CG: HbA1c: 7.5%n=46; mean age 12.5%
48.4 years;
male 70%; diabetes duration
9.2 years

A smartphone app for patients Usual care
and a web portal plus an app
for HCPs for receiving reminders, data visualization, and
providing care support to enhance self-care and collaborative care decisions

http://mhealth.jmir.org/2020/8/e23600/

RenderX

and peer educators for care
management

Bender et al, 2017,
US

Kleinman et al, 2017, 6 months
India

XSL• FO

A mobile app to facilitate self- Usual care and the provision of
monitoring of health-related
educational classes and health
evaluation in monthly medical
data (eg, BGe and diet) and
support from clinicians, nurses, group visits

Usual care with interim face-toface visits and telephone/fax communication with educators, physicians, and/or nurses
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Trial length

Sample

HbA1ca/BPb eligi- Intervention
bility

Nagrebetsky et al,
2013, UK

6 months

IG: n=7; CG:
n=7; mean age
58 years; male
71%; diabetes
duration 2.6
years

HbA1c: 8%-11%

Orsama et al, 2013,
Finland

10 months

IG: n=24; CG:
n=24; mean age
61.9 years;
male 54%; diabetes duration
not reported

HbA1c: 6.5%-

Trial, publication year,
study location

RenderX

Comparison treatment

A mobile phone-based teleUsual care and monthly telephone
health platform (for self-moni- calls for lifestyle monitoring and
toring of BG and self-titration change
of oral glucose-lowering medication) and monthly telephone
calls (for lifestyle monitoring
and change)

A diabetes lifestyle and selfUsual care, diabetes education, and
care promotion program based HCP counseling
11%; SBP >140
on a mobile app to allow pamm Hg or DBPh tients to report their conditions
>90 mm Hg
and receive system-generated
feedback on health behaviors
g

Quinn et al, 2008, US 3 months

IG: n=13; CG: HbA1c ≥ 7.5%
n=13; mean age
51.0 years;
male 35%; diabetes duration
9.3 years

A mobile phone-based software
to provide real-time feedback
on patient BG levels, display
medication instructions, incorporate hypo- and hyperglycemia treatment algorithms,
and request data for diabetes
management

Quinn et al, 2011, US 12 months
(1)

IG: n=23; CG: HbA1c ≥ 7.5%
n=19; mean age
53 years; male
52%; diabetes
duration 8.3
years

A mobile app and patient care Usual care
provider web portal to support
patient self-monitoring and enable HCPs to receive health
data shared by patients

Quinn et al, 2011, US 12 months
(2)

IG: n=22; CG: HbA1c ≥ 7.5%
n=19; mean age
53.5 years;
male 46%; diabetes duration
7.8 years

A mobile app and patient care Usual care
provider web portal to support
patient self-monitoring and allow HCPs to access unanalyzed
patient data

Quinn et al, 2011, US 12 months
(3)

IG: n=62; CG: HbA1c ≥ 7.5%
n=18; mean age
52.3 years;
male 50%; diabetes duration
8.5 years

A mobile app and patient care Usual care
provider web portal to support
patient self-monitoring and allow HCPs to access analyzed
patient data and evidence-based
care guidelines

Sun et al, 2019, China 6 months

IG: n=44; CG: HbA1c: 7.0%n=47; mean age 10.0%
68.0 years;
male 41%; diabetes duration
11.4 years

A mobile app for self-monitor- Usual care
ing of BG, diet, and physical
activity; sharing of measurement records; and receiving
HCP-provided care recommendations

Takenga et al, 2014,
Congo

2 months

IG: n=20; CG: No limit for
n=20; mean age HbA1c
53.3 years;
male 73%; diabetes duration
not reported

A mobile system to support pa- Usual care
tients’ tracking of health conditions (eg, BG, BP, and body
weight) and communication
with HCPs

Waki et al, 2014,
Japan

3 months

IG: n=27; CG: No limit for
n=27; mean age HbA1c
57.3 years;
male 76%; diabetes duration
9.1 years

A smartphone-based system for Usual care
self-monitoring of health conditions (eg, BG, BP, and diet),
communication with HCPs, and
receiving system’s auto-generated feedback
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Usual care and instructions to patients about reporting BG levels to
HCPs via phone calls or fax once
every 2 weeks
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Trial, publication year,
study location

Liu et al
HbA1ca/BPb eligi- Intervention
bility

Trial length

Sample

6 months

IG: n=67; CG: HbA1c ≥ 7.3%
n=64; mean age
53.2 years;
male 28%; diabetes duration
not reported

A mobile phone-supported
health coach program allowing
patients to track their conditions (eg, BG, diet, physical
activity, and mood) and communicate with HCPs

6 months

IG: n=52; CG: No limit for BP
n=43; mean age
57.6 years;
male 32%; hypertension duration not reported

A mobile app (equipped with a Usual care and a reach-out proBP monitoring device, electron- gram of the same type used in the
ic reminders, and a web-based IG
disease management program
for patient self-monitoring) and
a reach-out program (delivered
by nursing staff for education
about medication, disease prevent, and chronic disease management)

Lakshminarayan et al, 90 days
2018, US

IG: n=34; CG: No limit for BP
n=22; mean age
65.0 years;
male 68%; hypertension duration not reported

A smartphone app supporting Usual care and education on hyperBP self-monitoring, nurse-deliv- tension management
ered education, and HCP-provided feedback

Logan et al, 2012,
Canada

IG: n=55; CG: SBP ≥130 mm
n=55; mean age Hg
62.9 years;
male 56%; hypertension duration not reported

A smartphone app (for BP tele- Usual care and a booklet of the
monitoring and self-care) and same type used in the IG
a booklet (with information
about self-management, treatments, and therapy goals)

Márquez Contreras et 12 months
al, 2019, Spain

IG: n=73; CG: No limit for BP
n=75; mean age
57.5 years;
male sex 48%;
hypertension
duration not reported

A smartphone app to promote
education about hypertension
and provide patients with reminders of appointments and
medication

Usual care

Moore et al, 2014, US 12 weeks

IG: n=20; CG: BP: 140/90n=22; mean age 180/120 mm Hg
50.0 years;
male 60%; hypertension duration not reported

A tablet-based app, virtual visits, instant messaging, and a
nurse health coach to facilitate
self-monitoring of BP and
medication intake; visualization
of information on actions, outcomes, and medication adjustment; and discussion about care
management and goal settings

Usual care together with office
visits, phone calls, and emails with
HCPs for discussing care management, goal settings, and medication adjustment

Sarfo et al, 2019,
Ghana

IG: n=30; CG: SBP ≥140 mm
n=30; mean age Hg
55 years; male
65%; hypertension duration
not reported

A smartphone app for monitoring and reporting of BP and
medication intake, provision of
motivational text messages
generated based on patients’
medication adherence, and
sharing of patients’ health reports with clinicians

Usual care and text messages
about healthy lifestyle management and clinicians’ monthly review of patients’ BP

Wayne et al, 2015,
Canada

Comparison treatment

Usual care, exercise education, and
health coach support in goal setting and progress monitoring
through in-person meetings/telephones

Hypertension
Kim et al, 2016, US

12 months

9 months

Type 2 diabetes and/or hypertension
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Trial, publication year,
study location
Or and Tao, 2016,
Hong Kong SAR,
China

Liu et al
HbA1ca/BPb eligi- Intervention
bility

Trial length

Sample

Comparison treatment

3 months

IG: n=33; CG: No limit for
n=30; mean age HbA1c and BP
69.5 years;
male 32%; diabetes duration
12.5 years; hypertension duration 10.2 years

A tablet-based self-monitoring Usual care
app allowing automated
recording and monitoring of
BG and BP values and providing educational materials and
decision aids

IG: n=57; CG: HbA1c: 6.5%n=54; mean age 10%; BP >130/80
58.2 years;
mm Hg
male 59%; diabetes duration
6.6 years; hypertension duration
3.7 years

An internet-enabled, cellphone- Usual care
based system coupled with a
BG measuring device, an automatic BP monitor, a body
weight scale, and a database
providing reminders, health
recommendations, and data
sharing for self-care

Type 2 diabetes and hypertension
Yoo et al, 2009, Korea

a

3 months

HbA1c: hemoglobin A1c.

b

BP: blood pressure.

c

IG: intervention group.

d

CG: control group.

e

BG: blood glucose.

f

HCP: health care provider.

g

SBP: systolic blood pressure.

h

DBP: diastolic blood pressure.

Risk of Bias Assessment
Figures 2 and 3 present the results of the risk of bias assessment.
Figure 2. Risk of bias of the 27 trials.
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Figure 3. Risk of bias for each trial.

Meta-Analysis of the Effects on Primary Outcomes
The meta-analysis results showed that mobile app-assisted
self-care interventions were associated with significant
reductions in HbA1c levels (SMD −0.44, 95% CI −0.59 to −0.29,
P<.001, corresponding to an absolute mean difference [MD]
−0.49%, 95% CI −0.68 to −0.30), SBP (SMD −0.17, 95% CI
−0.31 to −0.03, P=.02, corresponding to an absolute MD of

http://mhealth.jmir.org/2020/8/e23600/

XSL• FO
RenderX

−2.32 mm Hg, 95% CI −4.35 to −0.30), and DBP (SMD −0.17,
95% CI −0.30 to −0.03, P=.02, corresponding to an absolute
MD of −1.53 mm Hg, 95% CI −2.78 to −0.28; Table 3). The
GRADE revealed that the quality of evidence for HbA1c levels,
SBP, and DBP was low, moderate, and moderate, respectively
(Table 3). Figure 4 presents the forest plots for the primary
outcomes.
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Table 3. Results of meta-analysis and Grading of Recommendations Assessment, Development and Evaluation assessments for hemoglobin A1c levels,
systolic blood pressure, and diastolic blood pressure.
Outcomes

a

Trials included

Sample size

SMDa (95% CI)

P value

I2

Quality of evidence (GRADE)b

Egger test
t value

P value

HbA1cc levels 21

1671

−0.44 (−0.59 to −0.29)

<.001

50

1.15

.26

Lowd,e

SBPf

16

1433

−0.17 (−0.31 to −0.03)

.02

41

0.52

.61

Moderated

DBPg

14

1292

−0.17 (−0.30 to −0.03)

.02

25

0.09

.93

Moderated

SMD: standardized mean difference.

b

GRADE: Grading of Recommendations Assessment, Development and Evaluation.

c

HbA1c: hemoglobin A1c.

d

Downgraded by one level for indirectness (surrogate outcome).

e

Downgraded by one level for inconsistency (moderate heterogeneity level, I2 = 50%).

f

SBP: systolic blood pressure.

g

DBP: diastolic blood pressure.
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Figure 4. Forest plots for hemoglobin A1c (top), systolic blood pressure (middle), and diastolic blood pressure (bottom).

Subgroup Analysis for Primary Outcomes by Disease
Type
The analysis of the HbA1c outcome by disease type was not
applicable because the outcome was only examined in diabetic
patients and not hypertensive patients in the 27 included trials.
The results of the subgroup analysis for SBP indicated that
mobile app-assisted interventions led to significant reductions
in SBP in hypertensive patients (SMD −0.28, 95% CI −0.51 to
http://mhealth.jmir.org/2020/8/e23600/

XSL• FO
RenderX

−0.04, P=.02, corresponding to an absolute MD of −4.20 mm
Hg, 95% CI −7.47 to −0.93), but not in diabetic patients (SMD
−0.08, 95% CI −0.29 to 0.13, P=.46, corresponding to an
absolute MD of −0.82 mm Hg, 95% CI −3.51 to 1.87). No
significant change in DBP was observed in either hypertensive
patients (SMD −0.20, 95% CI −0.47 to 0.08, P=.17,
corresponding to an absolute MD of −1.94 mm Hg, 95% CI
−4.34 to 0.47) or diabetic patients (SMD −0.12, 95% CI −0.28
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to 0.04, P=.16, corresponding to an absolute MD of −0.62 mm
Hg, 95% CI −1.99 to 0.75).

levels were found in both subgroups, but the difference was not
significant between the subgroups.

Subgroup Analysis for Primary Outcomes by
Intervention Feature

The presence of BP monitoring, automated feedback,
personalized goal setting, reminders, education materials, and
data visualization features yielded significant reductions in SBP
while the reductions were not significant for interventions that
did not have these features, although the differences between
the subgroups were not statistically significant. The presence
of diet- and physical activity–monitoring features was not
associated with reductions in SBP. For other features, changes
in SBP were found to be similar between the subgroups.

Table 4 presents the results of subgroup analysis by intervention
feature in relation to reductions in HbA1c levels, SBP, and DBP
(details see Multimedia Appendix 3, 4, and 5). The self-care
interventions with the medication monitoring feature led to a
significantly greater reduction in HbA1c levels than those
without this feature. Interventions that allowed patient-HCP
communication were associated with significant reductions in
HbA1c while the reduction was not significant for interventions
that did not have this feature, although the difference in the
reduction between the subgroups (presence of the feature vs
absence of the feature) was not statistically significant. As for
the personalized goal-setting feature, significant reductions in
HbA1c levels were observed in both subgroups, but the
improvement was greater when the interventions did not have
this feature. For each of the other features, reductions in HbA1c

Further, the presence of BG monitoring, automated feedback,
and personalized goal-setting features was associated with
reductions in DBP while the reductions were not significant for
interventions that did not have these features, although the
differences between the subgroups were not statistically
significant. Diet monitoring, body weight monitoring, and data
visualization were not associated with reductions in DBP. For
other features, changes in DBP were found to be similar between
the subgroups.

Table 4. Results of subgroup analysis by intervention feature in relation to reductions in hemoglobin A1c levels, systolic blood pressure, and diastolic
blood pressure.
HbA1ca reduction

SBPb reduction

DBPc reduction

BGd

—e

Δf

•g

BPh

Δ

•

Δ

Body weight

Δ

Δ

×i

Medication

•

Δ

Δ

Diet

Δ

×

×

Physical activity

Δ

×

Δ

Mood

—

—

—

Automated feedback

Δ

•

•

Medication adjustment aid

Δ

—

—

Personalized goal setting

×

•

•

Reminders

Δ

•

Δ

Communication with HCPj

•

—

—

Education materials

Δ

•

Δ

Data visualization

Δ

•

×

Features
Logging

Personalized feedback

a

HbA1c: hemoglobin A1c.

b

SBP: systolic blood pressure.

c

DBP: diastolic blood pressure.

d

BG: blood glucose.

e

—: Subgroup analysis was not performed for the feature because there were fewer than two trials in one of the subgroups.

f

Δ: Similar changes were found between the two subgroups (presence of the feature vs absence of the feature).

g

•: Presence of the feature was related to a more favorable effect on the outcome.

h

BP: blood pressure.

i

×: Absence of the feature was related to a more favorable effect on the outcome.

j

HCP: health care provider.
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Meta-Analysis of the Effects on Objective Secondary
Outcomes
A total of 8 objective secondary outcomes were meta-analyzed
(Table 5). Mobile app-assisted self-care interventions had
significant lowering effects on FBG (SMD −0.29, 95% CI −0.49
to −0.10, P=.004, corresponding to an absolute MD of −0.66

mmol/L, 95% CI −1.06 to −0.26) and waist circumference (SMD
−0.23, 95% CI −0.43 to −0.04, P=.02, corresponding to an
absolute MD of −1.62 cm, 95% CI −2.84 to −0.40), but not on
body weight, BMI, total cholesterol, low-density lipoprotein
(LDL) cholesterol, high-density lipoprotein (HDL) cholesterol,
and triglycerides.

Table 5. Results of meta-analysis and Grading of Recommendations Assessment, Development and Evaluation assessments for objective secondary
outcomes.
Outcomes

Sample size

SMDa (95% CI)

P value

I2

Egger test

Quality of evidence
(GRADEb)

t value

P value

6

416

−0.29 (−0.49 to −0.10)

.004

2

2.27

.09

Moderated

Waist circumference 4

433

−0.23 (−0.43 to −0.04)

.02

0

0.60

.61

Moderated

Body weight

9

682

−0.09 (−0.24 to 0.07)

.97

0

0.02

.98

Moderated

BMI

6

575

−0.06 (−0.23 to 0.12)

.53

12

3.36

.03

Lowd,e

Total cholesterol

7

777

−0.18 (−0.37 to 0.02)

.07

35

0.23

.83

Moderated

LDLf cholesterol

7

734

−0.08 (−0.23 to 0.07)

.29

0

0.06

.95

Moderated

HDLg cholesterol

7

743

−0.10 (−0.28 to 0.07)

.24

18

1.26

.26

Moderated

Triglycerides

7

720

−0.13 (−0.29 to 0.02)

.09

0

0.21

.84

Moderated

FBG

a

c

Trials included

SMD: standardized mean difference.

b

GRADE: Grading of Recommendations Assessment, Development and Evaluation.

c

FBG: fasting blood glucose.

d

Downgraded by one level for indirectness (surrogate outcome).

e

Downgraded by one level for publication bias.

f

LDL: low-density lipoprotein.

g

HDL: high-density lipoprotein.

Narrative Synthesis of Intervention Effects

favored intervention and some other outcomes did not or for an
outcome, different trials showed different results).

A total of 42 secondary outcomes were narratively synthesized
(Table 6). The results were mixed (ie, some of the outcomes
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Table 6. Narrative synthesis results of the effects of mobile app-assisted self-care interventions.
Outcomes

Number of trials
Favoring interventiona Showing no significant difference
between intervention and controlb

Favoring controlc

Clinical outcomes
Objectively measured
Postprandial BGd

1 [19]

Right brachial-ankle pulse wave velocity

1 [40]

Left brachial-ankle pulse wave velocity

1 [40]

Adiponectin

1 [40]

High-sensitivity C-reactive protein

1 [40]

Interleukin-6

1 [40]

Homeostatic model assessment of insulin resistance

1 [40]

Waist/hip ratio

1 [44]

Creatinine

1 [44]

Medication dose

1 [35]

Insulin dose

1 [34]

Self-reported
Quality of life

6 [24,28,30,32,44]

Diabetes symptoms

3 [29]

Behavioral outcomes (self-reported)
General health-related
Lifestyle-/health-related activity

4 [24,30,33]

Specific disease-related
Adherence to medication

1 [33]

5 [17,25,27,39,42]

Adherence to physical activities

1 [43]

6 [25,27,30,39,41]

Adherence to healthy diet

1 [39]

4 [25,30,41]

Frequency of carbohydrate spacing

1 [25]

Frequency of smoking

1 [27]

Frequency of drinking

1 [27]

Frequency of communicating with physicians

1 [33]

Adherence to BG monitoring

2 [25,33]

Adherence to foot care

1 [25]

Knowledge outcomes (self-reported)
Diabetes knowledge

1 [24]

Hypertension knowledge

3 [25,33,37]
3 [17,35,37]

Psychosocial outcomes (self-reported)
Satisfaction
Satisfaction with diabetes treatment
Satisfaction with life

1 [31]

1 [33]
1 [28]

Self-efficacy
Ability to interact with health organizations and HCPse

2 [30]

Ability to monitor the conditions and having insights into
living with the conditions

2 [30]
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Number of trials
Favoring interventiona Showing no significant difference
between intervention and controlb

Self-efficacy for medication taking/coping with diseases

Favoring controlc

4 [17,24,25,33]

Emotion
Emotional well-being

2 [30]

Positive emotion

1 [28]

Negative emotion

1 [28]

Distress

4 [29,33]

Depression

7 [24,28-30]

Anxiety

2 [28,34]

1 [34]

Perceived behavioral control
Comfort with self-monitoring

1 [34]

Self-autonomous regulation

1 [17]

Determination about not allowing illnesses to control life

2 [30]

Positive and active engagement in life

2 [30]

Feeling of having the skills to manage disease

1 [30]

Feeling of having social support
a

1 [30]
2 [30]

Significant improvement in the outcome at the end of the trial in the intervention group compared with the control group.

b

No significant difference in the outcome at the end of the trial between the intervention and control groups.

c

Significant deterioration in the outcome at the end of the trial in the intervention group compared with the control group.

d

BG: blood glucose.

e

HCP: health care provider.

Discussion
Principal Findings
This systematic review identified 27 trials that examined the
effectiveness of mobile app-assisted self-care interventions
developed for type 2 diabetes and/or hypertension.
Overall, our review showed that the use of mobile app-assisted
self-care interventions led to significant reductions in HbA1c
levels, SBP, and DBP—the fundamental clinical parameters in
diabetic and hypertensive patients. For HbA1c levels, we
observed an SMD of −0.44 and an absolute MD of −0.49%.
The effect size was clinically meaningful and similar to that
reported in previous reviews that examined other similar types
of health technology (ie, SMD −0.30 to −0.40 [15,46], absolute
MD −0.40 to −0.49% [12-15,47]). As for BP, overall, the use
of mobile app-assisted self-care interventions led to significant
reductions in SBP (SMD −0.17, absolute MD −2.32 mm Hg)
and DBP (SMD −0.17, absolute MD −1.53 mm Hg).
The subgroup analysis of BP by disease type showed that among
hypertensive patients, the effect size for SBP (SMD −0.28,
absolute MD −4.20 mm Hg) could be regarded as clinically
important and was similar to that found in previous reviews that
studied hypertensive patients (absolute MD −3.74 to −4.71 mm
Hg) [48-50]. However, diabetic patients did not show significant
reductions in SBP, consistent with previous reviews that
examined changes in SBP among diabetic patients [15,47]. This
observation could be explained by the reason that the diabetic
http://mhealth.jmir.org/2020/8/e23600/

XSL• FO
RenderX

patients examined might not have severe hypertension; therefore,
room for BP reduction in those patients was relatively low.
Significant reductions in DBP were not observed in either
hypertensive patients or diabetic patients.
All of the reviewed interventions had more than one feature,
and our subgroup analysis revealed that the effects of the
features on patient outcomes varied, as follows. The presence
of medication-, BG-, and BP-monitoring features were favorable
in reducing HbA1c levels, SBP, and DBP. Such result could be
because patients already had a belief that the behaviors of
monitoring of medication, BG, and BP were more immediately
relevant to the control of the diseases, and, thereby, with the
support of the features, patients’ engagement in the behaviors
was further developed. Also, because the features could enable
the tracking and organization of the health parameters in a more
structured and systematic manner [16,51], patients could be
more likely to be confident in their self-care and achieve
improved outcomes [52]. For diet-, physical activity-, and body
weight-monitoring features, their presence yielded limited
efficacy. This may be due to the reason that patients might
perceive the behaviors of dietary, exercise, and body weight
control less directly relevant for diabetes and hypertension
control, so patients’ use of the features or their engagement in
the behaviors could be weak. Or even though the behaviors
were considered important, it might not be easy for patients to
engage in them, especially long term [53]. Education or
motivational strategies may be necessary for increasing patients’
awareness about importance of diet, physical activity, and body
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e15779 | p.24
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weight control in chronic disease management. Features that
enabled automated feedback and communication with HCPs
were effective in improving patient outcomes. This finding
could probably be explained by the fact that providing
personalized feedback and suggestions based on patient health
data and conditions could help patients interpret changes in their
vital signs and inform them about how to deal with different
situations related to the variability in their vital signs. This was
especially true for patients who had low health literacy and were
unable to make good use of health information. The presence
of the personalized goal setting feature was favorable in reducing
BP because setting specific, realistic, and timely goals could
make patients more motivated to engage in planned and targeted
disease management. However, this observation was not
consistently reported for HbA1c levels. Further evaluation is
required to clarify the situations under which goal setting has
a positive effect and the manner in which this feature could be
used more effectively. The presence of reminder, education
material, and data visualization features was associated with
desirable reductions in SBP. In particular, these features could
lead to higher adherence to self-care behaviors, enhanced
diabetes and hypertension knowledge, and improved decision
making. However, the trend was not consistently observed for
HbA1c levels and DBP; therefore, the efficacy of these features
warrants further examination.
With respect to secondary outcomes, our meta-analyses
indicated that mobile app-assisted self-care interventions had
significant lowering effects on FBG and waist circumference.
No significant differences were observed in body weight, BMI,
total cholesterol, LDL cholesterol, HDL cholesterol, and
triglycerides between the intervention and control groups,
probably because the design of the interventions was less
targeted for these health indexes. Our narrative synthesis
indicated that in a small number of trials, the interventions were
helpful in improving several clinical, behavioral, knowledge,
and psychosocial outcomes. According to these trials, it
appeared that such interventions have a potential to engage
patients in disease management, including maintaining a healthy
lifestyle, improving self-care knowledge, and addressing
psychosocial needs. On the other hand, there were trials that
examined these outcomes that did not show positive effects. In
fact, two trials demonstrated negative effects of the mobile
app-assisted self-care interventions on depression and
medication dose. Given the mixed results yielded from only a
small set of studies, to further understand the impacts of the
interventions on these outcomes in the self-care of the diseases,
more research is needed.

Implications for Research
Our review suggests several implications for research. First,
limited RCTs have emphasized behavioral, knowledge, and
psychosocial aspects as primary outcomes in their examination.
Further RCTs should focus more on these outcomes to obtain
better understanding of whether or not, how, and to what extent
mobile app-assisted health interventions change the health,
self-care behaviors, and health technology adoption behaviors
of patients; expand their knowledge base about health decision
making and care; and influence their feelings about and attitudes
http://mhealth.jmir.org/2020/8/e23600/
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toward technology-based self-care. Second, although the
associations between each intervention feature and
improvements in patient outcomes have been examined,
information about the appropriate/optimal combinations of the
features is important and limited. Future studies should further
examine which combinations of intervention features are more
effective for patients and disease self-care. Perhaps, the design
can exploit artificial intelligence techniques to identify patients’
needs and then combine and present appropriate features tailored
to those needs. In addition, our results also indicated that some
features, including personalized goal setting; data visualization;
and monitoring of diet, physical activity, and body weight, were
not always associated with (more) improvements in patient
outcomes. Further studies are required to determine the possible
reasons for these observations, such as variations in patients’
acceptance and adoption of the features, engagement in the
self-care activities that the features intended to support, or
perceptions of the design and efficacy of the features. Design
of the technology as well as patients’ attitudes toward and
acceptance of the technology determine whether the technology
could demonstrate its benefits and impacts [11,54-60]. Third,
the implementation duration for most of the reviewed studies
was 6 months or less, which is a relatively short time period for
studying health behaviors related to chronic disease
management. Whether the technology would motivate patients
to engage in self-care activities and achieve long-term sustained
benefits remains unknown.

Implications for Practice
Our review also provides recommendations for the design and
development of mobile app-assisted self-care interventions.
First, our results suggest that mobile app-assisted self-care
interventions should incorporate features including logging,
personalized feedback, communication with HCPs, education,
and data visualization in the design and implementation phases
of the interventions. This suggestion is consistent with that of
Greenwood et al [45] who recommended that it is important to
provide a complete feedback loop between patients and their
HCPs that incorporates communication, logging data, education,
and personalized feedback to make the self-care process more
effective. Second, some studies suggested that technical
difficulties or usability problems were associated with patient
withdrawals [30,32,44], whereas some other studies reported
that lacking a user-friendly design is one of the most common
reasons for nonadoption or low use of the technology [55,61,62].
These issues emphasize that the design and development of
mobile app-assisted self-care interventions should follow human
factors design methodologies and principles [55,63-66] to
provide more reliable and convenient technologies for self-care.
Usability tests are important in the design and development
phases to identify design deficiencies. Third, some trials reported
a decline in the use of such interventions over the
implementation duration [34,37,41]. More effective mobile
app-assisted self-care interventions should be developed to
motivate patients to engage in self-care behaviors and further
enhance health-related outcomes.
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Strengths and Limitations
Our review has several strengths. It provides evidence regarding
the effects of mobile app-assisted self-care interventions
developed for type 2 diabetes and/or hypertension on patient
outcomes. In addition to HbA1c levels and BP, several relevant
outcomes that were scarcely examined in previous reviews are
also analyzed in our review. Our review also provides an
evidence-based review of the features of such interventions and
their associations with improvements in glycemic and BP
control. Our study has limitations. First, although type 2 diabetes
and hypertension overlap in population and are closely
interlinked, combining the two diseases into one systematic
review may cause high heterogeneity. In this study, subgroup
analysis by disease type was only conducted for primary
outcomes to understand the effects of the intervention in
different disease population. The effects of the intervention on
the secondary outcomes should be interpreted with caution due
to the variability in disease type. Second, the reported effects
should be interpreted with caution because control patients in
some of the reviewed trials received enhanced usual care,
including additional education or phone call communications

Liu et al
with their HCPs. Third, 42 patient outcomes were examined
using narrative synthesis by simply counting their statistical
significance. The effect sizes and significant levels of these
outcomes were not obtained. Fourth, publication bias was
detected when BMI was the examined outcome. Fifth, only
English language articles were included in our review, which
may have introduced language and publication bias. Finally,
the review lacked an a priori and published protocol.

Conclusions
For type 2 diabetic and/or hypertensive patients, performing
self-care and maintaining a healthy lifestyle are necessary but
also challenging. The use of mobile app-assisted self-care
interventions appears to be effective in improving glycemic and
BP management and control; however, this effectiveness was
not consistent in some other outcomes. Hence, further
investigations on the effects of the interventions on other
outcomes are warranted. Moreover, it will be valuable to
determine which combinations of features of such interventions
are most effective in achieving improvements in the desired
outcomes, as it can guide the optimal design of such
interventions.
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Abstract
Background: Caregivers of adolescents with mental health issues experience challenges that may result in the caregivers having
a variety of unmet needs. There is a growing need to support these caregivers. Effective support to strengthen positive caregiving
behavior in caregivers may address their challenges. Communication technologies offer novel opportunities to assist these
caregivers and may contribute to strengthening caregiver behavior. However, little is known about the use of communication
technologies among caregivers of adolescents with mental health issues.
Objective: The study aimed to answer the question: “What is the best evidence available to strengthen positive behavior of
caregivers of adolescents with mental health issues using communication technology.”
Methods: A systematic review of articles published between January 2007 and August 2018 was conducted. Searches included
articles of multiple study designs from EBSCO Host and Scopus platforms with prespecified eligibility criteria. Methodological
quality was evaluated using the applicable Critical Appraisal Skills Programme and Joanna Briggs Institute assessment tools.
Results: The search yielded 1746 articles. Altogether, 5 articles met the eligibility criteria and were included in the review for
data synthesis. Data analysis and synthesis identified three thematic conclusions reflecting the types of communication technologies
used, caregivers as the target population, and strengthening of positive behavior through determinants of the Integrated Model
of Behavior Prediction.
Conclusions: The review reported the usefulness of communication technology by caregivers. Caregivers also demonstrated
improvement in self-efficacy, knowledge, parent-child communication, and parental skills reflecting positive behavior. Although
the use of communication technology is expanding as a supportive intervention to address caregivers’ needs, the evidence for
usefulness among caregivers of adolescents with mental health issues is still scarce. More research and information related to
preferred methods of communication delivery among caregivers of adolescents is still needed.
(JMIR Mhealth Uhealth 2020;8(8):e13179) doi:10.2196/13179
KEYWORDS
caregiver; communication technology; adolescent; mental health issues; systematic review; self-efficacy, knowledge; parental
skills; IMBP

Introduction
Background
“Nothing about me, without me” [1]
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The caregiver landscape can be successfully supported through
tailored solutions by acknowledging their unique challenges.
Caregivers are largely invisible and are mostly underappreciated
resources in community health services [2,3]. Caregivers are
vital partners who contribute to health care provisioning in
communities. They contribute to alleviating resource
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
deficiencies and assist with task sharing in the health sector,
despite not formally being part of the health sector [4-6].
Regardless of this important contribution to health care delivery,
caregivers receive minimal support from governments [7,8].
Globally, caregivers share a myriad of ongoing challenges and
obstacles that are burdensome [2,9], often leading to unmet
physical, psychological, and financial needs [10,11].
Caregivers’ own needs are mostly neglected because there is
usually more attention focused on the care recipient or the
family’s needs [12]. It is thus vital to identify the unmet needs
of the caregiver independently from those of the care recipient
[9,13]. Unmet needs of caregivers merit more recognition and
understanding in order to employ effective support to their
prioritized needs [14]. Interventions for caregivers may be
beneficial to address needs such as skills training, support,
education, and access to resources [15,16].
Fortunately, there is greater awareness of mediating
interventions to support caregivers who are providing care for
relatives with a chronic illness or disability [17]. Various
interventions have been geared toward caregivers of persons
presenting with dementia [14,18,19], cancer [20,21], HIV
[22,23], chronic diseases [24-26], maternal and child health
[27,28], and long-term conditions in children [29,30]. Various
authors [31,32] claim that there is limited research available
that focuses on families caring for adolescents with mental
health needs, while Cardamone-Breen et al [33] stated there is
a scarcity of parental interventions to prevent them from
internalizing the mental health issues of adolescents. Parentand family-focused interventions for child and adolescent mental
health care are poorly represented in research [34-36]. Authors
do not use similar terminology when referring to mental health
issues, problems, illnesses, or conditions. This review will refer
to mental health issues as a broad term for mental, emotional,
and behavioral problems or disorders focusing on depression,
anxiety, and substance use. Depression, anxiety, and substance
use disorders are more common among adolescents [37-39]
Armoiry et al [40] reported equivocal findings regarding the
use of communication technologies among families of young
people with long-term conditions. Rodríquez-Meirinhos et al
[31] also highlighted caregivers’ need for education and
information in preparation for caring for an adolescent with a
mental illness. These authors [31] also established the necessity
for dependable interventions to support families and community
services to empower this group of caregivers.
Evidence-based supportive interventions that are flexible and
developed according to the needs of caregivers may reduce
caregiver burden and improve mental health caregiving [9].
Kuhn and Laird [41] stated that a combination of supportive
interventions would be more useful for a diverse population,
allowing tailored communication. Understanding caregivers’
cultural context is important to develop a tailored intervention
congruent to their specific needs [6,9,42]. Moreover, caregiver
interventions should be sustainable [43], easily accessible [44],
available [9], culturally, ethnically, and linguistically tailored
[45], and caregiver-focused [46].
Literature suggests that communication technologies are arising
as an acceptable intervention to assist caregivers of children
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and young people in the management of conditions [40].
Communication technologies terminology is labeled
interchangeably in the literature but refers to computers, the
internet, electronic health (eHealth), and mobile health
(mHealth), including networks and media services to transmit
information [47-50]. This taxonomy of communication
technologies is often used simultaneously in the research of
interventions reporting on various outcomes [51]. Combined
communication technology interventions often result in effective
health outcomes and are feasible substitutes for traditional health
promotion approaches such as printed material [52,53]. Vergunst
[54] also recommended that creative interventions need to be
established for caregivers in resource-poor settings such as rural
areas to bridge gaps in mental health service delivery for the
individual, the family, and the community. Although
communication technology interventions are potentially valuable
to support caregivers of children with mental and behavioral
problems [55], limited data are available even though it is a
major public health concern [56]. The emergence of
communication technologies to deliver training for caregivers
is increasing and show promise in real-world setting [57].
Evidently, the usefulness of communication technology
interventions for caregivers of adolescents with mental health
issues differs. DeHoff et al [58] found that parents of children
with special needs got support through an online social platform
to accept and manage the child’s condition. Another study
disclosed that parents of youth with mental health problems
seem to be positive about the use of computer-based therapies
[59]. A web-based health promotion program utilized by
adolescent girls and their mothers for drug use, among other
conditions, resulted in positive health behavior changes [60].
The study by Russell et al [61] indicated a high satisfaction
among parents of children with behavior problems when
engaging in a computer-based education program.
The novelty of communication technologies in the management
of psychiatric and mental health illnesses may be valuable to
investigate [62]. According to Casale et al [63] and Robila [64],
there is a need to support parents through interventions that
provide resources to improve parenting, particularly in reducing
adolescent behavioral and emotional problems. It would appear
that communication technologies are beneficial in supporting
caregivers in improving their skills, abilities, self-efficacy, and
knowledge [65,66]. A review of caregivers caring for
adolescents with developmental disabilities similarly highlighted
the effect of tailored interventions to augment caregivers’
self-efficacy, self-esteem, positive coping skills, and supportive
social networks [67].

Theoretical Framework
The Integrative Model of Behavior Prediction (IMBP) endorses
determinants such as attitudes, norms, and self-efficacy, by
predicting behavior. Consequently, these determinants are based
on underlying beliefs that, in turn, influence the intention to
perform a specific behavior. Behavior may be challenged due
to a lack of skills or environmental constraints [68,69].
The IMBP guided this review in clarifying caregivers’
behavioral intention for utilizing communication technologies
by determining their belief, attitude, norms, self-efficacy, skills,
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environment, and intention. Behavioral intention can be
predicted if the populations’ beliefs, attitudes, norms,
self-efficacy, skills, and environment are known [68,70,71]. To
our knowledge, however, there have been no systematic efforts
to synthesize evidence on the usefulness of communication
technologies to strengthen positive behavior in caregivers of
adolescents with mental health issues. Any positive response
to a determinant was regarded as strengthening [71,72] of
caregivers’ behavior toward the adolescent.

Jansen & Reid
The authors conducted a systematic review to collect and
synthesize all evidence fitting the prespecified eligibility criteria.
The authors sought to answer the following question based on
the PICO format [73] (see Table 1 for the application of the
PICO format): “What is the best evidence available to strengthen
positive behavior of caregivers of adolescents with mental health
issues using communication technology?” This paper provides
a critical review and synthesis of the best available evidence
about the use of communication technologies by caregivers of
adolescents with mental health issues.

Table 1. Application of the PICO format.

a

PICO

Application

Population

Caregivers of adolescents with mental health issues (Caregivers namely families, parents, sibling, carer, etc)

Intervention

Communication technology

Comparison

Routine communication technology

Outcome

IMBPa determinants (beliefs, attitude, norms, self-efficacy, skills, environment, and intention)

IMBP: Integrated Model of Behavior Prediction.

Methods
Design
The authors undertook a systematic review that included
multiple study designs [73-75]. This systematic review has been
registered in PROSPERO (CRD42018094680) and was
conducted according to PRISMA guidelines.

Search Strategy
A senior research librarian conducted a systematic search on
electronic databases that covered articles published from January
1, 2007 to August 2, 2018. Databases from the EBSCO Host
platform (PsycINFO, Academic Search Ultimate, MEDLINE
with Full Text, Health Source: Nursing/Academic Edition,
SocINDEX with Full Text, CINAHL with Full Text, ERIC,
CAB Abstracts, MasterFILE Premier, Africa-Wide Information,

PsycARTICLES, OpenDissertations, Communication & Mass
Media Complete, Business Source Ultimate, SPORTDiscus
with Full Text, Health Source - Consumer Edition, Humanities
Source, EconLit with Full Text, GreenFILE) and the Scopus
database were included. No language or study design restrictions
were applied. Search strings determined by the authors in
collaboration with the research librarian were used to retrieve
articles from the abovementioned databases. It was decided to
make use of free text, as the search would be conducted on
multiple databases, of which only MEDLINE and CINAHL
utilize controlled vocabulary (MeSH and CINAHL subject
headings respectively). Before conducting the search, a concept
analysis was done to identify synonyms to be used in the
free-text search (see Table 2 for a combination of the search
string using Boolean operators). The first author (RJ) also
searched the reference lists of retrieved articles. Dissertations
and book chapters formed part of the retrieved articles.

Table 2. Search strings used.
Search strings
caregiver* OR “care giver*” OR family* OR families* OR parent* OR mother* OR father* OR sibling* OR carer OR carers OR “lay worker*” OR
“next of kin” AND
“mental* health*” OR “mental* ill*” OR “mental* disorder*” OR “mental* diseas*” OR depress* OR anxiet* OR substance AND
teen* OR adoles* OR juvenile* OR youth* AND
belief* OR conviction* OR faith OR trust* OR norm OR norms OR custom* OR attitude* OR outlook* OR approach* OR Self-efficac* OR ability*
OR Skill OR skills OR expertis* OR able OR abilit* OR talent* OR proficien* OR knowhow OR capabilit* OR knack OR competen* OR Intent*
OR determination* OR planning OR resolve OR decide* OR decision* OR choose OR select* OR choice* AND
mobile* OR cell* OR smart OR sms OR “short message service*” OR text* OR device* OR mhealth* OR m-health* OR ehealth* OR e-health* OR
“instant messag*” OR app OR apps OR phone* OR smartphone* OR “electronic device*” OR “portable device*” OR “phone intervention*” OR
“telephon* intervention*” OR online*) not (“stem cell*” OR “sickle cell*” OR ”assist“ device*” AND
mobile* OR cell* OR smart OR sms OR “short message service*” OR text* OR device* OR mhealth* OR m-health* OR ehealth* OR e-health* OR
“instant messag*” OR app OR apps OR phone* OR smartphone* OR “electronic device*” OR “portable device*” OR “phone intervention*” OR
“telephon* intervention*” OR online* OR caregiver* OR “care giver*” OR family* OR families* OR parent* OR mother* OR father* OR sibling*
OR carer OR carers OR “lay worker*”
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Eligibility Criteria
Articles were eligible for inclusion if they (1) focused on
caregivers such as families, parents, siblings, or relatives of
adolescents with mental health issues (concentrating on
depression, anxiety, and substance use disorders) as the target
population, (2) reported on communication technology usage,
and (3) described caregiver determinants according to the IMBP.
Articles were excluded if they did not meet the inclusion criteria
or (1) if they focused only on adolescents as the target
population, (2) if they reported on non–communication
technology interventions, and (3) if the focus was on mental
health–related therapies or traditional communication
interventions.

Selection Procedure
The first author (RJ) filtered all titles and abstracts obtained
from the search against the review question and eligibility
criteria. The second author (MR) verified articles for compliance
with eligibility criteria. A large number of articles were
excluded, and duplicates were removed. Full-texts for the
remaining articles were obtained from the librarian. These
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full-text articles were independently screened for eligibility by
both authors, and any discordances were resolved through
discussion. Additionally, references of selected articles were
screened further for relevant studies.

Quality Appraisal
The first author (RJ), together with two senior researchers,
rigorously evaluated the quality of the selected articles according
to the Critical Appraisal Skills Programme [76] and Joanna
Briggs Institute assessment tools applicable to each study design
[77]. All tools evaluated the appropriateness of methods used,
clarity of focus, the recruitment process, the accuracy of
measures used, data collection, presentation and analysis, clarity
in the statement of the findings, and appropriateness of context.
If more than two aspects were not addressed in the articles, it
was excluded. This was depicted as either Level 1* (full marks
obtained) or Level 1 (–1 mark) in Table 3. Table 3 includes a
hierarchy classification system in terms of research design,
according to the American Dietetic Association [78,79]. This
critical appraisal of the full-text articles determined the selection
and inclusion of articles in this systematic review.
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Table 3. Summary of included articles’ study designs.
Extracted data

Reference
Deitz et al [80]

Cardamone-Breen et al [33] Choi et al [81]

Molleda et al [82]

Randomized control
trial

Randomized control trial

Quasi-experimental

Qualitative, descriptive Qualitative interviews

Level

1

1

1*

1

1

Hierarchy

A

A

C

D

D

Type

Web-based

Web-based

Web-based

Internet-based, eHealth Internet-based,
eHealth, tablets

Reminders

Multiple—not specified

—

Phone calls, text messages, and emails

—

Phone or text messages

Financial support

National Institute on
Mental Health

National Health and Medical Korean government
Research Council

—

Centers for Disease
Control and Prevention (grant)

Recruitment

—

Online networks, social me- Via online communities Emails
dia, computer, online parent
portals, and email communication

Design

Estrada et al [83]

Grading

Communication
technology

Follow-up

Online

Phone calls, text messages,
and emails

Targeted
Caregivers

Parents, n=99

Parent/caregiver, n=349

Youth/ adolescents

Mental health problems or issues

With depression and anxiety Mental health problems With drug use and risky With drug use and
disorders
or issues (common
sex behavior
sexually risky behavmental health problems
ior
(ie, bullying, depression, internet addiction,
and suicide)

Setting

Workplace of parents: Secondary schools in AusISA Group in Alexan- tralia
dria in the US

Data Extraction, Analysis, and Synthesis
The authors extracted specific data from the selected articles in
a tabular format to record the study characteristics, types, and
delivery method of communication technologies and the
strengthening of positive behavior according to IMBP
determinants. A meta-analysis was not feasible due to the
heterogeneity of the included articles. A thematic data analysis
[84-86] took place and both authors discussed the themes to
refine the data according to the review question. Subsequently,
the data were organized into relevant thematic conclusions
addressing the research question based on the PICO elements.
After that, the results were synthesized across all articles.
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Parents, n=114

Two elementary
schools and four middle
schools from four cities
in Korea

Parents, n=6

Pediatric mobile clinic
in Miami-Dade County
and another clinic located on the university
medical campus (University of Miami Miller
School of Medicine)

Parents, n=29

Multiple middle
schools relatively
close to where the
families lived and at
the University of
Miami offices.

Results
Search Results and Selection of Articles
The search identified 1746 electronic records of possible interest.
Two additional articles were added, one through contacting an
author and another through reference list checking. After
electronic and manual removal of duplicates, 1089 records
remained. Further screening for eligibility of identified records
resulted in the retrieval of 59 full-text articles that were
potentially relevant for analysis. The authors then conducted a
comprehensive review of these full-text articles and included
articles that specifically focused on communication technologies
used by caregivers of adolescents with mental health issues. A
total of 5 articles met all the eligibility criteria. Figure 1 presents
the PRISMA flow diagram of the study, and Table 3 presents
a summary of the included articles’ study design evaluations.
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Figure 1. PRISMA flow diagram.

Characteristics of Included Articles
The final articles included in this systematic review consisted
of multiple designs. There were 2 randomized controlled trials
[33,80], 1 quasi-experimental study [81], and 2 qualitative
studies [82,83]. In all 5 articles, the caregivers had been exposed
to communication technologies in caring for adolescents with
mental health issues. Of the 5 studies, 3 studies were performed
in the United States [80,82,83], 1 was performed in Australia
[33], and 1 was performed in Korea [81]. Articles varied in

http://mhealth.jmir.org/2020/8/e13179/

XSL• FO
RenderX

methodology, intervention, outcomes, measurement scales, and
findings. Not all of the articles complied with all of the identified
IMBP determinants leading to positive behavior. Table 4
presents a summary of the results reported by the 5 articles.
Results from the 5 articles were synthesized and thematically
analyzed to formulate conclusions. The thematic conclusions
are discussed according to the types of communication
technologies used, caregivers as the target population, and
strengthening of positive behavior through IMBP determinants.
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Table 4. Summary of results reported by the 5 articles.
Reference

Strengthening positive behavior according to determinants within IMBPa

Deitz et al [80]

Total knowledge score: significantly greater for the experimental group than the control group (t=–7.96, P<.001)
Knowledge of treatment: statistically significant (t=–2.92, P=.006)
A significant difference was found between experimental and control groups on self-efficacy in handling mental health issues in
their children (F=12.73, P=.001).
Significant paired t test analysis of increases in self-efficacy from pretest to posttest among the individuals receiving the intervention
was found (t=–3.20, P=.003).
No significant differences between groups on the measures of family communication, adaptability, cohesion, and attitudes toward
mental health issues were found.

CardamoneBreen et al [33]

Chi-square analyses of the postintervention (1-month) assessment revealed a significant difference in attempts to change parenting
(n=307, χ32=19.65, P<.001), with significantly more intervention group parents reporting making some changes to their parenting.
The majority of parents (93.6%) reported they were somewhat or very satisfied with the feedback received, and 95.1% reported
the feedback as either somewhat, very, or extremely useful.
Most parents (90.2%) reported they were somewhat or very likely to change their parenting based on the feedback provided.
Conclusion: accessible, low-cost preventive approach

Choi et al [81]

Participants in the intervention, compared to those in the control group, demonstrated preliminary evidence of improved parental
knowledge.
The effect size of parental knowledge was large (d=0.60; 95% CI 0.21-0.99).
Parents in the intervention group showed increased parental self-efficacy, parent-child communication, and satisfaction with parentchild relationships, and decreased parent-child conflict.
Parents reported accessibility and convenience to complete the intervention.

Molleda et al [82] Effective parent-adolescent communication skills.
Parents’ positive experience with flexibility, accessibility, and convenience in delivery of eHealth.
Parents also reported the ability to apply the lessons learned from eHealth Familias Unidas to their daily lives.
Estrada et al [83] It was feasible to recruit, engage, and retain Hispanic families into an eHealth intervention and deliver it electronically.
Positive feedback was provided by the parents regarding eHealth.
Parents stated there were multiple lessons learned from engaging in eHealth Familias Unidas: effective parent-adolescent communication and active parental attention and involvement in an adolescent’s life.
Culturally appropriate online content allowed parents to access sessions at their convenience and minimized costs for researchers
and participants alike
a

IMBP: Integrated Model of Behavior Prediction.

Types of Communication Technologies Used
All the studies implemented web-based interventions [33,80-83].
Content employed via the communication technologies and
delivery thereof varied considerably. The web-based program
by Deitz et al [80] consisted of 4 multimedia modules that
provided information regarding symptoms and treatment options
for depression and anxiety, building parental skills, and
additional resources with information about mental health issues.
Parental skills included communication, relationships, and
healthy lifestyles. Estrada et al [83] and Molleda et al [82]
adapted an evidence-based intervention, Familias Unidas, into
a web-based intervention consisting of 8 e-parent group sessions
of video recordings and 4 online family sessions
(parent-adolescent) with a facilitator. Choi et al [81] reported
on a 4-week web-based intervention (Stepping-stone) containing
educational sessions, media files, verbal feedback, weekly
assignments, and practice sessions regarding bullying,
depression,
suicide,
and
communication
skills.
Cardamone-Breen et al [33] adapted a single-session web-based
component of the Partners in Parenting intervention. This
intervention
provided
personalized
feedback
and
psychoeducation concerning guidelines on adolescent depression
http://mhealth.jmir.org/2020/8/e13179/

XSL• FO
RenderX

and anxiety after the parents completed an online survey to
assess parenting practices.

Target Population
The study populations in the included articles predominantly
comprised caregivers as parents or family members. Deitz et al
[80] used parents or caregivers of youth between the ages 5 and
21, while Molleda et al [82] included clinic personnel,
facilitators (ie, physicians, nurse practitioners, administrators,
and mental health workers), and parents or primary caregivers
of Hispanic adolescents (age range: 12 to 16 years) [82]. Estrada
et al [83] also included Hispanic families with parents and
adolescents between the ages of 12 and 16 [83]. The study by
Choi et al [81] encompassed parents who had at least one child
aged 11 to 16 years. Cardamone-Breen et al [33] used a
community sample of parents, together with adolescents aged
12 to 15 years old. The most common problems among
adolescents were mental health or behavioral issues [80,81],
depression and anxiety disorders [33,81], bullying [81], suicide
[81], and substance use [82,83]. The majority of participants in
the studies were female, recruited from various urban settings,
and educated.
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IMBP and Other Determinants

internet, which provides access to resources [92,93]. Moreover,
Schneider’s [94] systematic review reported that utilizing
communication technologies to gather and stream information
received the highest proportion of use. Multimedia approaches
including internet and web-based programs are a means for
providing informational support to caregivers; they also found
that effective parent education through communication
technologies can augment the mental well-being of children
[95]. Our results are consistent with earlier reports in this field
that suggest that web-based interventions are effective for
caregivers managing mental health issues in adolescents
[91,96,97].

Outcomes focusing on the IMBP determinants in the current
review were about self-efficacy and skills such as parent-child
communication: 2 studies [80,81] measured the effect of the
intervention on caregiver self-efficacy that improved after the
intervention; 3 studies [81-83] also demonstrated the
effectiveness of communication skills between caregiver and
adolescent, and 1 randomized controlled trial [80] measured no
significant differences between study groups in family
communication skills. Of the 5 studies, Cardamone-Breen et
al’s study [33] showed promising changes in parenting skills
and behavior, and another study [80], a randomized control trial,
reported outcomes regarding parental attitudes demonstrating
no significant differences between the two study groups.
Another observation was that effective parental skills resulted
in satisfactory parent-child relationships as well as a decline in
parent-child conflict [81]. Caregivers similarly appreciated the
feedback they received regarding their parental skills after using
the intervention [33] and lessons learned to implement in their
daily lives [82,83].
We identified 2 studies [80,81] that measured the effect of
communication technologies use on caregivers’ knowledge
showing an improvement. Additionally, Estrada et al [83] found
that parents were more involved and attentive in the life of
adolescents after engaging with the eHealth intervention. In
turn, participants in Estrada et al’s study [83] gave positive
feedback regarding the use of the eHealth intervention while
Molleda et al [82] found that parents experienced the eHealth
delivery as positive.

Discussion
Principal Findings
The review results show the potential value of communication
technologies to strengthen caregivers’ behavior when caring
for an adolescent with mental health issues. Overall, the results
yielded evidence of the usefulness of communication
technologies by caregivers. Moreover, the results contributed
to the limited literature on communication technology
interventions for caregivers caring for the adolescent with mental
health issues.
As shown by this study, the results were mostly positive, which
may raise questions about selection bias. Aligned to the review
question, we were interested in determinants showing improved
outcomes among caregivers’ when using communication
technologies. It becomes particularly imperative to recognize
users’ preferences and acceptance of communication
technologies in a health care setting. Identifying appropriate
communication technologies to inform and support caregivers
may be a challenge, but it is essential to understand their
adoption thereof [87,88]. Information dissemination delivered
through communication technologies is gradually replacing
traditional approaches [89], but the implementation in health
care [90] and among caregivers [14,91] is still lacking.
Communication technologies can distribute an unprecedented
amount of information through technology such as electronic
devices, system software, and information networks such as the
http://mhealth.jmir.org/2020/8/e13179/
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A prevailing expectation of communication technologies is that
it might improve knowledge acquisition regarding illnesses.
However, applicable information should be according to the
caregivers’ specific needs [98]. Statistically significant
differences were found related to parental outcomes of
knowledge, attitudes, and skills in efficient web-based
interventions [99]. Exploiting the internet for knowledge about
chronic diseases, as noted by Mahmud et al [53], can assist
individuals and communities in health promotion. In contrast,
low-income parents were not confident in using the internet and
could not distinguish between good- or bad-quality information
[100]. Sweeney et al [59] concluded that parents of youth with
mental health problems demonstrated poor knowledge regarding
computer-based therapies but were positive about using it.
Communication technologies are now mature enough to enable
learning and knowledge exchange among caregivers in health
care [101]. This functionality is attributable to the fact that
communication technologies are associated with boosting the
health care landscape through information exchange and
transformation among large populations [102]. Our review
indicated some evidence that computer-based interventions
among large groups of parents are less expensive. The financial
implication is particularly relevant in the current global
socioeconomic climate, especially in low-resource settings that
should keep cost-effectiveness of communication technologies
in mind [103] when serving vulnerable populations such as
caregivers in deploying health care [104]. According to Sprague
et al [105], the world still experiences barriers to internet
adoption despite high technology penetration because of
disproportionately rural populations, low-income, illiteracy,
elderly users, and female users. Therefore, it is vital to explore
the best evidence available related to communication
technologies barriers such as delivery methods,
cost-effectiveness, caregiver characteristics, and outcomes,
which will predict adoption thereof.
None of the included studies measured text messaging, phone
calls, mobile apps, or social networking as a favored network
delivery; however, included studies mentioned the use of
communication technologies to recruit participants and send
reminders. Domek et al [106] and Anderson-Lewis et al [107]
suggest that text message interventions may be useful in rural
families and have the potential to disseminate public health
information. Mobile apps show some promise in serving families
of youth with mental health issues in resource-constraint settings
[108]. Breitenstein et al [109] also determined that digital
delivery, such as mobile apps, might theoretically be
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cost-effective, sustainable, and reach large numbers for parent
training. Furthermore, some studies [110,111] have shown that
social media effectively supports and informs caregivers through
shared participation. Catalano et al [112] identified that parental
social support and interacting improved caregiver well-being.
Collective participation is valuable, but researchers should be
mindful of caregivers’ individuality when exploring the usage
of communication technologies. It is important to conceptualize
the characteristics of caregivers in the context of communication
technologies acceptance [113-115]. Caregivers of adolescents
are typically a parent or family member who assumes a central
role in caregiving. Transition into the caregiver role can be
different for each caregiver. Recognizing the individual needs
of each caregiver is crucial when investigating the usability of
communication technology interventions [9,116], especially in
caregivers of children or adolescents with mental health issues
[67,117,118].
Caregivers’ adoption of tailored web-based interventions
focusing on their needs may improve their resourcefulness and
mobilize
effective
caregiving
[119,120].
Tailored
communication technologies was highlighted in this review,
indicating contextual relevance related to the usage of
communication technologies. Besides, this review also
highlighted common elements depicting their approval of
utilizing communication technologies, such as the accessibility,
cost-effectiveness, convenience, and flexibility thereof.
Generally, study participants gave positive feedback related to
communication technologies use. Modifying communication
technology interventions to match caregivers’ preferences might
lead to favorable changes in parenting practices and satisfaction
in intervention utility [121]. Overall, the findings demonstrated
the acceptability of communication technologies by caregivers,
and the use of communication technologies was associated with
improved caregiver and mental health outcomes among
adolescents.
Some studies in this review identified diverse interventions that
facilitated the strengthening of caregivers’ behavior, such as
improved self-efficacy, enhanced knowledge, and better
parent-child communication skills and practices. These findings
complement those of other studies in that online tools have
proved to be successful in improving caregivers’ knowledge,
skills, coping [122,123], and self-efficacy [120,124]. Nieuwboer
et al [99] summarized that the internet supplies information,
support and advice to parents with different needs that encourage
changes in their parental abilities. Furthermore, technology
provides access to others for building support and knowledge
through positive engagement [125]. Reportedly, the potential
impact of communication technologies on caregivers’ well-being
is ubiquitous and may guide their behavior toward the care
recipient [126].
Caregivers who feel that they can perform behavior effectively
will continue to repeat that specific behavior. This performance
is based on knowledge, skills, and self-efficacy. A repetition of
the behavior will occur if it is associated with a positive feeling
and a sense of confidence; the accomplishment of the behavior,
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reflects self-efficacy and competency in performing the task
[127,128]. People hold specific beliefs about behavior and
intentionally perform according to that belief. From the IMBP,
people who have the necessary skills will perform more
satisfactorily, which will lead to favorable outcomes [129]. Hall
and Bierman [130] reported improvement in parental knowledge
and attitude through technology-based interventions. Of course,
targeted interventions strengthening parental knowledge,
self-efficacy, and skills may lead to improved child mental
health outcomes [100] and positive parental outcomes [9].
Thus, it is legitimate to say that a communication
technologies–based intervention has great potential to be used
by caregivers to reinforce positive behavior when caring for an
adolescent with mental health issues. Communication
technologies also represent possibilities to provide support to
caregivers by addressing their individual needs which could be
highly convoluted. This review shows a need for further research
in the area of supporting caregivers of adolescents with mental
health issues.

Strengths
The authors conducted a comprehensive review following a
stepwise methodological process for a systematic review. We
included multiple study designs to understand how
communication technologies may strengthen caregivers’
behavior and improve caregiver outcomes. We used standardized
checklists to appraise selected articles critically. The results
provided knowledge related to the use of communication
technologies among caregivers of adolescents with mental health
issues.

Limitations
We might have missed potentially relevant articles, although
explicit inclusion and exclusion criteria were set up. The first
author initially screened titles and abstracts independently for
applicability while some were verified by the second author for
quality control purposes. This review was limited to articles
describing caregiver outcomes according to the IMBP
determinants, and this restriction may have eliminated
meaningful information from other communication technology
advantages.

Conclusions
The review results indicate that using communication technology
is useful to strengthen caregivers’ behavior by providing
information and resources. Additionally, a better understanding
of caregivers’ attitudes and environmental constraints toward
communication technologies may inform optimal usefulness
thereof. Evidence for caregivers of adolescents with mental
health issues using communication technologies is not readily
available in the literature. There was limited empirical research
outlining the methods of communication delivery, and it is worth
exploring this in future research. Besides, future research should
focus on the development of more innovative communication
technology interventions for caregivers in different contexts
and scaling up of efforts to implement them for improved mental
health care among adolescents.
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Abstract
Background: Ecological momentary assessment (EMA) enables individuals to self-report their subjective momentary physical
and emotional states. However, certain conditions, including routine observable behaviors (eg, moods, medication adherence) as
well as behaviors that may suggest declines in physical or mental health (eg, memory losses, compulsive disorders) cannot be
easily and reliably measured via self-reports.
Objective: This study aims to examine a method complementary to EMA, denoted as peer-ceived momentary assessment
(PeerMA), which enables the involvement of peers (eg, family members, friends) to report their perception of the individual’s
subjective physical and emotional states. In this paper, we aim to report the feasibility results and identified human factors
influencing the acceptance and reliability of the PeerMA
Methods: We conducted two studies of 4 weeks each, collecting self-reports from 20 participants about their stress, fatigue,
anxiety, and well-being, in addition to collecting peer-reported perceptions from 27 of their peers.
Results: Preliminary results showed that some of the peers reported daily assessments for stress, fatigue, anxiety, and well-being
statistically equal to those reported by the participant. We also showed how pairing assessments of participants and peers in time
enables a qualitative and quantitative exploration of unique research questions not possible with EMA-only based assessments.
We reported on the usability and implementation aspects based on the participants’ experience to guide the use of the PeerMA
to complement the information obtained via self-reports for observable behaviors and physical and emotional states among healthy
individuals.
Conclusions: It is possible to leverage the PeerMA method as a complement to EMA to assess constructs that fall in the realm
of observable behaviors and states in healthy individuals.
(JMIR Mhealth Uhealth 2020;8(8):e15947) doi:10.2196/15947
KEYWORDS
peer-ceived momentary assessment; PeerMA; ecological momentary assessment; EMA; human state assessment; behavior
modeling; human-smartphone interaction; digital health; well-being; mobile phone
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Introduction
Background
The ecological momentary assessment (EMA) [1] method—a
form of Experience Sampling Method (ESM) [2,3]—is used to
collect a person’s momentary self-assessment of a particular
outcome of interest (eg, mood, pain). This method has
advantages such as easy interpretability, ecological validity and
information richness (as the assessment comes directly from
the person), self-motivation to report, and practicality [4]. This
is especially useful when the objective ground truth is not
obtainable; researchers thus interpret self-assessments as the
ground truth of a state (eg, anxiety) [5]. This practice has
disadvantages in scenarios where the self-assessment imposes
an unwanted burden (eg, annoyance), the self-assessment poses
a risk of reactivity [6] (eg, questions about anxiety), the person
cannot answer objectively (eg, because of mental disorders), or
the person chooses to answer untruthfully (eg, answers with
high social desirability, always agreeing or disagreeing
regardless of the question, or always picking an extreme or
random response) [4].
In clinical settings, proxies and observers are often involved to
inform about a patient’s condition when the patient cannot
express himself or herself objectively (eg, children or patients
with dementia) [7] or has limited ability to participate [8].
Outside of clinical settings, researchers have shown the value
of observers or peers in identifying sources of chronic stress
experienced by an individual [9] and for personality assessment
[5], especially in studies where the assessment is taken only
once. However, there is a lack of information regarding whether
an individual’s peers (defined as close, trusted friends or family
members [10]) can serve as valuable sources of information
about the states and observable behaviors of the individual,
potentially facilitating the early detection of certain states,
including mental disorders occurring in the daily life of healthy
individuals.
Consider an illustrative case of Bob in the early stages of
developing an obsessive-compulsive disorder (OCD) [11] that
makes him tighten his shoes irrationally. It is inherently hard
for Bob to realize that his conduct is socially awkward and
unsafe in locations such as stairways or busy sidewalks.
Fortunately, because the behavior is observable, his wife Alice
will be able to detect the early symptoms and motivate him to
go for a medical check. Additionally, on the therapeutic side,
Alice’s daily reports could be valuable in providing evidence
that ultimately aids in his treatment. Aside from the diagnosis,
peers can also be allies for an individual recovering from an
addiction (eg, eating disorders, smoking, gambling). In this
case, peer assessments could help prevent relapses and the
associated negative consequences.
Inspired by the principles of EMA, we evaluated the peer-ceived
momentary assessment (PeerMA) method, previously defined
by Berrocal and Wac [10]. PeerMA is a form of EMA completed
by a designated peer of an individual during the same time
observation window when the individual is prompted for an
EMA. Peers are asked to indicate their perception of the states
of the individual as well as how confident they are about the
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provided assessment. The PeerMA method leverages the
ubiquitous availability of smartphones as a way to collect
momentary, ecologically valid data in the context of a person’s
life. This enables researchers to further examine how peers
could become a source of information to complement the
individual’s self-assessment under certain conditions [7,9,12].
We explored 2 research aims in this study: (1) to evaluate the
feasibility of the PeerMA method for studying real-life
phenomena in healthy populations and (2) to identify the critical
operational aspects and human factors that influence the quality
of the data collected and their potential scaling. Toward this
end, we conducted 2 in-the-wild studies (ie, outside the
laboratory) using the PeerMA method. Study A was conducted
around the University of Geneva (UNIGE) in Switzerland during
the autumn of 2018. In this study, 13 participants self-assessed
their perceived levels of stress [13], fatigue [14], and anxiety
[15] multiple times a day using EMA, whereas their peers
leveraged the PeerMA method to express the participants’
perceptions of the same states. Study B was conducted with 10
participants around Stanford University in Palo Alto, United
States, in the summer of 2019. However, in this study, in
addition to assessing the levels of stress, fatigue, and anxiety,
participants assessed their levels of well-being [16]. Similarly,
peers assessed the level of stress, fatigue, anxiety, and
well-being perceived by the participant via PeerMA. Both
studies lasted 28 days.

Related Work
Both the ESM and the EMA methods were introduced in
psychology [1,2] and are often used to study human aspects
such as emotional awareness [17], depression [18], happiness
[19], or human virtues [20] via self-reports. These methods are
increasingly being used in clinical psychology [21] to study
various types of disorders, such as mood dysregulation, anxiety,
substance use, or psychosis [22]. EMA has also been used in
patients with chronic fatigue, acquired immunodeficiency
syndrome, migraine, breast cancer, or kidney disease to assess
mood and stress changes [23]. Additionally, the method was
adopted in organizational research [24] as well as in computer
science, particularly in the subfields of ubiquitous computing
and human-computer interaction [25].

The Proxy, Observer, Informant, or Peer Assessments
In psychology, self-assessment and other-assessment methods
(also referred to as proxy, observer, informant, or peer
assessments) have been used in various research contexts. For
example, Vazire [5] summarized the findings of three studies
providing empirical evidence of how informant-provided
assessments improve the validity of personality assessments in
behavioral sciences, and how they helped researchers examine
questions for which self-reports alone would be insufficient.
Her findings encourage researchers to incorporate informant
assessments as an additional source of information to study
certain human behaviors.
Gosling et al [26] studied the differences and implications of
an individual’s self-reported behavioral acts (eg, expressing
agreement) versus the reports made by observers of that
individual after coding and judging the recorded behaviors. The
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focus of this research was to understand the accuracy and bias
(such as self-enhancement) related to self-reports of one’s acts.
Collecting observers’ assessments to examine cases of
agreement and disagreement was vital for researchers to study
the psychological processes of social perception.
Balsis et al [12] studied the reliability of self-reports versus
informant reports in the context of personality assessment. They
used the self-report and informant-report version of the Revised
NEO Personality Inventory [27] inventory (including overall
health measures) and showed, in a large sample (n=1449), that
informant reports had greater internal consistency than
self-reports for personality assessment. Although the internal
consistency of informant reports does not imply that those
reports are more valid than the self-reports, in this particular
study, informant reports (having low variability) were better
predictors of overall health measures than the self-reports of
personality, which was relevant in the context of the study.
In clinical settings, in a group of older adults (>60 years old),
Neumann et al [8] examined the validity of proxy responses
used in 24 peer-reviewed publications from 1990 to 1999.
Proxies (ie, family members or caregivers) showed fairly good
agreement with the subject at assessing functioning, physical
health, and cognitive status. However, proxies showed less
agreement with the subject, reporting slightly higher impairment
in emotional well-being and functioning. Such disagreement
was in fact valuable in certain cases; for example, proxies
provided more negative ratings than subjects during the 6
months before a hip fracture.
Focusing more on the characteristics of observers, Watson et
al [28] studied the acquaintanceship effect in the context of
self-agreements versus other agreements in low visibility aspects
such as affect traits (eg, attentiveness or serenity). They involved
one-time assessments of the Positive and Negative Affect
Schedule Expanded Form [29], Big Five [30], and other
study-specific instruments with a sample comprising 74 married
couples, 136 dating couples, and 279 friendship couples. Their
analysis showed that self-other agreement was significantly
higher among married couples compared with dating couples
or friendship dyads. Moreover, the self-other agreement was
moderate to high in several components of the scales for dating
couples and friendship dyads. Their work directly highlights
the value of incorporating other assessments to study certain
human traits, although admitting that the reliability of the other
assessments should be studied carefully in each case.
Finally, although not using any form of EMA or PeerMA as
presented in this paper, other studies showed empirical evidence
to support 2 assumptions underlying PeerMA. Namely, (1)
people often rely on their peers and trust essential information
to them [31-33] and (2) peers can play a crucial role in reporting
and assisting in specific scenarios such as rehabilitation and
general health [8,34-36] as well as identifying the sources of
chronic stress [9].

Berrocal et al
self-assessments of various aspects such as mental health and
educational outcomes [38], stress [39-43], depressive moods
[44], and schizophrenia [45]. Harari et al [46] reviewed studies
using smartphone-sensing methods to identify physical
movement, social interactions, and other daily activities, which
can be used as objective and automated measures of behavior.
More recently, Gresham et al [47] leveraged objective data from
activity monitors to predict the risk of adverse events,
hospitalizations, and hazard for death in advanced cancer
patients. In general, these approaches profit from the abundance
of passively sensed data that are converted into informative
features to create computational models (commonly using
machine learning or deep learning algorithms) to ultimately
make inferences about human states such as those already
mentioned.
However, despite its notable value, passively sensed data from
smartphone sensors do not always enable accurate modeling of
the perceptions of highly subjective individuals [48], and the
use of such data may pose privacy risks [49] if proper data
protection measures are not in place. In addition, smartphone
sensor data are likely to vary in time because of hardware or
sensing platform differences [37]. There is also evidence that
individuals would abandon smart devices after a brief period
of use [50] for reasons such as poor fit to expectations, not
perceiving any direct value from the collected data, or the
perceived high maintenance (eg, battery charging), especially
if these devices are not their own smartphones.
We examined informant, proxy, observer reports from the
literature and observed 3 main characteristics:
1.
2.

3.

They captured individual and observer assessments using
long surveys or instruments.
These assessments are usually carried out infrequently.
Sometimes, these are one time–only assessments or are
carried out every few months or years.
Proxies are usually involved for patients in clinical settings
(due to physical or cognitive impairments).

We researched the use of PeerMA instead by (1) specifically
using short surveys, for example, single-item or few-item
questionnaires capturing one variable; (2) conducting frequent
assessments, from >1 per day to just a few per week or month
(in the case of longitudinal studies); and (3) exploring its value
by focusing on healthy populations (ie, not having been
diagnosed with a disease).
Our research makes a unique contribution by exploring the use
of PeerMA [10] (peer assessment) to complement the
information obtained via EMA (self-assessment) and personal
sensing methods and collecting otherwise hard to collect data
on human behaviors. The potential implications of our research
are manifold, including implications for personal health,
ubiquitous technologies, and mobile human-computer
interaction.

Value of Technology to Complement Self-Assessments
Following the trend of personal sensing described by Mohr et
al [37], researchers have been using passively-collected raw
data from smartphones and wearables to complement
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by Berrocal et al [51]), and we configured the content and
frequency of the questions that the app administers via EMA
and PeerMA.

Methods
Approach
This section describes the experimental design of the studies.
To explore research aim 1 on the feasibility of the PeerMA
method to study real-life phenomena in healthy populations,
we collected variables such as user retention during the study,
overall agreement between the EMA and PeerMA assessments,
and the experimental value of the method by enabling the study
of self-assessments and observer assessments paired in time.
Moreover, to explore research aim 2 on operational aspects and
human factors that influence the quality of the collected data,
we gathered qualitative elements such as user reflections after
using the method, difficulty in using the technology, and
reliability of the technologies that can influence the quality of
the collected data.
As explained in this section, study B had minor methodological
differences based on lessons learned from study A. The studies
were not designed to be replicas of each other. Instead, both
studies were part of the exploratory phase of our research, in
which we did not (yet) provide interventions or treatments to
either the participants or their peers.

Tools
We implemented the PeerMA method by leveraging the mQoL
Lab platform [51,52] of the Quality of Life Technologies
Research Group (UNIGE) [53]. For the 2 studies described here,
we developed and published a mobile app called mQoL Peers
available via the Google Play Store (for Android) and the Apple
Store (for iOS). The mobile apps with the mQoL Lab platform
implemented the EMA and PeerMA methods (further explained

Participant and Peer Types
To be included in this study, participants and peers had to be
>18 years old and own a data-enabled smartphone with Android
version 8.1+ or iOS version 7+. Table 1 shows the number of
participants and peers per study and the cumulative number of
types of peers. We used the following 4 types of peers based
on their social proximity [28]: (1) spouse, (2) dating couples,
(3) relatives, and (4) friends.
For study A, we recruited participants around the UNIGE
campus by distributing flyers, by placing advertisements at
department boards, via mQoL Living Lab email distribution
lists, and by word of mouth. Overall, 6 participants had 1 peer
and 7 participants had 2 peers. As compensation, participants
who completed the study entered a raffle for 2 Amazon gift
cards worth US $50 each.
For study B, we recruited participants around the Stanford
University campus by distributing flyers, by placing
advertisements on Craigslist and department boards, via email
distribution lists, and by word of mouth. A total of 7 participants
had 1 peer and 3 participants had no peers (included in Table 1
and excluded from the analysis). As compensation, participants
and peers who completed the study received an Amazon gift
card worth US $50 each.

Study Design: Study Surveys, EMA, and PeerMA
This section explains the entry, ambulatory, and exit surveys
from each study. These are summarized in Table 2.

Table 1. Study participants: type and gender distribution.
Studies

Participants, n (%)

Peers, n (%)

Male

7 (54)

12 (60)

Female

6 (46)

8 (40)

Male

2 (20)

3 (43)

Female

8 (80)

4 (57)

Study Aa

Study B

a

b

Total number of participants is 13, and total number of peers is 20.

b

Total number of participants is 10, and total number of peers is 7.
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Table 2. Study design: surveys and ecological momentary assessment/peer-ceived momentary assessment content in each study.
Types of survey

Study A

Study B

Entry surveys

Study entry, GERTa, PSSb, and SDSc

Study entry, PSSb, and SDSc

Daily surveys:

a

Stress, fatigue, and anxiety; frequency: 8 times a day (9
EMAd and PeerMAe AM-9 PM); silent push notification; expires after 40 min

Stress, fatigue, anxiety, and well-being; frequency: 3 times a day
(8 AM-8 PM); silent push notification; expires after 30 min

Exit survey

Study exit

Study exit

GERT: Geneva Emotion Recognition Test (0-42; higher scores reflect higher ability).

b

PSS: Perceived Stress Scale (0-40; higher scores reflect higher perceived stress).

c

SDS: Social Desirability Scale (0-10; higher scores reflect higher social approval concern).

d

EMA: ecological momentary assessment.

e

PeerMA: peer-ceived momentary assessment.

Entry Surveys
Participants and peers initially completed the entry surveys
before beginning the daily EMA/PeerMA. The study entry
survey had 2 parts: (1) socioeconomic status, including gender,
age range, education, marital status, and employment status and
(2) open-ended questions asking participants whether they
considered themselves stressed, what causes their stress, and
whether they think others notice when they are stressed. For
peers, open-ended questions asked whether they noticed when
people around them project stress, what signs they observe in
those projecting stress, how they react when someone around
projects stress, and whether they get stressed or change their
behavior when exposed to someone who is stressed. Peers also
indicated their relationship with the participant (eg, friend,
spouse) and whether they cohabit with the participant.
We employed the 42-item Geneva Emotion Recognition Test
(GERT) that measures a person’s ability to recognize someone’s
emotions from facial, voice, and body inputs (higher scores
reflect higher ability) [54]. We used the 10-item Perceived Stress
Scale (PSS) to measure self-perceived stress (higher scores
reflect higher perceived stress) [55]. We used the 13-item Social
Desirability Scale (SDS) to measure the degree to which a
person is concerned with social approval (higher scores reflect
higher social approval concern) [56].
For study B, the entry surveys had 2 differences. First, we asked
participants (not only peers) to indicate whether they noticed
when individuals around them project stress. Second, we
excluded the GERT test because several participants and peers
in study A reported technical issues with its web interface
(provided as a service by the hosting agency) when completing
the test.

Ambulatory Monitoring: EMA/PeerMA and
Well-Being
In both studies, we used single-item questions proposed by
Rosenzveig et al [57] on a visual analog scale, as shown in
Figure 1. We chose stress, fatigue, and (state) anxiety because
they can be studied using introquestive methods [58]. They
often occur among healthy adults [59]. They compromise a
person’s well-being (eg, high stress, bad sleep quality) [60] and
are not trivially observable by peers, and presumably, early
detection of these conditions could inform diagnosis or
therapeutic decisions. Additionally, these states can vary during
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a day and hence are good candidates to report with
EMA/PeerMA triggered through a day.
For study A, we used signal-contingent triggers between 9 AM
and 9 PM for a total of 8 per day. They were uniformly
randomized and separated by ≥45 min. Participants and peers
received the EMA and PeerMA via silent push notifications (no
sound and no vibration), which expired after 30 min if
unanswered by the participant (to prevent questions from piling
up). With EMA, we asked the following questions: “How much
{stress, fatigue, anxiety} are you experiencing?“
Correspondingly, with PeerMA, we asked: “How much {stress,
fatigue, anxiety} is your peer projecting?” in addition to the
peer’s confidence assessment (Figure 1), which allowed peers
to indicate how confident they were with each assessment. In
principle, being next to the participant does not guarantee that
peers can report with high confidence. Similarly, not being
beside the participant or not having had a recent face-to-face
contact does not preclude peers from reporting with high
confidence. The exact dynamics used by the peers to make their
observations are complex in nature, as already noted by Uher
et al [58]; therefore, given the exploratory nature of this study,
we decided to leave them for future work. The confidence
assessment provided by peers can be used to inform the data
analysis, for instance, to discard zero-labeled confidence
assessments.
For study B, we used signal-contingent triggers between 8 AM
and 8 PM for a total of 3 per day. They were uniformly
randomized and separated by ≥2 hours. Participants and peers
received the EMA and PeerMA via silent push notifications (no
sound and no vibration), which also expired after 30 min if not
addressed by the participant. With EMA, we asked the following
questions: “How much {stress, fatigue, anxiety} are you
experiencing?“ on a scale of 0 to 10 (the higher the worse),
“How well are you?”—related to the overall level of well-being
on a scale of 0 to 10 (the higher the better)—and an open
question “If you wish, briefly describe your emotional state at
this moment.“ Correspondingly, with PeerMA, we asked “How
much {stress, fatigue, anxiety, well-being} is your peer
projecting?” (using the same scale of 0-10), 1 open question “If
you wish, briefly describe the state your peer projects at this
moment,“ and the peer’s confidence assessment. In this study,
the mQoL Peers app also had a button to let participants and
peers self-trigger an assessment (EMA or PeerMA
correspondingly) when they wished to do so.
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Because the explicit well-being question had been adopted only
in study B, in study A we computed it afterward. In study A, we
adopted the notion of computed well-being (additional to the
reported well-being in study B), representing a reduced, yet
semantically aligned form of well-being as defined by Huppert

Berrocal et al
[16]. We used a pragmatic definition of well-being as 1 minus
the arithmetic mean of stress, fatigue, and anxiety. Empirically,
a high prevalence of stress, fatigue, and anxiety reduces
well-being. On the contrary, low levels of stress, fatigue, and
anxiety are likely to contribute to a healthy state of well-being.

Figure 1. Examples of ambulatory assessment: (a) Self-assessment (ecological momentary assessment) of stress, (b) peer- assessment (peer-ceived
momentary assessment) of stress, (c) confidence assessment required from peers. Assessments of fatigue, anxiety, and well-being followed the same
approach.

Exit Survey
At the end of the study, both participants and peers completed
an exit survey commenting on usability aspects of the mobile
device app (eg, usability, positive and negative aspects
perceived). The survey also asked how participants felt about
reflecting on their states during the day, whereas peers answered
how they felt about reflecting on their peers’ states during the
day.

Study Protocol and Ethical Approval
At the beginning of the study, participants had a 15-min
web-based or face-to-face meeting with the researcher with the
following objectives: (1) explain the nature of the study, (2)
hand out the informed consent, (3) train the participant to use
the mQoL Peers app (concretely, how to invite peers, how to
complete entry surveys, and how to address the push
notifications), and (4) answer any questions from the participant.
During this meeting, the researcher explained to the participants
that, given the nature of the study, peers had to be people with
whom they had regular contact (at least daily), either
face-to-face or virtually, using communication tools. We
explained that peers could be spouses (significant others), close
relatives (family), or friends from school or work. After the
meeting, participants would complete the entry surveys, enroll
their peers, and explain to them how to use the app. In these 2
studies, the researcher had no interaction with peers. After
enrolling their peers and completing the entry surveys,
participants pushed a button in the app to start the study and
receive daily EMAs and PeerMAs. The researchers were in
touch with the participants remotely to follow-up with them
about these steps, if needed.
Study A was approved by the institutional review board of
UNIGE under the protocol “Exploring the Value of Social Links
and Human-Machine Collaboration in the Context of Stress
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Assessment,” N. CUREG.201807. Study B was approved by
the Panel on Human Subjects in Medical Research of Stanford
University under the protocol “Studying the Subjective and
Objective Momentary Perception of Quality of Life in Different
Contexts of Daily Life,” N.47833, Reg# 351.

Results
Structure
The first part, the section on Feasibility of Using PeerMA,
presents the results directly associated with research aim 1
(feasibility of using PeerMA in real-life phenomena). Recalling
from these methods, these results allowed us to observe variables
such as user retention and completion rates in the study, the
overall agreement between EMA and PeerMA assessments, and
the experimental value of the method to study certain research
questions. The first part is organized as follows: the section on
Collected Data Summary introduces the data sets, including
visualizations, to illustrate the contributions of the PeerMA
method in the section on Visual Explorations of Daily Dynamics.
Then it presents results from 3 analyses: directional accuracy
in the section on Mean Directional Accuracy of EMA/PeerMA,
correlations in the section on EMA and PeerMA Correlations,
and statistical agreement between participants and peers
assessments in the section on EMA/PeerMA Statistical
Agreement.
The second part, the section on Operational and Human Factors,
presents results associated with research aim 2 (operational and
human factors). The second part of the section is organized as
follows: the section on Users’ Reflections about the Studies
summarizes the qualitative results related to the users’
reflections from both studies. Then, the section on Implications
of Technology Choices briefly describes implications of the
technology choices that we experienced in the studies. Finally,
the section on Suggestions from Users about Technology and
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Methods shows some recommendations or observations made
by participants in the study, which are worth sharing with the
research community.

Feasibility of Using PeerMA
We present the type of quantitative and qualitative data that are
being obtained with PeerMA as a method and tool in the 2
observational studies, and not necessarily the strength of the
results regarding stress, fatigue, anxiety, and well-being that
have been explored as use cases. Nevertheless, we also present
a detailed examination of the results to support the findings and
observations that come along the analyses.

Collected Data Summary
The first part of the dataset, extracted from the entry surveys,
describes the samples in each study. Table 3 shows the
socioeconomic characteristics (gender, age, marital status,
education, and employment) as well as the distribution of
participants and peers who admit whether other people notice
(or not) when they are stressed. Table 4 shows the test scores
(GERT, PSS, and SDS) as well as the distribution of how
stressed participants and peers considered themselves and how
well they report to notice stress in others. The second part of

the dataset contains information about the quantity and values
obtained from the EMA and PeerMA in each study.
In study A, which included 13 participants and 20 peers, we
collected a total of 878 person-days, 380 participant-days (mean
29, SD 1.7), and 498 peer-days (mean 25, SD 5.9). Participants
received 3086 EMAs (mean 237, SD 32.3), and responded to
a total of 2001 EMAs (mean 154, SD 62.2) with an average
response rate of 65% (SD 24.2%). Peers received 3178 PeerMAs
(mean 159, SD 49.0), and responded to a total of 1328 PeerMAs
(mean 66, SD 37.9) with an average response rate of 44% (SD
24.5%).
In study B, which included 10 participants and 7 peers, we
collected a total of 373 person-days, 187 participant-days (mean
27, SD 4.5), and 186 peer-days (mean 27, SD 4.8). Participants
received in total 561 EMAs (mean 80, SD 13.4), and responded
to a total of 445 EMAs (mean 64, SD 16.2) with an average
response rate of 80% (SD 19.6%). Peers received 558 PeerMAs
(mean 80, SD 14.5), and responded to a total of 432 PeerMAs
(mean 62, SD 45.4) with an average response rate of 77% (SD
48%; including peer S1P1, who provided almost twice the
expected number of PeerMAs).

Table 3. Participants’ socioeconomic characteristics by study.
Variables

Study A

Study B

Participants, n (%)

Peers, n (%)

Participants, n (%)

Peers, n (%)

Male

6 (46)

8 (40)

2 (29)

3 (43)

Female

7 (54)

12 (60)

5 (71)

4 (57)

18-20

1 (8)

2 (10)

0 (0)

0 (0)

21-29

9 (69)

8 (40)

3 (43)

3 (43)

30-39

2 (15)

4 (20)

4 (57)

4 (57)

40-49

1 (8)

6 (30)

0 (0)

0 (0)

Single

10 (77)

12 (60)

3 (43)

3 (43)

Married

2 (15)

5 (25)

4 (57)

4 (57)

Other

1 (8)

3 (15)

0 (0)

0 (0)

Undergraduate

8 (62)

11 (55)

1 (14)

3 (43)

Graduate

5 (38)

9 (45)

6 (86)

4 (57)

Yes

3 (23)

9 (45)

3 (43)

6 (86)

No

10 (77)

11 (55)

4 (57)

1 (14)

Yes

9 (69)

15 (75)

7 (100)

6 (86)

No

4 (31)

5 (25)

0 (0)

1 (14)

Gender

Age (years)

Marital status

Highest education

Currently employed

Others notice my stress?
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Table 4. Survey scores of participants and peers by study.
Instruments and roles

Study A

Study B

Minimum score

Maximum score

Mean (SD)

Minimum score

Maximum score

Mean (SD)

Participant

18

33

26 (5.2)

N/Ab

N/A

N/A

Peer

20

31

25 (3.8)

N/A

N/A

N/A

Participant

12

31

23 (5.9)

19

31

24 (4.6)

Peer

0

36

22 (8.2)

12

28

21 (5.9)

Participant

3

12

7 (2.5)

0

10

5 (3.2)

Peer

0

11

6 (3.0)

1

11

6 (3.4)

GERTa (0-42)

c

PSS (0-40)

SDSd (0-13)

Considered stressed (0-10)
Participant

2.8

9.8

6.1 (2.4)

3.1

9.0

6.2 (2.4)

Peer

0.3

8.7

4.5 (2.6)

1.9

7.9

5.0 (1.8)

I notice other’s stress (0-10)

a

Participant

N/A

N/A

N/A

4.0

8.9

5.7 (1.7)

Peer

3.9

8.2

6.9 (1.07)

5.2

10

7.5 (1.5)

GERT: Geneva Emotion Recognition Test.

b

N/A: not applicable.

c

PSS: Perceived Stress Scale.

d

SDS: Social Desirability Scale.

Table 5 shows the number of days each person participated in
the study and the response rate, computed as the percentage of
EMAs/PeerMAs answered, from all triggered. For study A,
triggered represents the number of EMAs/PeerMAs
automatically triggered by the app. For study B, the response
rate includes responses from automatically triggered plus
self-triggered EMA/PeerMAs because, in study B, participants
and peers were able to initiate reports voluntarily in addition to
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the automatic reports. The column “EMAs or PeerMAs
Triggered“ shows the minimum number of expected responses
for each person (in this case, 3 per day). Additionally, Table 5
shows the type of relationship between the peer and the subject,
as indicated by the peer. In this paper, however, given the small
number of participants, we did not report results by relationship
type.
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Table 5. Summary of the engagement of participants and peers.
Studies, participant ID

Peer ID

Days

Ecological momentary assessResponse rate, %
ments or peer-ceived momentary
assessments triggered

Peer-participant relationship

S1

N/Aa

27

220

61.8

N/A

N/A

S1P1

27

127

87.4

3: parent

S2

N/A

31

147

68.0

N/A

N/A

S2P1

31

100

61.0

3: parent

S3

N/A

29

243

97.9

N/A

N/A

S3P1

29

220

35.5

4: friend

S4

N/A

28

211

36.5

N/A

N/A

S4P1

27

165

15.2

3: parent

S5

N/A

29

265

47.9

N/A

N/A

S5P1

27

252

23.0

3: sibling

S6

N/A

29

243

97.5

N/A

N/A

S6P1

22

183

61.7

2: boyfriend

S7

N/A

29

245

70.6

N/A

N/A

S7P1

20

122

30.3

4: friend

N/A

S7P2

29

199

50.8

3: parent

S8

N/A

28

250

94.0

N/A

N/A

S8P1

26

214

32.2

4: friend

N/A

S8P2

28

213

61.5

2: boyfriend

S9

N/A

34

225

44.9

N/A

N/A

S9P1

33

130

36.9

4: friend

N/A

S9P2

33

133

45.9

3: sibling

S10

N/A

29

267

31.1

N/A

N/A

S10P1

30

102

41.2

2: girlfriend

N/A

S10P2

16

152

4.6

4: friend

S11

N/A

29

250

82.0

N/A

N/A

S11P1

22

153

86.3

4: friend

N/A

S11P2

17

100

50.0

3: sibling

S12

N/A

28

252

77.4

N/A

N/A

S12P1

26

198

13.1

3: sibling

N/A

S12P2

26

206

50.0

4: friend

S13

N/A

30

268

35.1

N/A

N/A

S13P1

15

130

9.2

3: parent

N/A

S13P2

14

79

79.7

4: friend

S1

N/A

31

93

69.9

N/A

N/A

S1P1

31

93

172.0

4: friend

S2

N/A

28

84

78.6

N/A

N/A

S2P1

28

84

77.4

4: friend

S3

N/A

28

84

108.3

N/A

Study A

Study B
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Peer ID

Days

Ecological momentary assessResponse rate, %
ments or peer-ceived momentary
assessments triggered

Peer-participant relationship

N/A

S3P1

28

84

60.7

1: spouse

S4

N/A

28

84

69.0

N/A

N/A

S4P1

28

84

59.5

1: spouse

S5

N/A

28

84

50.0

N/A

N/A

S5P1

27

81

28.4

1: spouse

S6

N/A

17

51

96.1

N/A

N/A

S6P1

16

48

102.1

4: friend

S7

N/A

27

81

91.4

N/A

N/A

S7P1

28

84

40.5

4: friend

N/A: not applicable.

As noted in Table 5, some participants and peers deviated from
the expected 28 days of participation in the study. Those with
<28 days stopped participating in the study after informing the
research team (S13P1 in study A and S6 and S6P1 in study B)
or stopped participating without notification. On the other hand,
those with >28 days were due to, in study A, the smartphone
operating system at times cutting off the service that kept the
daily counter in our mobile app in response to users’ settings
of the battery-saving profile. Consequently, some dyads went
beyond 28 days. Finally, in study B, S1 and S1P1 continued
contributing assessments before noticing the study had ended
(which are displayed on the home screen of the mobile app), at
which time they completed the exit survey and completed the
study.
Additionally, in Table 5, the number of triggered surveys in
study A is smaller than the expected value (8 times the number
of days) due to a failure in the mobile app that did not count
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notifications that expired after 30 min. On the other hand, when
the user interrupted the completion of a survey (eg, by opening
another app), upon returning to the survey, a new record was
mistakenly added to the triggered list, resulting in a number
larger than the expected value (8 times the number of days).
Both issues were later resolved in the platform.
For each participant and peer, we normalized the EMA/PeerMA
assessments to 0 to 1 based on the highest and lowest assessment
given by each person. Table 6 shows the median, mean, and
SD of all assessments for stress, fatigue, and anxiety in study
A. The last 3 columns show the calculated value and computed
well-being as defined in the Methods section. In Table 6, lower
values in the “Median” and “Mean” columns represent more
desirable states, whereas higher values represent less desirable
states. Table 7 shows the dataset for study B. In addition to the
computed well-being, this study shows the actual reported
well-being, including the median, mean, and SD.
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Table 6. Study A: Summary of the ecological momentary assessment and peer-ceived momentary assessment values. Each row shows the median,
mean, and SD for the corresponding participant or peer calculated from all the assessments issued by that person.
Participant ID

a

Peer ID

Stress (0-1)

Fatigue (0-1)

Anxiety (0-1)

Computed well-being (0-1)

Median

Mean (SD)

Median

Mean (SD)

Median

Mean (SD)

Median

Mean (SD)

S1

N/A

a

0.35

0.41 (0.27)

0.22

0.27 (0.23)

0.30

0.37 (0.27)

0.69

0.65 (0.21)

N/A

S1P1

0.70

0.62 (0.27)

0.62

0.65 (0.27)

0.70

0.57 (0.29)

0.35

0.39 (0.27)

S2

N/A

0.17

0.28 (0.29)

0.29

0.31 (0.26)

0.19

0.31 (0.33)

0.65

0.70 (0.23)

N/A

S2P1

0.72

0.62 (0.30)

0.58

0.59 (0.28)

0.37

0.34 (0.23)

0.42

0.48 (0.23)

S3

N/A

0.61

0.51 (0.30)

0.61

0.62 (0.27)

0.37

0.39 (0.24)

0.40

0.49 (0.22)

N/A

S3P1

0.52

0.49 (0.27)

0.39

0.40 (0.21)

0.48

0.50 (0.27)

0.55

0.54 (0.22)

S4

N/A

0.18

0.26 (0.26)

0.30

0.36 (0.25)

0.35

0.43 (0.32)

0.71

0.65 (0.17)

N/A

S4P1

0.65

0.60 (0.30)

0.65

0.50 (0.36)

0.79

0.63 (0.33)

0.35

0.42 (0.28)

S5

N/A

0.11

0.23 (0.28)

0.35

0.36 (0.24)

0.00

0.10 (0.23)

0.82

0.77 (0.17)

N/A

S5P1

0.64

0.58 (0.32)

0.60

0.58 (0.33)

0.12

0.19 (0.28)

0.53

0.55 (0.27)

S6

N/A

0.37

0.44 (0.28)

0.32

0.34 (0.23)

0.40

0.43 (0.22)

0.74

0.60 (0.19)

N/A

S6P1

0.49

0.49 (0.23)

0.38

0.45 (0.32)

0.46

0.43 (0.24)

0.55

0.55 (0.24)

S7

N/A

0.13

0.17 (0.20)

0.36

0.37 (0.25)

0.12

0.15 (0.20)

0.80

0.77 (0.16)

N/A

S7P1

0.55

0.58 (0.22)

0.64

0.64 (0.25)

0.68

0.60 (0.23)

0.36

0.39 (0.22)

N/A

S7P2

0.31

0.34 (0.22)

0.65

0.57 (0.29)

0.34

0.39 (0.29)

0.60

0.57 (0.21)

S8

N/A

0.08

0.18 (0.25)

0.52

0.48 (0.25)

0.07

0.14 (0.22)

0.75

0.73 (0.18)

N/A

S8P1

0.70

0.68 (0.19)

0.62

0.65 (0.18)

0.67

0.57 (0.23)

0.34

0.37 (0.17)

N/A

S8P2

0.43

0.41 (0.25)

0.58

0.55 (0.27)

0.47

0.47 (0.25)

0.50

0.52 (0.24)

S9

N/A

0.00

0.16 (0.26)

0.38

0.43 (0.30)

0.26

0.27 (0.29)

0.74

0.71 (0.19)

N/A

S9P1

0.42

0.43 (0.31)

0.67

0.61 (0.29)

0.68

0.56 (0.25)

0.42

0.47 (0.21)

N/A

S9P2

0.50

0.55 (0.27)

0.51

0.55 (0.24)

0.45

0.58 (0.34)

0.45

0.44 (0.20)

S10

N/A

0.58

0.61 (0.32)

0.58

0.57 (0.27)

0.68

0.61 (0.28)

0.37

0.40 (0.12)

N/A

S10P1

0.36

0.38 (0.28)

0.34

0.34 (0.20)

0.34

0.44 (0.28)

0.63

0.62 (0.22)

N/A

S10P2

0.19

0.39 (0.43)

0.77

0.61 (0.39)

0.42

0.48 (0.46)

0.52

0.51 (0.35)

S11

N/A

0.48

0.52 (0.23)

0.18

0.29 (0.28)

0.41

0.42 (0.22)

0.62

0.59 (0.18)

N/A

S11P1

0.49

0.49 (0.23)

0.40

0.45 (0.31)

0.52

0.51 (0.25)

0.52

0.52 (0.24)

N/A

S11P2

0.48

0.42 (0.34)

0.63

0.57 (0.37)

0.50

0.50 (0.24)

0.52

0.50 (0.28)

S12

N/A

0.36

0.46 (0.29)

0.60

0.55 (0.27)

0.07

0.19 (0.28)

0.63

0.60 (0.17)

N/A

S12P1

0.67

0.56 (0.33)

0.77

0.65 (0.30)

0.57

0.49 (0.31)

0.31

0.43 (0.29)

N/A

S12P2

0.10

0.24 (0.32)

0.53

0.52 (0.25)

0.00

0.19 (0.29)

0.74

0.68 (0.20)

S13

N/A

0.38

0.40 (0.30)

0.03

0.16 (0.24)

0.30

0.31 (0.25)

0.74

0.71 (0.18)

N/A

S13P1

0.43

0.47 (0.36)

0.45

0.50 (0.30)

0.41

0.38 (0.33)

0.56

0.55 (0.28)

N/A

S13P2

0.51

0.55 (0.27)

0.42

0.43 (0.26)

0.61

0.62 (0.22)

0.48

0.47 (0.24)

N/A: not applicable.
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Table 7. Study B: Summary of ecological momentary assessment and peer-ceived momentary assessment values. Each row shows the median, mean,
and SD for the corresponding participant or peer calculated from all the assessments issued by that person.
Participant
ID

Peer
ID

Stress (0-1)

Median

a

Fatigue (0-1)

Anxiety (0-1)

Reported well-being

Computed well-being

(0-1)

(0-1)

Mean
(SD)

Median

Mean
(SD)

Median

Mean
(SD)

Median

Mean
(SD)

Median

Mean
(SD)

S1

N/Aa 0.49

0.36
(0.55)

0.58

0.37
(0.60)

0.58

0.66
(0.32)

0.76

0.72
(0.24)

0.39

0.52
(0.30)

N/A

S1P1 0.44

0.44
(0.21)

0.50

0.47
(0.23)

0.57

0.54
(0.21)

0.41

0.41
(0.21)

0.51

0.49
(0.21)

S2

N/A

0.35

0.34
(0.29)

0.42

0.44
(0.27)

0.42

0.43
(0.25)

0.73

0.63
(0.28)

0.66

0.63
(0.28)

N/A

S2P1 0.76

0.69
(0.24)

0.59

0.57
(0.20)

0.66

0.64
(0.25)

0.61

0.56
(0.29)

0.26

0.35
(0.22)

S3

N/A

0.50

0.49
(0.27)

0.60

0.58
(0.27)

0.39

0.42
(0.23)

0.48

0.47
(0.26)

0.37

0.43
(0.28)

N/A

S3P1 0.47

0.43
(0.24)

0.58

0.53
(0.32)

0.59

0.59
(0.23)

0.79

0.76
(0.20)

0.39

0.43
(0.29)

S4

N/A

0.50

0.53
(0.25)

0.56

0.59
(0.25)

0.42

0.44
(0.31)

0.64

0.56
(0.24)

0.56

0.52
(0.25)

N/A

S4P1 0.63

0.66
(0.28)

0.75

0.67
(0.25)

0.69

0.59
(0.32)

0.65

0.62
(0.28)

0.31

0.39
(0.30)

S5

N/A

0.22

0.27
(0.26)

0.15

0.24
(0.27)

0.33

0.34
(0.33)

0.78

0.66
(0.32)

0.67

0.67
(0.27)

N/A

S5P1 0.44

0.40
(0.29)

0.31

0.41
(0.32)

0.43

0.43
(0.30)

0.63

0.54
(0.29)

0.59

0.56
(0.29)

S6

N/A

0.54

0.56
(0.27)

0.53

0.54
(0.24)

0.55

0.59
(0.29)

0.48

0.51
(0.23)

0.45

0.39
(0.26)

N/A

S6P1 0.49

0.47
(0.28)

0.51

0.50
(0.29)

0.62

0.59
(0.32)

0.55

0.49
(0.32)

0.47

0.48
(0.29)

S7

N/A

0.00

0.21
(0.33)

0.54

0.56
(0.20)

0.26

0.35
(0.20)

0.62

0.59
(0.30)

0.81

0.66
(0.27)

N/A

S7P1 0.36

0.35
(0.34)

0.55

0.56
(0.28)

0.37

0.41
(0.36)

0.60

0.53
(0.26)

0.66

0.59
(0.30)

N/A: not applicable.

Visual Exploration of Daily Dynamics
As this study primarily focused on assessing the feasibility of
the method, we started the data analysis with the least complex
visualization of raw datasets. We wanted to plot the values
reported by the participants and their peers and understand the
magnitude of agreement/disagreement in their ratings in time.
We also imputed the missing PeerMA values using a spline
function of order 4.
To illustrate, sample plots from study A are presented in Figure
2. For the dyad <S6, S6P1> shown in the 4 plots on the top,
despite the differences in magnitude and time shifts, there are
notable similarities for states such as stress and anxiety as well
as nonnegligible overlapping for fatigue. For the triad <S8,
S8P1, S8P2> shown in the 4 bottom plots, there is a pattern for
stress and anxiety, where S8 started to report low values
although the peers continued to report higher values with periods
of mutual agreement. One can see that in this triad, there seemed
to be higher agreement for fatigue. Consequently, either the
https://mhealth.jmir.org/2020/8/e15947
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peers were unable to truthfully report stress and anxiety or the
participant did not truthfully report stress and anxiety
(intentionally or otherwise). Both are hypotheses that can be
explored further with focused experiments combining EMA
and PeerMA with other qualitative methods.
Figure 3, similar to Figure 2, presents sample plots from study
B. In the 5 plots on the top, corresponding to the dyad
<S3-S3P1>, we observed high agreement for stress and fatigue
and low agreement for anxiety. Additionally, in this particular
case, the assessments for reported well-being differed
significantly, whereas the computed well-being showed high
agreement (in fact, their median was statistically equal).
However, this could be because of either the participant or the
peer answering the question of well-being on assigning higher
importance to other aspects not inherently reflected as stress,
fatigue, and anxiety (which are the sole variables used in our
pragmatic computation of well-being, as defined in the Methods
section).
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Finally, the 5 plots at the bottom of Figure 3, for the dyad <S6,
S6P1>, show very high agreement in all the states, and their
median was statistically equal in all the cases. Assuming their
observations genuinely reflect the actual state of the participant,
with approximately 3 weeks of agreement in which there were
high and low episodes, this dyad seems to have a shared

Berrocal et al
understanding of the concepts and excellent sensing skills by
the peer. Such a dyad raises the confidence of a researcher to
include them in a longitudinal study in which periods of
disagreement between EMA and PeerMA motivate the use of
other qualitative methods (such as the Day Reconstruction
Method [61]) to study the root causes of such disagreements.

Figure 2. Ecological momentary assessment/peer-ceived momentary assessment. Plots from Study A. The x-axis represents days in the study, and the
y-axis represents the magnitude of the normalized assessments for stress, fatigue, anxiety, and computed well-being.
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Figure 3. Ecological momentary assessment/peer-ceived momentary assessment. Plots from Study B. The x-axis represents days in the study, and the
y-axis represents the magnitude of the normalized assessments for stress, fatigue, anxiety, and computed well-being.

Mean Directional Accuracy of EMA/PeerMA
Various techniques can be used to quantify the daily agreement
between the EMAs and PeerMAs. For instance, residual analysis
such as mean absolute percent error (MAPE) or more robust
alternatives such as mean arctangent absolute percentage error
(MAAPE) [62]. In our case, the robustness of MAAPE is
derived from the fact that MAPE produces undefined values
when the assessment of a participant is equal to 0. These
techniques can quantify the overall difference between the EMA
and the PeerMA values over time. However, for the particular
application of PeerMA, we expect to see periods of disagreement
https://mhealth.jmir.org/2020/8/e15947
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as they represent the differences between the self-assessments
and the observer assessments that are worth identifying and
analyzing during field applications.
Therefore, we analyzed the daily agreement between the EMAs
and the PeerMAs as follows. As a first approach, we reported
the mean directional accuracy (MDA), which measures the
agreement (ie, we report a match) in the direction of change of
momentary assessments between participants and peers. MDA
considers only the direction of the change (eg, upward or
downward) and not its magnitude. For instance, let us suppose
that a participant reported (t0, 0.4), (t1, 0.3), and (t2, 0.7) and a
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e15947 | p.60
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peer reported (t0, 0.2), (t1, 0.4), and (t2, 0.6); then, between t0
and t1, there is a mismatch as the participant’s report decreased
(negative direction) whereas the peer’s report increased (positive
direction). From t1 to t2, however, there is a match as both
participants’ and peers’ reports increased (0.3 to 0.7 for the
participant and 0.4 to 0.6 for the peer).
In the 2 studies, the number of assessments between participants
and peers differed every day. Hence it was not possible to
calculate the MDA for each individual EMA/PeerMA. Thus,
we calculated the daily average for stress, fatigue, anxiety, and
well-being for each participant and peer using all the
assessments given that day. We then counted the number of
days with matches and divided it by the number of days for

Berrocal et al
which both the participant and the peer issued at least one
assessment. Figure 4 shows the accumulated MDA results for
both studies. Same day is the percentage of days that participants
and peers agreed in the directional change of their assessments
the same day. As can be seen from the figure, the result is close
to chance. However, it increased to approximately 73% in study
A and to 79% in study B on counting matches occurring the
same day or 1 day after. Naturally, MDA can be calculated with
higher granularity down to every consecutive pair of
EMA/PeerMA values. Overall, MDA shows that PeerMA is
promising for identifying variations in mental or physical health
early on (eg, accurately assessing changes in the individuals’
day-to-day states).

Figure 4. Mean Directional Accuracy. “Same Day" is the average percentage of days that participants and peers agreed in the directional change of
their assessments the same day (close to chance). “+1 Day" is the average percentage of days that participants and peers agreed in the directional change
of their assessments the same day or the day after.

EMA and PeerMA Correlations
EMA/PeerMA Spearman Correlations
To further investigate the values of EMA and PeerMA, we
conducted a correlation analysis for EMA/PeerMA values in
both studies. By focusing on the correlation, we did not assume
that the EMA and the PeerMA measure the same constructs;
we investigated it later in this paper. Therefore, in this study,
we applied the Spearman rank correlation method because (1)
participant and peer assessments are not independent, they both
refer to a state of the participant and (2) the Shapiro-Wilk,
D’Agostino K2, and Anderson-Darling tests indicate that not
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all individuals’ and peers’ assessments were normally
distributed.
For study A, the Spearman rank correlation coefficients for each
of the states are presented in Table 8. Each row presents the
correlation coefficient rs and P value for a participant-peer dyad.
We also show the correlation between the computed well-being
of each participant and peer. In Table 9, we present a summary
of the values from Table 8 classified in 6 correlation groups. In
this sample, 40% of the correlations are weakly positive,
followed by 36% being weakly negative and 20% being
moderately positive.
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Table 8. Study A: ecological momentary assessment/peer-ceived momentary assessment Spearman correlations calculated throughout the study. Each
row shows the correlation between the participants’ and peers’ assessments.
Participant ID Peer ID

Stress

Fatigue

Anxiety

Computed well-being

rs

P value

rs

P value

rs

P value

rs

P value

S1

S1P1

0.44

.02

0.28

.15

0.57

.002

0.58

.001

S2

S2P1

0.50

.003

0.26

.15

0.24

.17

0.63

<.001

S3

S3P1

–0.18

.36

–0.16

.40

–0.09

.64

–0.15

.45

S4

S4P1

0.06

.76

–0.10

.62

–0.09

.64

0.09

.67

S5

S5P1

–0.10

.62

–0.23

.24

–0.35

.07

–0.19

.33

S6

S6P1

–0.23

.23

–0.11

.57

0.27

.16

–0.08

.66

S7

S7P1

0.19

.33

–0.01

.96

–0.31

.11

–0.13

.49

S7

S7P2

–0.01

.96

0.28

.14

0.19

.32

0.36

.05

S8

S8P1

0.11

.57

0.08

.68

0.22

.25

0.26

.18

S8

S8P2

0.32

.10

0.59

<.001

0.33

.08

0.63

<.001

S9

S9P1

–0.25

.16

–0.05

.80

–0.28

.10

–0.37

.03

S9

S9P2

0.02

.91

0.29

.10

–0.09

.60

–0.16

.38

S10

S10P1

0.29

.13

–0.18

.35

0.04

.84

0.35

.06

S10

S10P2

0.14

.48

0.05

.80

–0.15

.45

–0.14

.46

S11

S11P1

0.39

.03

0.39

.03

–0.06

.75

0.28

.13

S11

S11P2

0.07

.70

0.03

.89

–0.06

.75

0.15

.42

S12

S12P1

0.32

.10

0.27

.16

0.21

.28

0.56

.002

S12

S12P2

0.07

.73

–0.24

.22

–0.02

.94

0.07

.71

S13

S13P1

0.41

.02

–0.19

.30

0.41

.02

0.27

.14

S13

S13P2

0.36

.05

–0.34

.06

0.43

.02

0.27

.15

Table 9. Study A: summary of ecological momentary assessment/peer-ceived momentary assessment Spearman correlations.

a

Correlation strength

Stress, n (%)

Fatigue, n (%)

Anxiety, n (%)

Computed well-being, n (%)

Total, n (%)

Highly positivea

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

Moderately positiveb

5 (25)

2 (10)

3 (15)

6 (30)

16 (20)

Weakly positivec

10 (50)

8 (40)

7 (35)

7 (35)

32 (40)

Weakly negatived

5 (25)

9 (45)

9 (45)

6 (30)

29 (36)

Moderately negativee

0 (0)

1 (5)

1 (5)

1 (5)

3 (4)

Highly negativef

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

(0.67 to 1.00): Values of the spearman correlation inside this interval are considered highly positive.

b

(0.34 to 0.66): Values of the spearman correlation inside this interval are considered moderately positive.

c

(0.00 to 0.33): Values of the spearman correlation inside this interval are considered weakly positive.

d

(−0.33 to 0.00): Values of the spearman correlation inside this interval are considered weakly negative.

e

(−0.66 to −0.34): Values of the spearman correlation inside this interval are considered moderately negative.

f

(−1.00 to −0.67): Values of the spearman correlation inside this interval are considered highly negative.

For study B, the Spearman rank correlation coefficients for each
of the states are presented in Table 10. In this case, we reported
the correlations between the reported well-being of each
participant and peer. Correspondingly, Table 11 summarizes
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the values from Table 10. In this study, 43% of the correlations
were weakly positive, followed by a tie of 23% between weakly
negative and moderately positive.
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Table 10. Study B: ecological momentary assessment/peer-ceived momentary assessment Spearman correlations calculated throughout the study. Each
row shows the correlation between the participants’ and peer’s assessments calculated throughout the study.
Participant ID Peer ID

Stress

Fatigue

Anxiety

Reported well-being

Computed well-being

rs

P value

rs

P value

rs

P value

rs

P value

rs

P value

S1

S1P1

–0.39

.02

–0.36

.03

–0.33

.05

0.18

.30

–0.30

.08

S2

S2P1

–0.31

.10

0.33

.08

0.26

.18

0.40

.03

0.13

.51

S3

S3P1

0.37

.04

0.44

.01

0.04

.84

–0.08

.68

0.44

.01

S4

S4P1

0.24

.21

0.16

.42

0.10

.60

–0.17

.38

0.37

.048

S5

S5P1

0.04

.84

0.03

.88

0.06

.76

0.28

.13

–0.01

.95

S6

S6P1

0.44

.07

–0.06

.81

0.24

.34

0.83

<.001

0.26

.30

S7

S7P1

0.41

.03

0.20

.29

–0.25

.19

0.58

<.001

–0.58

.001

Table 11. Study B: summary of ecological momentary assessment/peer-ceived momentary assessment Spearman correlations.

a

Correlation strength

Stress

Fatigue

Anxiety

Reported well-being

Computed well-being

Total, n (%)

Highly positivea

0 (0)

0 (0)

0 (0)

1 (14)

0 (0)

1 (3)

Moderately positiveb

3 (43)

1 (14)

0 (0)

2 (29)

2 (29)

8 (23)

Weakly positivec

2 (29)

4 (57)

5 (71%)

2 (29)

2 (29)

15 (43)

Weakly negatived

1 (14)

1 (14)

2 (29%)

2 (29)

2 (29)

8 (23)

Moderately negativee

1 (14)

1 (14)

0 (0)

0 (0)

1 (14)

3 (9)

Highly negativef

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

(0.67 to 1.00): Values of the spearman correlation inside this interval are considered highly positive.

b

(0.34 to 0.66): Values of the spearman correlation inside this interval are considered moderately positive.

c

(0.00 to 0.33): Values of the spearman correlation inside this interval are considered weakly positive.

d

(−0.33 to 0.00): Values of the spearman correlation inside this interval are considered weakly negative.

e

(−0.66 to −0.34): Values of the spearman correlation inside this interval are considered moderately negative.

f

(−1.00 to −0.67): Values of the spearman correlation inside this interval are considered highly negative.

EMA/PeerMA Subcorrelations Including Entry Survey
Results
We conducted 3 more correlation analyses relevant to these
studies, including the entry survey reports (GERT, PSS, and
SDS) as collected within the studies. We again chose the
Spearman ranked correlation method because of the small
number of samples—17 for study A (after removing 3
participant-peer pairs who did not complete the entry surveys)
and 7 for study B. This small sample size did not permit an
accurate assessment of the underlying distribution of the data;
hence, we did not assume that the samples were normally
distributed. We report results relevant for the feasibility study
conducted, even when they were not statistically significant.

EMA/PeerMA Values Versus Entry Surveys
The correlation between participants’ and peers’ SDS, PSS, and
self-considered stressed score (from Table 4), and the rs
coefficient from the Spearman rank correlation for each state
(from Table 8 and Table 10) was assessed. This was important
to identify direct relationships between individual characteristics
(obtained in the entry surveys) and the observed agreement
between participants and peers. In study A, we found that the
higher the participants’ SDS scores, the lower the rs correlation
https://mhealth.jmir.org/2020/8/e15947
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coefficient for fatigue (Table 8; r=−0.52; P=.03). The result
also holds true for study B, although it was not statistically
significant (Table 10; r=−0.40; P=.38). Moreover, the more
stressed the peers considered themselves (r=0.45; P=.07), the
higher the correlation was between EMA/PeerMA and anxiety
(Table 8). The result also holds true in study B (Table 10;
r=0.82; P=.02).

Medians of Within-EMA/PeerMA Value
For both participants and peers, we derived the correlation
between the median of the following pairs of states:
stress-fatigue, stress-anxiety, stress–computed well-being,
fatigue-anxiety,
fatigue–computed
well-being,
and
anxiety–computed well-being. Study B included the
combinations with reported well-being in addition to the
aforementioned pairs of states. This is relevant to understand
whether participants and peers treat and report some of the states
alike (ie, with the same semantics). We found no correlation
between stress-fatigue or fatigue-anxiety for neither participants
nor peers in both studies. Nevertheless, we observed a positive
and close to statistically significant correlation in stress-anxiety
for participants and peers in both studies. In study A, for
participants: r=0.73; P=.001 and for peers: r=0.44; P=.08. In
study B, for participants: r=0.64; P=.12 and for peers: r=0.95;
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P=.001. Moreover, in study B, we did not observe a consistent
or statistically significant correlation between reported and
computed well-being for participants (r=0.36; P=.42) or peers
(r=−0.39; P=.38). This result suggests that participants and
peers may have considered other important variables beyond
the assessments of stress, fatigue, and anxiety when they
answered the question about well-being.

Median of EMA/PeerMA Values
The correlation between the participants’ median of
stress/fatigue/anxiety/well-being and the peers’ median of the
perceived state was assessed. This is important to understand
whether there is high or low agreement in the assessments of
the states at the sample level. We used the median because, at
the individual level, the assessments are not independent and
are not normally distributed. In study A, we observed a negative
correlation for stress (r=−0.39; P=.11), a positive correlation
for fatigue (r=0.36; P=.15), and a weakly negative correlation
for computed well-being (r=−0.14; P=.58), although none of
them was statistically significant. In study B, we observed a
positive correlation for stress (r=0.54; P=.20), anxiety (r=0.52;
P=.22), and computed well-being (r=0.39; P=.38), although,
again, none of them was statistically significant.

EMA/PeerMA: Statistical Agreement
After the correlations evaluated within the previous sections,
we focus on the statistical agreement of the EMA/PeerMA

assessments by which we assume that the EMA and PeerMA
measure the same constructs. To quantify the overall agreement
between EMA and PeerMA, we applied the Wilcoxon
signed-ranked test to determine whether the medians of the 2
sets (EMAs from participants and PeerMAs from peers) are
statistically equal. The justification for choosing this test is that
(1) participants’ and peers’ assessments are not independent;
(2) the participant and peers’ assessments are paired; and (3) in
our datasets, not all individual and peer assessments are
normally distributed. The null hypothesis, H0, of the Wilcoxon
signed-ranked test is that the 2 samples have the same
distribution. Thus, failing to reject H0 suggests that participants’
and peers’ assessments are statistically equal.
For study A, the dyads <participant, peer> for which at least
one of the states is statistically equal (ie, P>.05) are presented
in Table 12. For this particular study, 40% (8/20) of the peers
reported daily stress assessments, which are statistically equal
to those reported by the participant. The values obtained were
30% (6/20) for fatigue, 55% (11/20) for anxiety, and 35% (7/20)
for computed well-being.
The results for study B are presented in Table 13. In this case,
29% (2/7) of peers reported daily stress assessments, which are
statistically equal to those reported by the participant. The values
were 43% (3/7) for fatigue and anxiety and 71% (5/7) for both
reported and computed well-being.

Table 12. Study A: Wilcoxon signed-ranked significance tests for ecological momentary assessment/peer-ceived momentary assessment (P=.05).
Peer ID

P value (stress)

P value (fatigue)

P value (anxiety)

P value (computed well-being)

S1P1

.001

<.001

<.001

.34

S2P1

<.001

<.001

.58

.002

S3P1

.74

.004

.21

<.001

S4P1

<.001

.19

.07

.002

S5P1

<.001

.03

.09

<.001

S6P1

.96

.63

.09

.61

S7P2

.003

.002

.001

.18

S8P2

<.001

.13

<.001

<.001

S9P1

<.001

.02

<.001

.23

S9P2

<.001

.05

.001

<.001

S10P1

<.001

<.001

.02

.28

S10P2

.36

.01

.29

.72

S11P1

.37

.003

.40

<.001

S11P2

.77

<.001

.10

<.001

S12P1

.22

.01

<.001

<.001

S12P2

.03

.82

.94

<.001

S13P1

.06

<.001

.12

.002

S13P2

.13

.43

.80

.19
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Table 13. Study B: Wilcoxon signed-ranked significance tests for ecological momentary assessment/peer-ceived momentary assessment (P=.05).
Peer ID

P value (stress)

P value (fatigue)

P value (anxiety)

P value (reported well-being)

P value (computed well-being)

S1P1

.003

.03

.01

.07

.42

S2P1

.001

.02

.002

.30

<.001

S3P1

.21

.18

.01

<.001

.50

S4P1

.01

.29

.07

.64

.05

S5P1

.02

.02

.35

.03

.13

S6P1

.06

.50

.56

.45

.06

S7P1

<.001

.03

.01

.07

.01

Operational and Human Factors
Users’ Reflections on the mQoL Peers App
Positive Aspects
In general, users found the app easy to use and liked the brief
surveys. Some users said that the app helped them to be more
aware of their emotions. We quote some of their comments,
study A: (subject) “Thanks to it I tried to be more aware of my
stress level during the day” and (subject) “It makes me think
about my attitude and feelings at the moment.“ For study B:
(subject) “I liked that surveys were short and easy to understand”
and (subject) “I liked the use of scale and colors I wish I can
see the results.“ The users acknowledged the minimal
obtrusiveness we aimed for.
Negative Aspects
For study A: (subject) “App is not very fun, the exercise quickly
becomes monotonous” and (peer) “Same 4 questions 1 month
extremely repetitive and annoying.“ For study B: (subject) “The
app needs more questions and a dashboard” and (peer) “Short
questions could be together in one page.“ The users
acknowledged what we already knew, that the study length and
frequency of self-reports are important for the quality of the
data collected. In the Discussion section, we present implications
stemming from these observations as well as future work areas
related to the findings.

Users’ Reflections on the Studies
Participants’ Reflections
We asked participants how they felt about reflecting on their
own emotional states. For study A, some participants confirmed
a known risk of reactivity in EMA: (subject) “Sometimes the
app has accentuated my stress” or (subject) “Answering the
anxiety question often made me feel anxious.“ Other participants
reported enriching experiences:
I had the impression of being more aware of my
anxiety during the study, before, I did not pay special
attention to it. [Subject]
It made me take a step back on myself. For example,
when I was stressed, I told myself that I had to calm
down. When I had high fatigue, I said to myself that
I had to sleep better to recover, not look at my phone
before sleeping. [Subject]
For study B, the experiences were mostly positive, for example:
https://mhealth.jmir.org/2020/8/e15947
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It allowed me to anchor myself and see what is
causing me to feel stressed. [Subject]
Loved it. It made me more aware of my emotional
states than ever before. [Subject]
The higher sampling frequency in study A (8 per day vs 3 per
day in study B) could explain the unintended side effects
experienced by some of its participants.
Peers’ Reflections
We asked peers how they felt about reflecting on someone else’s
emotional states during the study. In both studies, some peers
said that the task was challenging to complete at times. Others
said that participating in the study allowed them to learn more
about emotional states. For example, for study A: (peer)
“Sometimes it was hard because we hadn’t talked for hours”
and (peer) “If I did not see her, I had no idea what her emotional
state was.“ On the contrary, peers reporting more enriching
experiences said:
I have the feeling to take stress problems more
seriously, not like everyone is stressed and it is
normal, but to understand that stress can block life
of some people. [Peer]
It made me think if she is doing well and this
experience made me write to her more often. [Peer]
For study B these peers stated:
It was a little harder than I had expected. I typically
use facial expression and tone to determine my friends
emotional states. On days that I don’t see her, I’d
have to rely on how she texts. [Peer]
It allowed me to learn about his mood every day and
know him better and any problems going on. [Peer]

Implications of Technology Choices
This section summarizes the results related to the technology
choices in the 2 studies and how they may influence the
methods’ feasibility. In the 2 studies, we assumed that both
EMA and PeerMA have the same technological requirements:
(1) the mechanism to trigger the questions to participants at
desired moments and (2) the channel to trigger the questions to
the user and collect the answers reliably. As explained in the
Tools section, we implemented EMA and PeerMA using our
own mQoL Lab platform, detailed in the study by Berrocal et
al [51].
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To trigger the questions, van Berkel et al [63] provide a
comprehensive overview of the multiple options researchers
can choose from. We used uniformly randomized
signal-contingent triggers throughout the day (waking hours).
In study A, the mQoL Peers app was responsible for scheduling
and triggering the signals in the participants’ smartphones to
present an EMA. These signals triggered a push notification to
the peers’ smartphones to initiate a corresponding PeerMA.
This approach had 2 disadvantages: (1) it used computing
resources of the users’ smartphones and (2) the users could
(accidentally or intentionally) change the system settings causing
negative consequences for the study. In study B, we reduced
those risks and obtained favorable results by scheduling and
triggering the signals from a server component, also via push
notifications, simultaneously to both participants and peers.
Regarding the channel itself, smartphones are commonly used
for mobile human studies as they are often close to the owner
[64]. However, cross-platform compatibility may be an obstacle
as the smartphone type would need to be used as inclusion
criteria, potentially biasing the study results. We had this
experience ourselves. Namely, for study A, our platform was
compatible only with Android. For study B, we improved our
platform to support iOS-based devices either by the participant,
the peer, or both. Nevertheless, in study B, 2 senior candidates
were excluded during the study recruitment phase as they did
not use the smartphone often and their preferred channel was
their tablet computer. Researchers designing studies may
consider this audience as well and design their study
accordingly.

Suggestions From Users About Technology and
Methods
The following are recommendations made by users (participants
and peers) in our studies. First, they wanted to have some kind
of dashboard to see their previous assessments and track how
many they completed each day. This may have positive effects
on response compliance; however, it may imply higher reactivity
to the study itself, where a momentary, ecologically valid EMA
may be influenced by the number or content of the past EMAs
(depending on the dashboard design). The participants also
wanted greater freedom to select the moods or states that they
felt confident about reporting at a given moment. Such a level
of freedom is possible, but it should be done carefully to salvage
the collection of ecologically valid EMAs and PeerMAs,
assuring the joint understanding of participants/peers of the
state being assessed (eg, snacking on foods throughout a day)
as well as to ensure that the data being collected directly relates
to the main goal of the study. Additionally, such a
participant-driven EMA/PeerMA study design may result in
bias stemming from collecting only the states the participants
want to report.
One peer in study A (whose relationship with the subject was
“a friend from the university”) suggested that the participants’
assessment should start with a question: “Is your peer next to
you to answer a short survey?“ This is a valid observation that
can be explored in future studies as a way to study the validity
of the PeerMA answers. In our studies, peers were able to
express their confidence levels for each individual PeerMA.
https://mhealth.jmir.org/2020/8/e15947
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They may have selected low confidence if they had not been in
contact (either physical or virtual) with the participant in the
recent past. Future research could include software assessment
of proximity between participants and peers (eg, using
Bluetooth, using Wi-Fi, using Geo Fences, or leveraging the
social network apps’ usage patterns) as a way to reduce the
burden for peers being requested to assess the state of the
individual when the probability of obtaining a reliable
assessment is low.

Discussion
Structure
In summary, our first research aim was to explore the feasibility
of applying the PeerMA method to involve peers to assess
phenomena such as mental states in healthy individuals. The
second aim was to determine operational aspects and human
factors that need to be taken into account to most effectively
use the PeerMA method. We reflect upon the overall results to
answer these questions.

Feasibility of Using PeerMA
In this section, to address the first research aim, we summarize
the experience from both studies related to the tangible
contributions from participants and peers using both the EMA
and the PeerMA methods.
Regarding the users’ recruitment and participation, we conclude
the following: we first noticed that some participants had
difficulties finding a peer. In study A, we initially had 18
participants; 5 participants who attempted to enroll and agreed
to try and find a peer stopped later, indicating that they were
unable to find a peer to participate. Hence, we ended up with
13 participants with peers in study A. In study B, we also started
with 18 participants, with 8 cases in which the participant
enrolled in the study but never enrolled a peer. Two of them
informed us about the situation and six stopped without further
contact. The three participants who completed the full study
but did not manage to involve a peer were excluded from the
analysis.
Once enrolled, participant retention was high. Although
recruiting participants with peers required more effort than
recruiting participants for EMA-only studies, we successfully
completed two field studies of 4 weeks’ duration in two
geographically distant locations, as described here. In both
studies, we observed that almost all participants who enrolled
with a peer from the beginning were able to continue in the
study till the end, on average, 29 (SD 1.7) days for participants
and 25 (SD 5.9) days for peers in study A and 27 (SD 4.5) days
for participants and 27 (SD 4.8) days for peers in study B.
However, we noticed that some individuals had a low
EMA/PeerMA response rate, as shown in Table 5, especially
in study A (<10%). We believe this was at least partially due to
a high number of daily EMA/PeerMA notifications (8 per day)
that came along usual participants and peers’ obligations during
the day. We limited the number of notifications in study B to 3
per day, which resulted in a better EMA/PeerMAs response rate
(Table 5; only 1 peer had a response rate as low as 30%).
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When it comes to the overall agreement between EMA and
PeerMA assessments, the evidence for the feasibility of the
PeerMA method is as follows. Although not conclusive or
generalizable, we observed a strong, close to statistically
significant correlation between participant and peer’s
assessments of stress and anxiety (for study A, participants:
r=0.73; P=.001 and peers: r=0.44; P=.08 and for study B,
participants r=0.64; P=.12 and peers r=.95; P=.001; details in
the EMA and PeerMA Correlations section). In both studies,
the more stressed the peers described themselves in the entry
survey (study A: r=0.45; P=.07 and study B: r=0.82; P=.02),
the higher the correlation between EMA and PeerMA for anxiety
(Table 8 and Table 10, respectively; details in the EMA and
PeerMA Correlations section). Collectively, this suggests that
stressed individuals tend to be more effective in detecting
anxiety in their peers (already studied by Harrigan et al [65])
and that anxiety could be a proxy for the level of stress of a
person as stress and anxiety were positively correlated in these
particular samples.
Additionally, we recall the overall percentage of peers who
reported daily assessments statistically equal to those reported
by their participants. In study A, the results were 40% for stress,
30% for fatigue, 55% for anxiety, and 35% for computed
well-being. In study B, the results were 29% for stress, 43% for
fatigue and anxiety, and 71% for computed and reported
well-being (details in the EMA and PeerMA Statistical
Agreement section). In summary, in both studies, participants
and peers achieved higher agreement in their assessments of
anxiety and fatigue and lower agreement in their assessment of
stress. We reason for this result as follows.
Anxiety is a complex state and highly involuntary [65], and it
is presumably difficult to hide it as specific individuals try to
do with stress. Manifestations of anxiety are anchored to a
particular event or situation. Close peers who are aware of the
events or situations can use that knowledge to estimate the state
of the person [58]. Alternatively, a high agreement could also
result from a case in which participants and peers interpret stress
and anxiety as the same or very similar state and report it
accordingly.
In addition, we consider that detecting fatigue in peers is less
challenging as people tend to talk about it openly. Nevertheless,
one person may be highly fatigued after 1 night of poor sleep,
whereas another person may not reach that same level after 2
or 3 nights of poor sleep. For this purpose, psychometric models
at the individual level help make comparisons among the
assessments [58].
Finally, stress has a social component affected by stereotypes
[66] (eg, work or school performance, fear of public speaking),
and the social (external) manifestation of stress may produce
different physiological (internal) reactions and external
observable behaviors among individuals. It is ultimately the
physiological stress that causes the underlying threat to a
person’s health. Potentially due to the social complexity of the
stress phenomena, our observed results do not lead to strong
conclusions for employing PeerMA when assessing stress.
Nevertheless, the combined use of EMA and PeerMA within a
specific study, to complement other data collection methods
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(eg, psychophysiology), represents a possible way to study
peer-based stress assessment further.
In summary, there are challenges and open questions regarding
interoceptive awareness (ability to consciously sense the inner
state of the body) to consider when using EMA to study
emotional and physical states [67]. PeerMA is constrained by
similar, but not identical, limitations as peers report about a
state that occurs in the individual being observed [58].
Nevertheless, a frequent and careful pairing of self-assessments
and others’ assessments (as shown in Figures 2 and 3), although
subjective, may lead to new sources of information that we
consider valuable to study how a person’s emotional and
physical states unfolded over time. The results of our studies
suggest that applying the PeerMA method to the study of
complex phenomena, such as mental states in individuals, is
feasible and can open up new perspectives to examine the
relationships between self-assessments and others’ perceptions
that are not possible to obtain from studies based on surveys or
EMAs alone.

Human Factors and Operational Aspects of PeerMA
We address the second research aim by summarizing operational
aspects and human factors derived from the experience of using
the PeerMA method in the two studies. We discuss the
implications of certain technological choices and offer
recommendations for researchers who wish to include the
method in their studies.

Recruiting and Retaining Participants
To begin with, recruiting participants for studies is a known
challenge [68]. Hence, we know that recruiting participants for
paired studies that combine PeerMA with EMA is challenging
as well. In both studies, we observed that several participants
who initially applied to join the study did not actually enroll
after the web-based meeting with the researcher (in which they
learned that bringing a peer was a requirement for these studies).
In study A, 5 participants who actually enrolled and agreed to
try and find a peer later stopped participating, indicating that
they were unable to find a peer willing to participate. In study
B, we observed 8 cases in which the participant enrolled in the
study but never enrolled a peer. Two of them informed us about
the situation, whereas the remaining six simply stopped without
further contact.
We found that one recommendation is to start applying the
PeerMA method in cohorts for which reaching out to a peer
becomes less complicated, and more motivating and valuable
for both the participants and the peers. For instance, at the time
of this writing, we are conducting one study with adult patients
of the Stanford Medical Center recovering from a liver
transplant. In this case, the patients answer EMAs, whereas their
support person answers PeerMAs. Recruiting peers for this
particular group was more straightforward because of the
anticipated clinical value of such a study.
Another recommendation, which relates to the technological
choices influencing the feasibility of the methods, is to include
gamification techniques (eg, scoring points, winning prizes, and
solving puzzles) as part of the study dynamics, which can
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provide an incentive for users to contribute data along the study
duration and complete the study [69,70].

PeerMA: Methodological Opportunities
On the contrary, based on the experience during these two
exploratory studies, we found it worth exploring how the EMA
and PeerMA can be combined during a study to provide
accurate, timely information about the observed participant state
(and its changes). One suggestion is to modulate the
administration of EMA and PeerMA based on prior knowledge
about the participants’ state of interest and individual
just-in-time answers. This would imitate the computerized
adaptive tests, in which the questions are tailored to the past
answers of the individual. In our case, the question of well-being
(or a similarly discriminating question) could always be first.
From our study design and results, we know that well-being
encompasses stress, fatigue, or anxiety, and potentially, other
states. Then, the next question would be chosen based on the
answer (high or low well-being); for low well-being, relevant
question(s) for the current state (eg, stress, fatigue, or anxiety)
would be triggered to the participant and the peer. For high
well-being, the survey may be completed. This approach may
reduce the participants’ burden of monotonously answering
questions when there may not be new information to provide.
In other cases, the peers could be asked only to validate the
response of the participant (eg, “Have you taken your
medication?”). Nevertheless, some participants may feel their
privacy is at stake when their peers answer a PeerMA every
time they answer an EMA. Participants could have the option
to decide—in real time—not to send the PeerMA to peers if
they want to regain control over their privacy.
Another variation for the PeerMA design is to give users the
options to slightly customize the time windows when they feel
available and willing to answer certain types of questions. Some
of them may be more engaged if they can choose the type of
signal as well as the time window when they are better prepared
to take an EMA or PeerMA (in a similar way as they make other
daily choices like taking a cup of coffee or making a personal
phone call). On the other hand, this could be detrimental to the
research if participants are preparing to give a specific answer,
knowing that the questions are being triggered at specific times,
or if they choose to not answer questions at times when they
feel more stressed, causing data loss and result bias.
Additionally, some studies with PeerMA may allow users to
take both the roles of participants and peers simultaneously,
which allows them to report on each other’s states, which may
increase engagement.
Overall, as an exploratory method, there are yet many
opportunities to design studies leveraging PeerMA. The main
methodological question relates to what information or measure
about the user state could be collected in reliable and minimally
obtrusive ways from the participant and his/her peers. If chosen
properly, we believe that such information collected from
participants and peers simultaneously could enable further
understanding of the observed state.
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Limitations and Future Work
One limitation of these studies is the lack of ground truth of the
assessed conditions (stress, fatigue, or anxiety). Despite the data
presented in this preliminary analysis, we were unable to
determine whether the EMA or the PeerMA were closer to the
actual state of the participants. The limitation is inherent to any
self-report, EMA-based study. To further examine the reliability
of PeerMA, more research is needed to incorporate more
modalities, such as heart rate variability for physiological stress.
Another limitation of our work is the small sample size of
participants and peers. As indicated earlier, a larger sample is
necessary to further investigate the reliability of the assessments
as well as the effects introduced by sample characteristics such
as the amount of time peers interact with the participants during
a day, type of relationship between participant and peer, or
coresidence as reported by Neumann et al [8], among others.
Additionally, research is needed to examine whether PeerMA
affects the usual behavior of the participant during a study.
Namely, if the participant, knowing that he/she is being
observed, explicitly changes his/her state and behavior when
interacting with the peer. Similarly, further research is needed
to include the state of the peer at the moment of answering a
PeerMA, for example, to understand the possible effects or
biases related to the ego depletion theory [71].
Finally, our future work includes a case by case examination
of how peers’ reported level of confidence (ie, low, moderate,
or high), as well as other socioeconomic characteristics,
influence the results derived from the EMA and PeerMA
agreement.

Conclusions
We presented results from two user studies conducted in the
participants’ natural daily life environments, evaluating the first
version of a platform implementing the PeerMA method
deployed on users’ personal smartphones. The studies showed
encouraging results from a total of 20 participants and 27 peers
contributing multiple daily assessments for approximately 4
weeks each. In the studies, we collected empirical evidence
regarding the feasibility of the method. We discussed the
methodological and human aspects related to the application of
the PeerMA method to study real-life phenomena, including
those related to mental health. We demonstrated that users
accepted the method and provided valuable feedback. We
identified and discussed improvement opportunities that could
lead to higher user engagement as well as more elaborate
methodological options for researchers to explore when
leveraging PeerMA in their studies. We discussed technical
aspects to consider for a reliable, technology agnostic, and
minimally obtrusive implementation of the PeerMA method.
We believe that the PeerMA method evaluated in this study
opens a new perspective to study an individual’s state based on
frequent and possibly paired observations from trusted peers
beyond the information traditionally obtained with EMA. As
an independent observation, it has value for applications in
clinical settings to evaluate the severity of and support treatment
of mental disorders such as OCD or addictions. However, more
research is needed to guarantee reliable utilization with sufficient
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control to manage potential emergent biases stemming from
either the participants or the peers or the momentary context in
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which PeerMA is triggered.
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Abstract
Background: To quantify pain severity in patients and the efficacy treatments, researchers and clinicians apply tools such as
the traditional visual analog scale (VAS) that leads to inaccurate interpretation of the main sensory pain.
Objective: This study aimed to validate the pain measurements of a neuroscience-based 3D body pain mobile app called
GeoPain.
Methods: Patients with temporomandibular disorder (TMD) were assessed using GeoPain measures in comparison to VAS and
positive and negative affect schedule (PANAS), pain and mood scales, respectively. Principal component analysis (PCA), scatter
score analysis, Pearson methods, and effect size were used to determine the correlation between GeoPain and VAS measures.
Results: The PCA resulted in two main orthogonal components: first principal component (PC1) and second principal component
(PC2). PC1 comprises a combination score of all GeoPain measures, which had a high internal consistency and clustered together
in TMD pain. PC2 included VAS and PANAS. All loading coefficients for GeoPain measures in PC1 were above 0.70, with low
loadings for VAS and PANAS. Meanwhile, PC2 was dominated by a VAS and PANAS coefficient >0.4. Repeated measure
analysis revealed a strong correlation between the VAS and mood scores from PANAS over time, which might be related to the
subjectivity of the VAS measure, whereas sensory-discriminative GeoPain measures, not VAS, demonstrated an association
between chronicity and TMD pain in locations spread away from the most commonly reported area or pain epicenter (P=.01).
Analysis using VAS did not detect an association at baseline between TMD and chronic pain. The long-term reliability (lag >1
day) was consistently high for the pain area and intensity number summation (PAINS) with lag autocorrelations averaging between
0.7 and 0.8, and greater than the autocorrelations for VAS averaging between 0.3 and 0.6. The combination of higher reliability
https://mhealth.jmir.org/2020/8/e17754
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for PAINS and its objectivity, displayed by the lack of association with PANAS as compared with VAS, indicated that PAINS
has better sensitivity and reliability for measuring treatment effect over time for sensory-discriminative pain. The effect sizes for
PAINS were larger than those for VAS, consequently requiring smaller sample sizes to assess the analgesic efficacy of treatment
if PAINS was used versus VAS. The PAINS effect size was 0.51 SD for both facial sides and 0.60 SD for the right side versus
0.35 SD for VAS. Therefore, the sample size required to detect such effect sizes with 80% power would be n=125 per group for
VAS, but as low as n=44 per group for PAINS, which is almost a third of the sample size needed by VAS.
Conclusions: GeoPain demonstrates precision and reliability as a 3D mobile interface for measuring and analyzing
sensory-discriminative aspects of subregional pain in terms of its severity and response to treatment, without being influenced
by mood variations from patients.
(JMIR Mhealth Uhealth 2020;8(8):e17754) doi:10.2196/17754
KEYWORDS
pain measurement; chronic pain; migraine; visual analog scale; facial pain

Introduction
Background
The true complexity of a given pain area and intensity and pain
progression are never precisely documented at individual,
longitudinal, and epidemiologic levels. Hence, crucial
information in pain investigation and treatment is inexorably
lost. This is especially true when patients have chronic and
overlapping pain conditions, where pain is refractory to
treatment and usually transverse or co-exist in multiple locations
and dermatomes with different intensities. Research studies
from the past 10 years have identified a large overlap between
a number of chronic pain conditions, including
temporomandibular disorder (TMD), migraine, neuropathic
pain, fibromyalgia, irritable bowel syndrome, and so forth [1].
In fact, the presence of multiple large body areas with pain is
associated with worse pain experience and prognosis [2-5].
Nonetheless, patients are frequently asked to represent their
overall pain by giving a single number (numerical rating scale,
NRS), verbally state its level (verbal rating scale, VRS), or
similarly mark on a 10 cm line their pain level (visual analog
scale, VAS). Despite being considered the gold standard in
clinical trials for pain, traditional measurement tools have huge
disadvantages, including low precision and higher rates of
incorrect responses [6,7]. Perhaps, the most important aspect
is the assumption that overall pain is a unidimensional
experience that can be measured with a single-item scale [8,9].
As per ClinicalTrials.gov data, research trials for pain killers
have increased at an average rate of greater than 20% in the past
15 years. Despite the rise in costs and boost in investments,
medical assessments of patients' pain and the response to current
and potential novel analgesic therapies are mostly based on
subjective tools, such as grading of pain on a numerical scale.
More objective approaches are needed to precisely measure and
track in real time, more single and overlapping pain conditions,
their evolution, and the therapeutic approaches best suited for
treating pain in an individual and in large populations. The
bottom line is that sensory pain assessment allows clinicians
and scientists to monitor the longitudinal severity of the pain
disorder and to quantify analgesic treatment effects [10],
independent of the emotional and cognitive impact. One missing
disconnect of the clinical assessment of pain from the years of
pain neuroimaging research is that the sensory-discriminative
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aspect of pain is not only processed by the brain for its intensity
but also for its accurate account of region and even subregional
pain location and area. Together with other pain-related brain
structures, the primary somatosensory cortex (S1) ultimately
processes pain based on the homuncular noxious ascending
inputs from multiple anatomic subregions [11,12].
To address the inaccuracy issues related to the main sensory
pain scales traditionally used in the clinical and research
practice, a collaborative effort from pain neuroimaging and 3D
experts at the University of Michigan has developed a 3D body
mobile in-house and optimized it for multiple pain disorders to
better match the objectivity of pain neuroimaging and
neuromodulation studies [13]. GeoPain (licensed by MoxyTech
Inc) is a free or customized mobile app for tracking, analyzing,
and communicating pain on multiple mobile platforms. Please,
refer to Multimedia Appendix 1 (flowchart of the patients
included in the clinical trial [13]) and to Multimedia Appendix
2 (demographic data of patients included in the clinical trial
[13]). It is a reproducible and quantifiable 3D navigation system
of grids that generates clinical and research tools for single and
overlapping pain disorders by providing detailed
sensory-discriminative measurements for the full body and by
subregions. The personalized interface allows the patient to
quickly delineate the intensity and area of pain on diverse
rotating 3D body models (different gender and age avatars) by
simply touching and zooming on the screen to where it hurts
using a touch device such as touch-screen desktops, mobile
phones, or tablets. The AI-enabled time-stamped technology
precisely and quantitatively records and communicates their
pain(s) and associated symptoms, which better mirrors the way
the brain decodes pain severity across the body. For instance,
neuroimaging studies have reported that the level of endogenous
μ-opioid activation in episodic and chronic migraine patients is
highly affected by the pain area and intensity number summation
(PAINS) [14], one of the main sensory pain measurements
provided by GeoPain [14-16]. However, no correlations were
found with μ-opioid receptor binding based on the attack pain
intensity or area separately, or the traditional VAS score. In our
high-definition neuromodulation study targeting the unilateral
primary motor cortex, a significant pain difference between
sham and active groups was detected 1 month before the
traditional VAS by accurately looking at subregional pain area,
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intensity, and both sensory-discriminative measures combined
(PAINS) [13].

Objectives
Following these multiple neuroimaging and neuromodulation
studies, we aimed to specifically validate sensory-discriminative
GeoPain measurements from our TMD neuromodulation trial
[13] and better understand their reliability to assess sensory pain
impact and sample size of patients needed compared with the
traditional VAS score.

Methods
Study Design
The study was a randomized, placebo-controlled, blinded clinical
trial of high-definition transcranial direct current stimulation
(HD-tDCS) of the motor cortex in 24 female patients with
chronic TMD. The data obtained has been used to assess the
validity, reliability, and utility of GeoPain measures in
comparison to the VAS. The results of the clinical trial, which
are not the aim of this study, have already been published (Trial
Registration: Clinicaltrials.gov NCT02247063) [13].
After being assigned to the active or sham HD-tDCS group,
participants presented during week 1 for a baseline visit. The
protocol included 5 days of stimulation, a 1-week follow-up,
and 1-month follow-up. The pain measures VAS (rated from
0-10), short form of the McGill Pain Questionnaire, and GeoPain
app (initially released as PainTrek) were performed, thereby
allowing tracking of the effectiveness of the treatment. Subjects’
measures derived from GeoPain included PAINS were collected.
The positive and negative affect schedule (PANAS) was used
to assess mood changes. The University of Michigan
Institutional Review Board approved the study (HUM00070766)
and written informed consent was obtained from all participants.

GeoPain Technology
GeoPain is a free stand-alone and embedded mobile app
developed in collaboration with the Headache and Orofacial
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Pain Effort (HOPE) at the University of Michigan and is
currently licensed by the spinoff MoxyTech Inc. This pain app
is available for free on Google Play and the Apple App Store.
GeoPain provides a 3D body map based on a squared grid
system with vertical and horizontal coordinates using anatomical
landmarks. Each quadrangle, measuring approximately 1.6 cm
× 1.6 cm, frames well-detailed 3D body regions, such as trunk,
extremities (arms and hands, legs and feet), and craniofacial
and intra oral areas for the patient to express his or her exact
global and sectional pain location and intensity, as well as signs
and symptoms (Figure 1).
At each session, using the app on an iPad (Apple Inc),
participants drew their pain in multiple shades of red on the
touch-sensitive screen ranging from pink (mild pain), red
(moderate pain), and dark red (severe pain). It is also categorized
with mild, moderate, and severe to provide some guidance for
their selection and follows the accepted grouping mentioned
next. Average pain is the average score of all cells that are
marked as painful, with a scale of 1-3 (mild=1, moderate=2,
severe=3). Pain area was the percent of the area of the head and
neck region that was experiencing pain, with a scale of
0%-100% of all cells. The general size of the cells is about right
for the adult male model; however, those sizes will scale
depending on the body type chosen but remain accurate relative
to anatomical landmarks. Finally, PAINS was the cumulative
score for the cells. On the GeoPain version for this particular
trial, there were a total of 2026 cells across the body. The head
and neck have 382, and just the head has 322. The cells of the
body are broken into 54 regions; 27 if you do not distinguish
between left and right sides of the body. The average pain is
the normal average for a particular region or full body. GeoPain
takes all cells in a specified range, adds their intensities together,
and then divides that by the number of entries. For the three
pain measures, the analysis was performed for the entire head
and neck area, or unilaterally, to understand how
sensory-discriminative pain measures changed ipsilateral or
contralateral to the putative primary cortex (M1) stimulation.

Figure 1. GeoPain tracks and measures pain in diverse single or group 3D-body models (gender and age group) and across multiple body locations.
Whether the patient has TMD, migraine, fibromyalgia, or dental pain, the app can measure if a particular medication or clinical procedure is effective
for each localized or spread pain condition. TMD: temporomandibular disorder.
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Statistical Methods
Principal component analysis (PCA) was used to determine the
correlation structure among the variables: PAINS, average pains,
maximum pain, area of pain, VAS, PANAS. To assess the
test-retest reliability of the PAINS and VAS measures over
time, the autocorrelation between neighboring time points
(ranging from 1 to 40 days) was performed. These lag
autocorrelations were estimated using Pearson methods.
Smoothing splines were used to model the time trend of such
autocorrelations for both PAINS and VAS. All statistical
analyses were performed using SAS version 9.4 (SAS Institute
Inc). Cohen’s effect size for both the PAINS and VAS were
calculated for the delta change at 1 month from baseline to
assess the longer term (1-month post-treatment) sensitivity of
each measure for evaluating the treatment efficacy.

Kaciroti et al

Results
Principal Component Analysis: GeoPain Versus Visual
Analog Scale
PCA resulted in two main orthogonal components. The first
principal component (PC1) comprises a combination score of
all PAINS measures which had a high internal consistency and
clustered together in TMD pain (Figure 2). The second principal
component (PC2) included VAS and PANAS. The loading
coefficients for each variable in PC1 and PC2 are shown in
Figure 3. All loading coefficients for PAINS measures in PC1
were above 0.70, with low loadings for VAS and PANAS. The
loading coefficient for PC2 was dominated by VAS and PANAS
all >0.4. The biplot shown in Figure 2 shows that PC1 dominated
by the GeoPain measures added is approximately orthogonal
to PANAS, whereas PC2 comprises VAS along with PANAS.

Figure 2. PCA graph showing the most representative correlation among the measures at the baseline visit. PAINS: pain area and intensity number
summation; PANAS: positive and negative affect schedule; PCA: principal component analysis; PC1: first principal component; PC2: second principal
component; VAS: visual analog scale.
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Figure 3. PC1 shows the correlation among GeoPain measures, and PC2 shows a more relevant correlation between VAS and PANAS on the baseline
visit. The darker colors indicate higher loading coefficients. PAINS: pain area and intensity number summation; PANAS: positive and negative affect
schedule; PC1: first principal component; PC2: second principal component; VAS: visual analog scale.

Pain Epicenter: Correlating Duration of Pain with
GeoPain and Visual Analog Scale Measures
GeoPain measures demonstrated an association between
chronicity and pain in locations further away from the most

commonly reported area, or pain epicenter, in the chronic TMD
cohort (P=.01). We found a significant relationship between
pain duration and further spread from pain epicenter cells using
scatter score analysis (Figure 4). There was no correlation
between VAS and pain duration in our patients.

Figure 4. GeoPain measures demonstrated an association between chronicity and pain in locations farther away from the pain epicenter (P=.01).
Analysis using VAS detected neither an association at baseline for pain area nor chronicity. TMD: temporomandibular disorder; VAS: visual analog
scale.

Clinical Trial: Delta Change and Effect Sizes Based
on Pain Area and Intensity Number Summation and
Visual Analog Scale
GeoPain (PAINS) showed consistent test-retest reliability
compared with VAS, demonstrated by higher lag-auto
correlations across the entire clinical trial data. Figure 5 displays
the within-measure autocorrelation between neighboring time
points from 1 to 40 days for PAINS and VAS. The short-term
1-day reliability for PAINS and VAS was similar and high, with
https://mhealth.jmir.org/2020/8/e17754
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an autocorrelation of around 0.7. However, longer term
reliability (>1 day) is consistently high for PAINS averaging
between 0.7 and 0.8, and higher than the autocorrelations for
VAS averaging between 0.3 and 0.6. The combination of higher
reliability for PAINS and its objectivity displayed by the lack
of association with PANAS as compared with VAS suggests
that PAINS demonstrates a potential better sensitivity for
measuring treatment effect over time for sensory-discriminative
pain.
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Figure 5. Correlation over time between PAINS and VAS scores. The short-term 1-day reliability for PAINS (red) and VAS (blue) scores were similar.
However, longer term reliability is consistently high for PAINS and higher than that for VAS on average. PAINS: pain area and intensity number
summation; VAS: visual analog scale.

The GeoPain measure is a more specific sensory-discriminative
measure of pain compared with the VAS, resulting in higher
statistical power. For example, we were able to detect significant
differences by treatment during the 5-day trial period using
GeoPain but not when VAS was used. Higher differences were
also observed using GeoPain during the 1-month follow-up
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after the trial. On the basis of the study [13], to achieve a
statistical power of 80% when using VAS versus GeoPain a
sample size twice or thrice as high for 1 month comparisons
from the traditional 0 to 10 pain measurement method is required
(Figure 6).
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Figure 6. Graphs showing the power between the GeoPain × VAS. This figure shows the box plot for delta change by treatment and the corresponding
effect sizes based on PAINS and VAS. The effect sizes for PAINS are larger than those for VAS, consequently requiring smaller sample sizes to assess
the utility of treatment if PAINS is used versus VAS. Specifically, the effect sizes for PAINS were 0.51 SD for both regions and 0.60 SD for right side
versus 0.31 SD for VAS. Thus, the sample size required to detect such effect sizes with 80% power would be n=145 per group for VAS, but for PAINS
n=62 per group if both sides were used, n=44 per group for the right side, and n=82 per group for the left. PAINS: pain area and intensity number
summation; VAS: visual analog scale.

Discussion
Principal Findings
This study specifically assessed and validated the effectiveness
of 3D−body pain measurements from a free mobile appl, called
GeoPain, compared with VAS in a clinical trial with chronic
TMD patients following sham or active 5-daily M1 HD-tDCS
neuromodulation sessions. The results showed that the
sensory-discriminative GeoPain measures, which included
global and subregional pain area, intensity (average and
maximum pain), and their combination (PAINS), were consistent
and clustered together in TMD pain at baseline. On the contrary,
VAS scores were bidirectionally correlated with swinging in
patients’ PANAS. In addition, the more chronic the pain in
years, the larger the pain area spread from its epicenter. During
the clinical trial (1 to 40 days), the long-term reliability was
also steadily high for PAINS and low for VAS. Subsequently,
the effect size for PAINS was larger than that for VAS, and as
a result, half to a third of sample sizes of patients are needed to
evaluate a particular pain-relief therapy if PAINS is used
compared with VAS.

Patients’ Positive Mood Influences Visual Analog Scale
Pain Scores
Previous studies have demonstrated that unidimensional
numerical scales such as the NRS or VAS provide a false
impression of being sensitive and reliable measurements of pain
performed in millimeters or numerals [17-19], and also lead to
inaccuracies and biases. In addition, a large body of literature
https://mhealth.jmir.org/2020/8/e17754
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has reported that patients’ pain experience is actively related to
extensive factors, such as mood changes and affective states
[20-23]. Although all our sensory-discriminative measures from
GeoPain grouped together, there was a separate assembly
composed of VAS pain measurement and mood in our results.
Over the course of the study, we noticed a bidirectional
association between PANAS positive mood scores and VAS
(P=.009), but not with PAINS (P=.14). Meanwhile, the higher
the VAS pain levels reported, the worse the PANAS positive
mood scores, and the more positive the patient felt, the lower
was his, her, or their VAS. As humans are vastly susceptible to
diurnal and seasonal mood variations with work, sleep, and
daylength across multiple cultures [24], these mood swings
create a large potential for disparities in VAS scores reported
by even the same patient along the trial. These disparities
became obvious in our study when we analyzed autocorrelations
among neighboring time points of VAS scores that showed
consistent lower test-retest long-term reliability compared with
GeoPain’s PAINS. Hence, varying degrees of altered mood in
patients could lead to inaccuracy in the VAS-based results from
one time point to another in clinical pain trials. It is not a
surprise that many medications that improve or stabilize mood,
such as antidepressants (eg, tricyclic antidepressant), are widely
considered effective for the treatment of chronic pain conditions;
and perhaps their success in clinical pain trials is in part
explained by their additional indirect effect on VAS scoring.
On the other hand, the minimal association of GeoPain’s
measurements with mood suggests that they have better
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sensitivity for evaluating treatment effect over time for
sensory-discriminative pain.

Worsening in Pain Area Is Linked to Chronification,
Not Visual Analog Scale Score
In addition to pain intensity, a crucial component of pain
processing in the peripheral and central nervous system is area
extension of the pain. In our study, the spread of pain from its
epicenter in our TMD patient group was significantly correlated
with the years of their pain suffering, not their overall intensity
on the VAS score. This is frequently seen in pain or more
specifically in migraine neuroimaging studies that show
neuroplasticity at the functional, structural, and molecular levels.
Hence, the impact of pain chronification is linked to its area
extension, which might be associated with the progression of
central sensitization. For instance, molecular studies with
positron emission tomography in chronic patients in vivo have
shown that there is a dysfunction in the endogenous mu-opioid
system that is highly related to years of pain or more specifically
in migraine suffering and PAINS score [14-16]. This is arguably
one of the main analgesic systems in our brains.
To address the clinical and research conundrum above, multiple
groups have developed questionnaires with 2D body map tools
and required patients to delineate the pain area, as a cross,
checkmark, or score by counting large body regions affected.
Attempts to analyze such recorded data are still too subjective
and serve the purpose of general assumptions of patients’ clinical
pain complexity. Some studies have addressed the complexity
of pain evaluation in the clinical setting [25-28]. For instance,
one study indicated that the complexity of chronic pain in a
biopsychosocial context includes not only physical but also
mental and social outcomes [25]. Another study explored the
accuracy of the questionnaire painDETECT to detect
neuropathic components of orofacial pain when compared with
a reference standard of clinical diagnosis. According to the
results of that study, painDETECT, as well as other generic
screening tools, must be adapted and revalidated specifically
for orofacial pain patients [26]. Our results reinforce the need
for more detailed and intuitive scoring of 3D pain area and
intensity combined, even within body subregions such as
GeoPain’s PAINS, which provides a better assessment of the
sensory-discriminative pain severity status quo in real time.

Show Me Where Your Pain Area and Intensity
Number Summation Are, and I Will Tell You Where
Your Treatment Is Working
In the era of precision medicine, pain treatments have become
more focused and personalized. Consequently, more accurate
maps to assess pain and its response to specific therapies are
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needed. Our clinical trial was a well-fitted example; we used
high-definition neuromodulation of the patients’ unilateral motor
cortex, purposely in the craniofacial homuncular region. The
results demonstrated that compared with VAS, PAINS provided
a much higher power of analysis with 2 or 3 times less number
of patients needed, depending on the craniofacial subregion
analyzed both sides, ipsilateral or contralateral side to the
cortical neuromodulation. As reported previously [13], the
sensitivity of the GeoPain score was able to detect differences
between active and sham groups in the first week of treatment,
instead of only after 1 month with VAS.
The motor and sensory homuncular representations from our
bodies are extremely accurate, especially from the trigeminal
nervous system [12]. The cells and coordinates of GeoPain’s
grid system are based on multiple neuroanatomical landmarks,
facilitating the translation back from the app to the patient’s
own body of the subregion affected by dictating the pain location
in medical terms, by therapeutically targeting the region (eg,
trigger point injection), by challenging it with quantitative
sensory testing, with precise homuncular matching at individual
and group levels [11]. Further pixilation of the grid is possible,
but it loses the neurophysiological and clinical meaning. On the
other hand, tracking pain changes via the traditional single VAS
scoring in the overall body or even for large regions would not
be sensitive enough to detect those changes within the
subregions and in reasonable time. Figuratively, it would be as
if driving using a map with only the country or state borders
depicted, but without any local road descriptions or coordinates.
This deficient GPS is even more inefficient when managing
chronic pain patients suffering from multiple pain disorders,
such as concurrent migraine and fibromyalgia, undergoing
different pain therapies or not (eg, monoclonal antibodies that
target calcitonin gene-related peptide and pregabalin). The
extension of the patient’s pain comorbidities could cloud the
evaluation of the severity of each pain disorder (eg, head and
full body pain) and the precise analgesic effect and subregional
site of action from a new pain therapy in a clinical trial.

Conclusions
GeoPain measures exhibited great precision for capturing
severity at baseline and treatment effect over time of
sensory-discriminative pain compared with the traditional VAS
score, which was highly modulated by mood. Further studies
with different pain disorders and treatments are needed to
confirm our validation results that were based on our previous
clinical translational studies. Nonetheless, GeoPain is a valid,
consistent, and reliable 3D mobile app for tracking, analyzing,
and communicating pain at the individual and group levels.
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Abstract
Background: Traditional data collection methods using paper and email are increasingly being replaced by data collection
using mobile phones, although there is limited evidence evaluating the impact of mobile phone technology as part of an automated
research management system on data collection and health outcomes.
Objective: The aim of this study is to compare a web-based mobile phone automated system (MPAS) with a more traditional
delivery and data collection system combining paper and email data collection (PEDC) in a cohort of breastfeeding women.
Methods: We conducted a substudy of a randomized controlled trial in Sydney, Australia, which included women with
uncomplicated term births who intended to breastfeed. Women were recruited within 72 hours of giving birth. A quasi-randomized
number of women were recruited using the PEDC system, and the remainder were recruited using the MPAS. The outcomes
assessed included the effectiveness of data collection, impact on study outcomes, response rate, acceptability, and cost analysis
between the MPAS and PEDC methods.
Results: Women were recruited between April 2015 and December 2016. The analysis included 555 women: 471 using the
MPAS and 84 using the PEDC. There were no differences in clinical outcomes between the 2 groups. At the end of the 8-week
treatment phase, the MPAS group showed an increased response rate compared with the PEDC group (56% vs 37%; P<.001),
which was also seen at the 2-, 6-, and 12-month follow-ups. At the 2-month follow-up, the MPAS participants also showed an
increased rate of self-reported treatment compliance (70% vs 56%; P<.001) and a higher recommendation rate for future use
(95% vs 64%; P<.001) as compared with the PEDC group. The cost analysis between the 2 groups was comparable.
Conclusions: MPAS is an effective and acceptable method for improving the overall management, treatment compliance, and
methodological quality of clinical research to ensure the validity and reliability of findings.
(JMIR Mhealth Uhealth 2020;8(8):e15284) doi:10.2196/15284
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mobile phones; text messaging; data collection methods; clinical trial; breastfeeding; maternal health
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Introduction

Methods

Background

Design

Participant engagement and response is a vital aspect of any
clinical research study. Many research studies are costly, labor
intensive, and potentially compromised because of the
difficulties associated with patient compliance, engagement,
incomplete data collection, and inadequate follow-up [1-3]. The
method and type of data collection system utilized to recruit
participants and collect data throughout the study is important
to ensure the quality, reliability, and validity of data collection.
In addition, it must be cost-effective and acceptable to
participants, funding organizations, and researchers [4-6].

We conducted a prespecified substudy as part of the APProve
(CAn Probiotics ImProve Breastfeeding Outcomes?) trial to
compare a mobile phone automated system (MPAS) with a
paper and email data collection (PEDC) system. APProve was
a double-blind randomized controlled trial (RCT) evaluating
the effectiveness of an oral probiotic versus a placebo for
preventing mastitis in breastfeeding women. It was conducted
between April 2015 and December 2016 in 3 maternity hospitals
in Sydney, Australia. Detailed methods have been published
previously [25]. Briefly, it involved the evaluation of a probiotic
versus a placebo taken daily for 8 weeks for the prevention of
mastitis, which was assessed using short daily and slightly
longer weekly questionnaires during the first 8 weeks following
birth and longer follow-up questionnaires at 2, 6, and 12 months.

Paper-based data collection in research studies is gradually
being replaced or used in conjunction with electronic data
collection systems [7], primarily in the form of emails containing
links to web-based surveys. Comparison of these two methods
has been well documented [8-11].
In recent years, mobile phone technology has been increasingly
used to promote health-related behavioral change and
self-management of care via the use of apps and automated
SMS text messages. Studies have shown effective changes in
psychological and physical symptoms [12-14] as well as specific
pregnancy and breastfeeding outcomes [15,16] by sending
individually tailored text messages to participants. However, a
Cochrane review specifically looking at mobile phone apps as
a method of data delivery for self-administered questionnaires
found that none of the included trials in the review reported
data accuracy or response rates [17]. Furthermore, a review of
studies utilizing mobile phones for data collection showed that
they were based on very small sample sizes, collected
intermittent data (as opposed to daily), or had limited
longitudinal data collection (maximum 9 months) [18-21]. There
is also limited assessment of mobile phone technology as part
of a web-based automated system, integrating randomization,
SMS delivery, and electronic data collection into a streamlined
data management system. Although previous studies have
compared traditional paper-based data collection with data
collection using mobile phones [22,23], there is limited evidence
assessing the effectiveness of a combination of paper or
email-based methods in comparison with mobile phones as part
of an automated data collection management system. In addition,
longitudinal data collection using mobile phone technology has
not been assessed, particularly in maternal and infant health,
despite adults of reproductive age currently being the largest
users of mobile phones [24].

Objectives
The primary aims of this study were to compare a web-based
research management system utilizing mobile phone technology
with a traditional delivery and data collection system using a
combination of paper- and email-based methods on clinical
research outcomes and to assess the acceptability and
effectiveness of use, including cost analysis.

The MPAS was a data delivery and collection system that
combined treatment randomization, SMS delivery to
participants, electronic data collection, and data management.
It was developed by the study team with the aid of an eResearch
(electronic research) company, which developed the system
based on our prospective design specifications. The system
integrated 2 established software services, SMS delivery and a
web-based survey tool, which were then linked to a secure
web-based data management system. The MPAS sent automated
text messages to the participants’ mobile phones with links to
self-administered web-based surveys. Each survey link was
embedded with the participant’s unique identifier, enabling
comparison across multiple surveys. A maximum of 2 automated
reminders were integrated into the system if a participant did
not respond after 3 days. The MPAS was pilot tested by 17
members of the research department, with feedback and
suggestions integrated into the system before study
commencement.
The PEDC included a combination of an 8-week calendar diary
provided to participants at the time of trial entry and emailed
links to weekly and follow-up surveys. The calendar diaries
were identified with the participant study number at the time
of treatment randomization, and the start date was manually
entered. The A4-size calendar was preserved with a waterproof
coating, allowing for daily entries by pen. Participants were
encouraged to hang the calendar in a prominent place at home.
PEDC users were supplied with a stamped, addressed envelope
to post the calendar back to the trial coordinating center at the
end of the treatment phase.
The study was approved by the Northern Sydney Local Health
District Human Research Ethics Committee, approval number
HREC/14/HAWKE/358, and registered with the Australian
New Zealand Clinical Trials Registry, registration number
ACTRN12615000923561. Written informed consent was
obtained from all participants.

Participants and Study Procedures
Of the 639 women randomized to the APProve trial, 539 women
were allocated to the MPAS and 100 women to the PEDC. A
quasi-randomization process was applied for PEDC recruitment,
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which was conducted on randomly preassigned days of the week
and continued until 100 participants were recruited. Both groups
of women were identified, approached, and consented to the
study in the postnatal ward in the same way, but the treatment
randomization process was slightly different.

using a computer random number generator with random block
sizes. Randomization of participants using the PEDC was
conducted using sealed, opaque envelopes, with the
randomization schedule developed using a similar but separate
process compared with the MPAS group.

For the women allocated to the MPAS group, a research assistant
entered their details into the web-based data management
system, which then automatically generated a unique participant
identification number and treatment allocation. The
randomization schedule was built into the system and generated

Data Collection
Baseline sociodemographic, clinical, and birth characteristics
collected in this study are shown in Table 1. All daily, weekly,
and follow-up questionnaires were identical for the 2 groups.

Table 1. Characteristics of participants using the mobile phone automated system compared with the paper and email data collection system.
Participant characteristics

MPASa (n=526)

PEDCb (n=94)

Statisticsc

P value

t value (df)

Chi-square (df)

Maternal
Maternal age (years), mean (SD)

33.4 (4.9)

33.5 (4.0)

0.06 (618)

N/Ad

.95

Born in Australia, n (%)

256 (48.7)

56 (59.6)

N/A

3.8 (1)

.05

N/A

0.2 (2)

.92

Ethnicity, n (%)
Asian

110 (20.9)

19 (20.2)

N/A

N/A

N/A

White

365 (69.4)

67 (71.3)

N/A

N/A

N/A

Other

51 (9.7)

8 (8.5)

N/A

N/A

N/A

Tertiary educatione, n (%)

440 (83.7)

77 (81.9)

N/A

0.2 (1)

.68

Alcohol in pregnancy, n (%)

58 (11.0)

11 (11.7)

N/A

0.0 (1)

.85

First baby, n (%)

312 (59.3)

44 (46.8)

N/A

5.1 (1)

.02

Allocated to probiotic, n (%)

265 (50.4)

46 (48.9)

N/A

0.1 (1)

.80

Caesarean section, n (%)

163 (31.0)

25 (26.6)

N/A

0.7 (1)

.39

Birthweight (grams), mean (SD)

3421 (458.1)

3456 (451.6)

0.69 (618)

N/A

.49

Birth, infant, and postpartum

a

MPAS: mobile phone automated system.

b

PEDC: paper and email data collection.

c

Test statistics using Pearson chi-square test for categorical variables and 2-tailed, independent sample t test for continuous variables with their respective
df are presented.
d

N/A: not applicable.

e

College, university, or vocational training after high school.

For the MPAS group, each study site was provided with an
electronic tablet with internet connectivity to enable the research
assistant to enter the participants’ details, conduct treatment
randomization, and enter baseline and hospital data directly into
the web-based data management system. All research assistants
were trained in the use of the MPAS and given individualized
password-protected access to the website, which could be
accessed by phone, tablet, or computer. Only deidentified data
were entered into the database and linked to an individual study
number generated automatically at randomization. The only
paper-based data for this cohort included a signed patient
information and consent form and a trial entry form containing
the participants’ contact details. Once randomized, the study
number generated by the MPAS was written in the trial entry
form to allow for reidentification, if required. An audit trail was
integrated into the MPAS to log all SMS messages sent and
surveys completed. Daily and weekly outcome data for the
http://mhealth.jmir.org/2020/8/e15284/
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APProve trial for the first 8 weeks (56 days) following birth
were collected via self-completed questionnaires using
automated weblinks sent directly via SMS to the participant’s
mobile phone. Before the follow-up questionnaires at 2, 6, and
12 months (63, 180, and 360 days), participants were sent an
automated link asking for their preferred method of receiving
the questionnaires, with SMS, email, or post as options. On the
basis of the response, the MPAS would either send the
participant an SMS link to the relevant survey or alert the trial
coordinator by an automated email of the preference for an
emailed or a postal questionnaire.
For the PEDC participants, baseline and hospital data were
collected on paper-based data forms and then entered into the
web-based system at the trial coordinating center. Once
randomized to their allocated treatment, participants were given
a calendar diary by the research assistant to record daily
outcomes for 8 weeks. Weekly outcome data for the first 8
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the clinical trial coordinator (Figure 1).

Figure 1. Flow diagram comparing the mobile phone automated system with paper and email data collection. MPAS: mobile phone automated system;
PEDC: paper and email data collection.

Outcomes
Outcomes evaluating participant acceptability, treatment
compliance, and effectiveness of data collection comparing the
MPAS with the PEDC were assessed in the 2-month follow-up
questionnaire. Data were collected on the ease of participation
in the trial and the ease of remembering to take the study
treatment every day (both rated from 0 [very difficult] to 5 [very
easy]), self-reported compliance with taking the allocated
treatment (compliance was defined as having taken the product
for ≥42 of 56 days, semicompliance as having taken the product
for 15-41 of 56 days, and noncompliance as having taken the
product for ≤14 of 56 days), whether the method of data
collection was helpful in reminding the participant to take the
treatment (ranked from 0 [not helpful at all] to 5 [very helpful]),
recommendation of the allocated method of data collection for
future studies, and the preference for how the participant wanted
to receive the follow-up questionnaires (SMS, email, or post).
The effectiveness of data collection was defined as the frequency
of completing the questionnaires at all time points.
We also assessed whether the data collection method had any
impact on the clinical trial outcomes. Clinical outcomes were
collected during the daily, weekly, and 2-month surveys. They
http://mhealth.jmir.org/2020/8/e15284/
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included mastitis, maternal infection, and breastfeeding status
up to 2 months after birth. The mastitis outcome measure was
based on self-reported symptoms related to breast infection or
a clinical diagnosis of mastitis by a care provider [26].
Satisfaction with using their assigned method of data collection
(MPAS or PEDC) was assessed by using open-ended free text
questions to elicit written comments pertaining to what the
participants liked the most and the least about their assigned
method of data collection and what suggestions could be
provided for future use. In addition, satisfaction with the method
of data collection was elicited from the MPAS users and
responses ranked from 0 (did not like at all) to 5 (really liked
it). This response was subgrouped into 2 categories: satisfied
(4-5) and less satisfied (0-3).
The cost analysis of utilizing the MPAS compared with the
PEDC was also performed. Costs included those associated
with the initial development and ongoing usage of each system
and personnel time associated with trial participant survey
collection and follow-up. A web-based time tracking report was
generated weekly to determine the average time required for
creating and sending emails and manual data entry from paper
survey collection.
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e15284 | p.87
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Statistical Analysis
Baseline sociodemographic, clinical, and birth characteristics
were compared between the 2 groups. Categorical data were
summarized using percentages, and the differences in the
characteristics between the 2 groups were assessed using a
chi-square test. Continuous outcomes with a normal distribution
were summarized using mean and SD, and the characteristics
between the 2 groups were compared using t tests. Data with a
nonnormal distribution were summarized using medians, and
the groups were compared using nonparametric Wilcoxon tests.
Satisfaction with the MPAS was analyzed by maternal
sociodemographic characteristics and treatment compliance.
Written responses were thematically assessed by 2 authors and
an external researcher, who each independently coded the data,
followed by group discussion. Common themes and relevant
responses were identified, and frequency was quantified.
Analyses were conducted using SPSS version 24 (IBM SPSS
Statistics, 2016 IBM Corporation), and P value <.05 was used
for statistical significance.

Bond et al
no differences between the groups except that a higher
percentage of women in the MPAS group gave birth to their
first baby (P=.02; Table 1). After loss to follow-up of 10.5%
(55/526) participants in the MPAS group and 11% (10/94) in
the PEDC group, secondary outcomes were analyzed for 555
women. We found no difference in the trial outcomes between
the 2 data collection groups (Table 2). There was also no
difference in the ease of use between the MPAS and PEDC
groups. However, a higher proportion of participants using the
MPAS were compliant with taking the study treatment (331/471,
70.3% vs 47/84, 56%; P<.001), were more likely to rate their
method of data collection as being a helpful reminder to record
their symptoms (median 4.37 vs 2.63; P<.001), and were more
likely to recommend their assigned method for future use
(330/349, 94.6% vs 36/56, 64%; P<.001). There was little
difference among the characteristics of the women who were
lost to follow-up compared with those for whom we had
follow-up data, except that at 2 months postpartum, the former
were less likely to be tertiary educated (45/65, 69% vs 472/555,
85.0%; P=.001).

Results
Participant Characteristics
Of 620 women, 526 women were quasi-randomized to the
MPAS group and 94 women to the PEDC group. There were
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Table 2. Impact and acceptability of the mobile phone automated system compared with the paper and email data collection system.
Maternal outcomes

MPASa (n=471) PEDCb
(n=84)

Odds ratio (95% CI) P values

t value (df)

Chi-square (df)

Mastitis, n (%)

90 (19.1)

15 (17.9)

N/Ad

0.1(1)

1.09 (0.59 to 1.99)

.79

Infections (other than mastitis), n (%)

77 (16.3)

20 (23.8)

N/A

2.8 (1)

0.63 (0.36 to 1.09)

.10

Any breastfeeding at 2 months, n (%)

443e (94.5)

77 (91.7)

N/A

0.1 (1)

1.55 (0.65 to 3.69)

.32

Exclusive breastfeeding at 2 months, n (%)

385f (82.3)

67 (79.8)

N/A

0.3 (1)

1.18 (0.66 to 2.11)

.58

Ease of participation (0-5, 5=very easy), mean (SD) 3.76 (1.31)

3.57 (1.40) −1.02
(428)

N/A

0.19 (−0.56 to 0.18) .31

Ease of remembering to take product (independent
of method; 0-5, 5=very easy), mean (SD)

2.95 (1.50) −1.3 (427)

N/A

0.21 (−0.66 to 0.14) .21

N/A

15.8 (2)

N/A

<.001

3.21 (1.43)

Compliant with treatment, n (%)
Compliant (≥42 of 56 days)

331 (70.3)

47 (56.0)

N/A

N/A

N/A

N/A

Semicompliant (15-41 of 56 days)

87 (18.5)

14 (16.7)

N/A

N/A

N/A

N/A

Noncompliant (≤14 of 56 days)

53 (11.3)

23 (27.4)

N/A

N/A

N/A

N/A

2.63 (1.85) −9.3 (403)

N/A

0.19 (−2.11 to
−1.38)

<.001

36 (64.3)h

50.8 (1)

0.19 (−2.11 to
−1.38)

<.001

Helpful reminder (data collection; 0-5, 5=very help- 4.37 (1.19)
ful), mean (SD)
Recommend for future, n (%)

a

Statisticsc

330 (94.6)g

N/A

MPAS: mobile phone automated system.

b

PEDC: paper and email data collection.

c

Test statistics using Pearson chi-square for categorical variables and 2-tailed, independent sample t test for continuous variables with their respective
df are presented.
d

N/A: not applicable.

e

N=469.

f

N=468.

g

N=349.

h

N=56.

Effectiveness and Satisfaction
The frequency with which women completed the daily and
weekly questionnaires was consistently higher among the MPAS
users, with a 56% average response rate over the 8-week
treatment period compared with 37% (P<.001) among the PEDC
users (Figure 2). There was a gradual decrease in the MPAS
daily response rate over the course of the treatment phase from
70% in the first week to less than half the women completing
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the questionnaires by 8 weeks. Although the daily response rate
from PEDC users was lower than MPAS users, there was a
notable spike in the response rate among the PEDC users on
the days the weekly questionnaires were sent by email (Figure
2). Response rates for the follow-up questionnaires showed a
12% higher rate of survey completion among the MPAS users
at 2 months compared with the PEDC participants, with an 18%
difference at 12 months (P<.05; Figure 2).
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Figure 2. Effectiveness of data collection between the mobile phone automated system and the paper and email data collection. MPAS: mobile phone
automated system; PEDC: paper and email data collection.

Among the MPAS users, satisfaction was high with a mean
score of 4.49 out of 5 (SD 1.0). There was no difference in
satisfaction scores among maternal characteristics. There was
a difference in satisfaction related to compliance, with
participants most compliant with treatment being the most
satisfied with the use of the MPAS (P<.001; Figure 3). Nearly

half of the participants preferred to receive the questionnaires
by either SMS (135/289, 46.7%) or email (139/289, 48.0%) at
2 months; however, the preference for SMS increased to 60%
for both the 6- and 12-month questionnaires (142/241,58.9%
and 135/224,60.2%, respectively). Very few women opted to
receive questionnaires by post (<5%).

Figure 3. Treatment compliance and satisfaction for the mobile phone automated system (n=555).

Responses to open-ended questions in the 2-month
questionnaires were received from 74.1% (349/471) MPAS
participants and 67% (56/84) PEDC participants. The themes
identified were related to the factors that the participants liked
most and liked least about their method of data collection as
outlined in Table 3. Most of the MPAS participants stated that
the MPAS was easy, convenient, quick, accessible, and efficient
to use. In particular, many commented that web-based
questionnaires were easy to complete while breastfeeding.
http://mhealth.jmir.org/2020/8/e15284/
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Overall, less than 5% (16/349) of the MPAS participants stated
that it was difficult to remember to complete the survey every
day, compared with 25% (14/56) PEDC participants.
Approximately, 1 in 5 participants in each group commented
on the functionality of either the diary or the MPAS, such as
difficulty with formatting, size restrictions, Wi-Fi accessibility,
and inability to enter additional comments. Although 11 women
in the MPAS group stated that they found the text messages
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method was not intrusive.

Table 3. Qualitative analyses of the likes and dislikes of mobile phone automated system users compared with paper and email data collection system
users.
MPASa (n=349), n (%)

PEDCb (n=56), n (%)

Ease of use

325 (93.1)

7 (12.5)

Good reminder to take treatment

75 (21.5)

10 (17.8)

Nothing

168 (48.1)

10 (17.8)

Time consuming

24 (6.9)

12 (21.4)

Functionality issues

77 (22.1)

10 (17.8)

Difficult to remember to complete survey

16 (4.6)

14 (25.0)

Participant factors related to method of data collection
Liked the most

Liked the least

a

MPAS: mobile phone automated system.

b

PEDC: paper and email data collection.

Suggestions for future use by the MPAS participants included
allowing users to select the time of day to receive the SMS and
to opt in or out of reminder messages, limiting the number of
questions on the questionnaire to minimize scrolling,
diversifying the content of each SMS for improved interest, and

improving the functionality to allow the questionnaires to be
completed later if interrupted. Many of the PEDC participants
recommended the use of SMS or a web-based app for data
collection (Textbox 1).

Textbox 1. Participants’ comments about the mobile phone automated system compared with the paper and email data collection system.
Mobile phone automated system
•

“I found using my phone to complete the surveys great as I could do it easily when feeding my daughter.”

•

“It was great—something to look forward to everyday. It was easy and also a great reminder in case I had forgotten to take my daily Approve
sachets.”

•

“So easy to remember and to complete the daily survey. I often completed the survey while out and about.”

•

“Most people have a smartphone on hand. Much easier than using a computer or a paper record. Ease of use—always with me. Could answer
questions while breastfeeding my baby.”

•

“Sometimes it took a while to upload the questions”

•

“Reminders were great but sometimes daily were a bit annoying”

•

“Weekly questionnaires bit lengthy”

•

“It would often change my response (touch feature too sensitive)”

•

“Hard to see if the survey was completed if forgotten to complete the previous ones”

Paper and email data collection system
•

“I liked to be a part of this study but it was not that easy to remember it to take every day...I missed sometimes.”

•

“Helped to keep on track. Encouraged me to have a morning routine that incorporated having breakfast at the similar time each morning.”

•

“The calendar was quick and easy. Can’t imagine also having to write in a diary on a daily basis.”

•

“Now that everyone is on the phone maybe there could be a daily reminder on the participants’ phone, creating an app or site so the data goes
straight to the research office daily or weekly.”

•

“Filling out the manual form is troublesome.”

•

“Forgetting to fill in the daily diary even though it was clearly explained to me before I agreed to do the trial. I’m so sorry. I only found it the
other day in a pile of paperwork. I do everything electronically.”

•

“Keeping track and filling as was not doing it every day so it was hard to remember after 15-20 days for that period, sorry.”

•

“The progress chart would be easier if online or an app so it could be filled in on a smartphone during feeds.”

•

“Probably use a different stock as it could be hard to write on.”
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Cost Analysis
Cost analysis between the 2 groups showed a comparable
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per-person cost, with the MPAS costing on average Aus $10
(US $7.21) more (Tables 4 and 5).

Table 4. Cost analysis for paper and email data collection
Paper and email data collection

Cost, Aus $ (US $)a

Diaries
Printing

854.05 (615.65)

Labels for diaries

58.85 (42.42)

Stamps

150 (108.13)

Envelopes

40 (28.83)

Paper and printing (case report forms)
b,c

a

10 (7.21)

Emails

5000 (3604.29)

Data collection forms

2500 (1802.14)

Reminder emails: 35% (33/94) return rate

500 (360.43)

Total×100 participants

9112.90 (6569.11)

Total cost per person

91.13 (65.69)

All costs are calculated in Australian dollars (Aus $1=US $0.72).

b

Labor is calculated at Aus $50 (US $36.04) per hour.

c

Emails are calculated at 5 min per email.

Table 5. Cost analysis for mobile phone automated system.

a

Mobile phone automated system

Cost, Aus $ (US $)a

Tablets×3

1060 (764.11)

Intersect: data hosting

3300 (2378.83)

Intersect: app development

29,080 (20,962.50)

Intersect: trial Infrastructure

14,500 (10,452,40)

Web survey tool (Aus $780 per year×2)

1560 (1124.54)

SMS service (45000@Aus $0.069 per sms)

3105 (2238.26)

Mobile service number (Aus $25 per month×24)

600 (432.52)

Website hosting (Aus $25 per year×2)

50 (36.04)

Broadband (Aus $30 per month×24)

720 (519.02)

Reminder emails: 46.7% (246/526) return rate)b,c

450 (324.39)

Total×529 participants

54,425 (39,232.70)

Total cost per person

102.88 (74.16)

All costs are calculated in Australian dollars (Aus $1=US $0.72).

b

Labor is calculated at Aus $50 (US $36.04) per hour.

c

Emails are calculated at 5 min per email.

Discussion
Principal Findings
This study demonstrates that an MPAS is an effective and
acceptable tool for improving study delivery and data collection
within a randomized trial as compared with a more traditional
system. We have shown that the mobile phone system improved
treatment compliance and response rates, demonstrated greater
user satisfaction, is comparable in cost to PEDC, and does not
impact study outcomes.
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Comparison With Prior Work
Our study supports previous studies which showed that SMS
messaging could improve treatment adherence and was
acceptable to participants [16,19,27]. Despite concerns about
long-term attrition in previous studies [28], the MPAS results
showed that even with a decrease in response rates over time,
the response rates were consistently higher than the PEDC rates
over the same period, possibly because of better engagement
among the users. Although the response rate of the PEDC
participants showed that 37% (35/94) of the participants returned
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a completed questionnaire, it is likely that some of the days may
have been retrospectively completed, compromising the
accuracy of the data. The peak completion rate of the PEDC
questionnaires was on the day the weekly questionnaires were
emailed to the participants, suggesting that emailed links are a
more effective method of data collection compared with
paper-based data collection, although they are more time
consuming for the trial coordinator compared with automated
SMS links. Despite no difference in clinical outcome measures
between the 2 groups, the increased response rates to the daily
surveys provided rich data regarding breastfeeding habits,
confirming the feasibility of using an MPAS as a means of
improving the reliability of outcome data in breastfeeding
research [23].

associated with reduced risk of recall bias [23]. Reducing the
burden and time of data collection on the research assistant was
significant, along with issues associated with patient
confidentiality and storage of physical case report forms [23,29].
The advantage of integrating the MPAS via a web-based
platform ensured access across mobile phone platforms and
enabled accessibility to a large and diverse population, especially
for those living in rural, remote, or disadvantaged areas or where
mobility is restricted [31,32]. In addition, staff sick leave and
absences were less of an issue because of the automated nature
of the system, leading to increased flexibility of the research
team, which is important when managing research studies on
small budgets in small teams.

The daily questionnaires of the MPAS appeared to have a
secondary effect of improving treatment compliance by serving
as a daily reminder, which in turn increased engagement with
the system, resulting in a higher rate of satisfaction. Anecdotally,
satisfaction among the research assistants was also high, with
the majority saying that the MPAS was easy to use and less
time-consuming for randomization and data entry as compared
with paper forms. Moreover, the MPAS minimized the use of
paper.

The main strength of our study was embedding the assessment
of the MPAS versus PEDC as a substudy in an RCT with
quasi-randomization to treatment group showing little difference
between study groups. Most studies comparing paper-based
data collection and electronic data collection had very small
sample sizes, 20 to 116 participants [20,33], whereas we were
able to show an effective difference with a statistically robust
sample size. Furthermore, daily data collection for 8 weeks and
comparison of responses at 3 strategic time points over the
course of 1 year was instrumental in the accurate assessment of
outcomes and minimizing errors in recall bias [34]. The
inclusion of data accuracy and response rates fills a gap in the
literature as addressed by a relevant Cochrane review [17].
Furthermore, the method of data collection for both groups
allowed for objectivity of responses without gratitude bias, as
is often seen in questionnaires of a face-to-face nature [35,36].

Despite previous research showing a 55% reduction in cost
upon using electronic data collection compared with paper data
collection [10], our study indicates that the cost per person is
comparable between PEDC and MPAS. This is largely because
of the differences in electronic data capture between the 2
studies, with the earlier study collecting, monitoring, and
entering data directly into a web-based database, whereas the
major expenditure to our study was the development of a
research management system that integrated randomization,
automated SMS, and data collection. It is important to note that
once the trial infrastructure and data hosting was installed and
initiated, there was potential to significantly scale up the number
of participants and the duration of the study without an
incremental increase in cost, whereas an increase in PEDC
participants would constitute a supplemental increase in labor
costs. An additional 18 PEDC participants in our study would
have balanced the costs between the 2 groups. Furthermore, the
scope for contact and engagement with participants with the
MPAS is greater compared with paper and email methods of
data collection. For example, the PEDC participants each
received a minimum of 11 emails. Conversely, the MPAS
participants received an average of 61 automated text messages,
including welcome texts, daily SMS, and reminder messages.
If the same number of texts were sent by email by a clinical
trial coordinator, the cost would have increased to an additional
Aus $200 (US $144.17) per participant (Aus $292 [US $210.49]
PEDC vs Aus $102 [US $73.53] MPAS).
There is very little data to evaluate the use of SMS as a
consolidated research management tool. We found many
benefits of using MPAS in the multicenter APProve trial,
including a centralized system to manage randomization, data
collection across all stages of the trial, automated reminders
and alerts, reduced paper transfer of sensitive patient information
between sites, reduced potential for transcription error
[11,29,30], and improved reliability of daily data collection
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Strengths and Limitations

One of the limitations of the study was the difference in sample
size between the 2 groups. As this was a substudy of an RCT,
it was not powered for this secondary outcome. Random
sampling was performed to ensure that the MPAS did not
adversely affect the primary outcome. Although baseline
maternal characteristics show that more women in the MPAS
group gave birth to their first baby, possibly because the paper
diary appeared more overwhelming for first-time mothers, there
were no differences between maternal health and breastfeeding
outcomes. In addition, self-reported compliance can be perceived
as subjective and prone to bias, but as compliance was measured
by the same method in both groups, the bias would be
nondifferential. There were also issues with the interface and
usability for completing the questionnaires via the web for both
MPAS and PEDC participants. However, we were able to
resolve many of the issues and make slight modifications to the
software over time. This did not negatively impact the response
rates. A final limitation was that no assessment of participant
time was included in the cost analysis. This was not included
as it was not anticipated that there would have been a discernible
difference in time cost between the 2 groups. Posting the diaries
and logging on to the computer for the weekly questionnaires
may have elicited more time from the PEDC participants, but
this would have been negligible.

Conclusions
Despite the increasing growth of web-based clinical trial
management systems, there has been little or no evaluation of
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these systems against traditional methods of trial management
systems. Since the commencement of our trial, there have been
improvements in the quality and availability of electronic data
collection systems. For example, REDCap (Research Electronic
Data Capture) is a secure web application for building and
managing web-based surveys and databases, specifically for
research studies and operations [37]. The system offers an
easy-to-use and secure method of flexible yet robust data
collection, which is free to researchers affiliated with
universities. Using such a system would have decreased the
costs associated with the development of the web-based survey
tool we utilized as well as eliminated many of the functionality
issues we experienced to reduce future research costs.
Future research should focus on how to maximize the effect of
mobile phone technology, such as implementing strategies to
improve long-term engagement with participants by simplifying

Bond et al
questionnaires, optimizing the number of text messages, and
personalizing the content and timing of messages.
Although we evaluated MPAS in a perinatal population, the use
of mobile phone technology provides the opportunity to facilitate
and improve the quality and effectiveness of clinical research
studies; enhance patient interaction; and improve clinical
research across a wide range of methodologies, disciplines, and
health care settings. Integration and evaluation of mobile phone
research management systems that are cost-effective, efficient,
and acceptable to both researchers and patients is essential,
given the increasing use of mobile phone technology [24] and
high costs of undertaking research. We have shown that the use
of an integrated MPAS is an effective and acceptable method
for improving the overall management, treatment compliance,
and methodological quality of a randomized clinical trial to
ensure validity and reliability of findings, in addition to being
cost-effective.
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Abstract
Background: Adults living with hearing loss have highly variable knowledge of hearing aids, resulting in suboptimal use or
nonuse. This issue can be addressed by the provision of high-quality educational resources.
Objective: This study aims to assess the everyday experiences of first-time hearing aid users when using a newly developed,
theoretically informed cocreated mobile health (mHealth) educational intervention called m2Hear. This intervention aims to
deliver greater opportunities for individualization and interactivity compared with our previously developed multimedia intervention,
C2Hear.
Methods: A total of 16 first-time hearing aid users trialed m2Hear for a period of 10-weeks in their everyday lives, after which
individual semistructured interviews were completed. The data were analyzed using an established deductive thematic analysis
procedure underpinned by the Capability, Opportunity, Motivation-Behavior model. The model stipulates that to engage in a
target behavior, an individual must have physical and psychological capability, physical and social opportunity, and automatic
and reflective motivation.
Results: Capability—m2Hear was viewed as a concise and comprehensive resource, suitable for a range of digital literacy skills.
It was stated that m2Hear could be conveniently reused to provide useful reminders that facilitate knowledge of hearing aids and
communication. Opportunity—m2Hear was simple and straightforward to use, enabling greater individualization and independence.
The availability of m2Hear via mobile technologies also improved accessibility. Motivation—m2Hear provided greater support
and reassurance, improving confidence and empowering users to self-manage their hearing loss.
Conclusions: Overall, this qualitative study suggests that m2Hear supports first-time hearing aid users to successfully self-manage
their hearing loss postfitting. Furthermore, this study demonstrates the utility of employing a combined theoretical and ecologically
valid approach in the development of mHealth educational resources to meet the individual self-management needs of adults
living with hearing loss.
Trial Registration: ClinicalTrials.gov NCT03136718; https://clinicaltrials.gov/ct2/show/NCT03136718
(JMIR Mhealth Uhealth 2020;8(8):e17193) doi:10.2196/17193
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Introduction
Background
Chronic health conditions, including hearing loss, are a leading
cause of morbidity and mortality worldwide [1]. Empowering
patients with long-term conditions to manage their own health
can improve outcomes as well as quality of life [2].
Nevertheless, supporting patients to successfully self-manage
their health is complex and multifaceted [3]. In the context of
hearing loss, hearing aids are the primary clinical intervention
strategy. As such, self-management support in aural
rehabilitation should facilitate knowledge of hearing loss and
hearing aids, hearing aid handling and communication skills,
monitoring the development of and solving new problems,
psychosocial well-being, and collaborative decision making
with hearing health care professionals [4-6].
However, knowledge about hearing loss and hearing aids is
often poor. First-time users, for instance, experience difficulties
using their hearing aids because they struggle to remember all
of the information given to them by their audiologist at the time
of fitting [7,8]. Similarly, hearing aid handling skills in existing
hearing aid users are highly variable, ranging from poor to
excellent [9]. As a result, hearing aids are often used
suboptimally or not at all, with estimates of nonuse varying
from 3% to 24% [10]. Unmanaged hearing loss results in
persistent psychosocial difficulties that can lead to social
withdrawal and isolation for both individuals and their frequent
communication partners [11,12]. Although audiological
counseling post hearing aid fitting aims to address suboptimal
use and nonuse of hearing aids, information in clinical settings
is typically delivered verbally. Consequently, most of the
information provided to patients is forgotten or retained
incorrectly [13-15]. However, this difficulty can be overcome
through the provision of supplementary educational support.

Our Original Multimedia Intervention: C2Hear
We previously developed a home-delivered educational
intervention for first-time hearing aid users based on the concept
of reusable learning objects (RLOs) [16,17], which aimed to
improve hearing aid use. RLOs are interactive chunks of
multimedia learning that contain highly visual components,
such as animations, video clips, and patient testimonials. The
RLOs that we have developed cover a range of topics, prioritized
by hearing health care professionals, and include both practical
(eg, how to insert hearing aids; hearing aid care) and
psychosocial (eg, what to expect when wearing hearing aids;
communication tactics) aspects of the adult aural rehabilitation
process [16]. A registered randomized controlled trial (RCT)
involving 203 first-time hearing aid users demonstrated that, in
comparison to standard care, the RLOs were clinically effective;
users of the RLOs demonstrated superior practical hearing aid
handling skills, better knowledge of hearing aids and
communication, and greater hearing aid use in those who did
not wear hearing aids all of the time [17]. Additionally, in a
further clinically registered RCT, the RLOs were also shown
https://mhealth.jmir.org/2020/8/e17193
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to significantly improve self-efficacy for hearing aids [18].
Following the original RCT, the RLOs were refined based on
participant feedback and are now called C2Hear [19,20]. In
November 2015, C2Hear was made freely available via
YouTube [19] and currently averages around 7000 views per
month, with over 250,000 views globally. In 2019, a dedicated
website for people living with hearing loss, frequent
communication partners, and health care professionals was
launched [20].
Although C2Hear has been shown to provide a range of benefits,
there are several shortcomings. C2Hear was originally developed
for a DVD-based platform because research at the time of
development suggested that this format would be most
accessible to the first-time hearing aid user age group (70-74
years) [21]. However, a DVD mode of delivery limited
opportunities for individualization and interactivity.
Additionally, the RLOs were between 5 and 8 min in duration,
with some participants in the original RCT reporting that the
RLOs were too long. Finally, the one-size-fits-all approach
made it difficult to locate personally relevant information with
ease [17]. Mobile health (mHealth) interventions, defined as
health practices that are supported by mobile devices [22], could
address these limitations. Specifically, mHealth interventions
delivered via smartphone technologies (eg, smartphones, tablets,
wearables) have been shown in other chronic health care
domains, such as diabetes and asthma, to provide a platform
that is both accessible and engaging, promoting greater
self-management [23,24]. Consequently, we redeveloped
C2Hear into an mHealth intervention (ie, m2Hear) that aims to
meet the specific informational needs of first-time hearing aid
users [25,26].

Development of an mHealth Intervention: m2Hear
It has been recognized for some time that, to be effective,
health-related behavior change interventions should be
underpinned by the appropriate behavioral theory [27]. Popular
theories applied within the field of audiology include the Health
Belief Model [28], Theory of Planned Behaviour [29], and
Transtheoretical Model [30]. However, these models have been
widely criticized because they often fail to explain variations
in complex human behavior [31]. Coulson et al [31]
subsequently argued that the Capability, Opportunity,
Motivation-Behavior (COM-B) model, a contemporary
supratheory of behavior change, is better suited to understanding
and describing behavior. The COM-B model proposes that for
an individual to engage in a specific health-related behavior
(B), they must have physical and psychological capability (C),
physical and social opportunity (O), and automatic and reflective
motivation (M). A more detailed understanding of capability,
opportunity, and motivation can be further derived from the
theoretical domains framework (TDF), which consists of a
number of different constructs (Multimedia Appendix 1) that
are necessary to bring about behavior change [32]. In
combination, the COM-B model and TDF can be used to identify
the essential components (or active ingredients) that should be
included in an intervention to facilitate the target behavior.
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Consequently, the redevelopment of C2Hear into m2Hear was
theoretically grounded, whereby the COM-B model and TDF
were used to identify the components of the original C2Hear
RLOs that facilitate the intended target behavior (ie, hearing
aid use) [33]. Overall, we found that all RLOs consisted of
multiple TDF components associated with capability (ie,
knowledge, skills, memory and decision processes, behavioral
regulation). However, different RLOs covered a broad range of
domains relating to opportunity and motivation. For example,
the communication tactics RLO included a high proportion of
content related to opportunity, such as social influences and
environmental context, whereas the adapting to wearing your
hearing aids RLO contained content specific to motivation,
such as beliefs about consequences, intentions, and goals (Figure
1).
Further to this theoretical underpinning, we employed an
ecologically valid approach, whereby the original C2Hear RLOs
were repurposed into 42 shorter mobile-enhanced RLOs
(mRLOs). Each mRLO was designed to be a small chunk of
learning, each with a mean duration of about 1 min (range 20
seconds to 1 min and 56 seconds). To ensure that m2Hear met
the needs of the end user, a think-aloud technique was used to
label each mRLO. This technique is an established observational
method [34], which has been widely used in health research to
develop and evaluate digital interventions [35]. We completed
the think-aloud interviews with existing hearing aid users who
watched the mRLOs and concurrently described their views on
the content in their own words. Using an established inductive
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thematic analysis procedure [36], each mRLO was then labeled
in accordance with data generated from participants. For
example, the what to expect when wearing hearing aids RLO
was divided into the following 2 mRLOs: (1) What can I expect
when wearing hearing aids for the first time? and (2) How do
I get used to wearing my hearing aids? These short mRLOs,
along with the option to select the appropriate earmold coupling
(open fit or custom earmold) and 5 higher-level categories
corresponding to the likely need along the patient’s journey
post hearing aid fitting (eg, using your hearing aids; looking
after your hearing aids), aimed to provide individualized
learning opportunities, whereby the user could decide what they
wanted to view according to their own needs and preferences.
In addition to individualization, the mHealth intervention also
enabled users to actively engage in a range of optional learning
activities and quizzes to further enhance an individual’s learning
potential. For example, a drag-and-drop activity was developed
that accompanied the mRLOs How do I put my hearing aids
in? and How do I take my hearing aids out? This activity
required users to place images in the correct order to reinforce
the mRLO learning objectives, namely, how to correctly insert
and remove the earmold and hearing aid. Both individualized
and interactive elements were incorporated into the design of
the mobile platform for delivery of the intervention, a process
that was iterative and followed a user-centered and participatory
design approach. The final m2Hear intervention is a freely
available web-based intervention [37]; see also Figure 2 for
screenshots.

Figure 1. Radar chart showing the proportion of time the theoretical domains framework (TDF) factors were included in the communication tactics
and adapting to wearing your hearing aids C2Hear reusable learning objects (RLOs). Percentages are plotted for the 14 TDF factors on individual axes.
Concentric grid lines connecting axes increase in 20% increments, from 0% (center point) to 100% (outer edge). Each data point has been connected
to form the black shaded area.
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Figure 2. Screenshots of the m2Hear intervention, which is a freely available web-based intervention.

Methods

Study Aims
Following the development of m2Hear, a clinically registered
study [38] assessed the feasibility of the intervention in naïve
first-time hearing aid users using a mixed methods approach.
In this paper, we aimed to present the results of the qualitative
evaluation of this study. Specific aims were as follows:
1.

2.

Gain an in-depth insight into the views of first-time hearing
aid users toward the barriers and facilitators of using
m2Hear in everyday life underpinned by the COM-B model
and TDF.
Compare barriers and facilitators between m2Hear and
C2Hear to assess whether the individualized and interactive
elements incorporated in the newly developed m2Hear
intervention result in greater patient benefits.

Participants
A total of 16 participants were recruited from the Nottingham
Adult Audiology Service, Nottingham University Hospitals
National Health Service (NHS) Trust. A purposive sampling
strategy was used, whereby participants met the following
inclusion criteria: (1) adults aged ≥18 years, (2) adults who had
never worn hearing aids, (3) adults who were familiar with
smartphone technologies, and (4) adults who had a good
understanding of the English language to understand the mRLO
content. Exclusion criteria included those who were unable to
use m2Hear unassisted due to cognitive decline or dementia,
determined via a self- or familial report. The demographic
information of the sample is provided in Table 1. Overall,
participants presented with mild-to-moderate hearing loss and
self-reported as competent users of digital technologies [21].

Table 1. Demographic information of participants who trialed either m2Hear alone or both m2Hear and C2Hear.
Demographic characteristics

m2Hear only

m2Hear and C2Hear

Overall

Female

3 (30)

3 (50)

6 (37)

Male

7 (70)

3 (50)

10 (63)

Mean (SD)

67.70 (11.01)

70.67 (17.53)

68.81 (13.32)

Range

46-81

39-85

39-85

Mean (SD)

26.90 (5.55)

33.50 (8.34)

28.79 (6.85)

Range

17-34

25-45

17-45

Beginner

0 (0)

2 (33)

2 (12)

Competent

10 (100)

4 (67)

14 (88)

Gender, n (%)

Age (years)

Better ear pure-tone average (0.25-4 kHz; dB HL)

Self-reported digital technology competency, n (%)
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Procedure
Potentially eligible participants were invited to participate in
the study during their hearing assessment appointment at the
Nottingham Adult Audiology Service. Interested patients
attended an initial study session at the National Institute for
Health Research (NIHR) Nottingham Biomedical Research
Centre (BRC). This session was completed shortly after
participants had received their hearing aids (mean 5.06, SD 4.28
days postfitting). During this session, participants were shown
how to use m2Hear and were asked to use it in their everyday
lives as and when required. They were encouraged to use as
much of the content that they felt was relevant to them. A
subgroup of participants (n=6) was also asked to use the original
C2Hear intervention via YouTube, which they were asked to
compare to their use of m2Hear.
Following a period of independent use (mean 10.82, SD 0.70
weeks), participants attended a second study session at the NIHR
Nottingham BRC. All participants were interviewed by the lead
author (DM). The interview schedules were flexible due to the
semistructured design of the interviews, although the core
content remained the same (Multimedia Appendices 2 and 3).
The interviews were conducted face-to-face in a quiet room and
lasted for approximately 1 hour. Each interview was
audio-recorded and transcribed verbatim.
All participants were each paid a nominal inconvenience
allowance and travel expenses. The study was approved by the
NHS
Health
Research
Authority,
East
of
England–Cambridgeshire and Hertfordshire Research Ethics
Committee, and Nottingham University Hospitals NHS Trust
Research and Innovation Department.

Data Analysis
NVivo 10 software (QSR International) was used to organize
and support the analysis of the semistructured interview data.
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Anonymized identification codes were assigned to each
participant (eg, M060, M061, etc). The data were analyzed using
the thematic analysis procedure by Braun and Clarke [36], which
consists of specific analytical phases: data familiarization,
generating initial codes, searching for themes, reviewing themes,
and defining and naming themes. The analysis was deductive
(or theoretical), as themes were derived from the components
of the TDF, which each link to a specific aspect of the COM-B
model [32]. In this study, themes were considered in relation
to the barriers and facilitators that impacted the use of m2Hear
in everyday life. The process of combining or redefining the
codes led to the generation of initial themes. Overarching themes
stemmed from the TDF, while inductive subthemes were devised
by the first author. Subthemes were defined as something
important about the data that captured important information
about the research aims and represented repeated patterns of
response or meaning that were prevalent (ie, reported by several
participants) across the entire data set [36]. For rigor, coding
comparison [39] was undertaken to ensure that the interpretation
of the data was not limited to the perspective of the first author.
Specifically, a second author (RH) independently coded 6 (37%)
of the transcripts and formulated potential themes. Any
discrepancies were discussed, and an agreement was made
regarding which codes should be applied. The themes were
refined and defined through re-analysis of the data and
discussions among coauthors (DM and RH).

Results
Theoretical domains that were and were not coded against the
TDF are shown in Table 2. A summary of the subthemes
classified according to the TDF is also provided in Table 3.
Each domain was mapped onto the corresponding determinants
of the target behavior (ie, use of m2Hear) in accordance with
the COM-B model (Multimedia Appendix 1).
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Table 2. Theoretical domains that were coded against the theoretical domains framework and those that were not.
COM-Ba, TDFb

Coded?

Capability
Knowledge

No

Physical skills

Yes

Memory, attention, and decision processes

Yes

Behavioral regulation

No

Opportunity
Social influences

Yes

Environmental context

Yes

Motivation

a

Social and professional role and identity

No

Beliefs about capabilities

Yes

Beliefs about consequences

No

Intentions

No

Goals

Yes

Reinforcement

No

Emotion

No

Optimism

No

COM-B: Capability, Opportunity, Motivation-Behavior.

b

TDF: theoretical domains framework.

Table 3. A summary of subthemes generated in relation to the Capability, Opportunity, Motivation-Behavior model and theoretical domains framework.
COM-Ba, TDFb

Subtheme

Capability
Physical skills

Digital literacy skills

Memory, attention, and decision processes

Conciseness

Memory, attention, and decision processes

Repeated use to aid memory

Opportunity
Social influences

Independence and autonomy

Social influences

Relevance to communication partners

Social influences

Requirement of audiological input

Environmental context

Convenience and portability

Environmental context

Ease of use and individualization

Motivation

a

Beliefs about capabilities

Learning and understanding

Beliefs about capabilities

Reassurance and self-efficacy

Goals

Improving hearing aid handling and communication skills

COM-B: Capability, Opportunity, Motivation-Behavior.

b

TDF: theoretical domains framework.

Capability
Digital Literacy Skills
Having sufficient digital literacy skills was considered essential
for users to successfully access and use m2Hear. For example,
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M067 commented, “I could use it, and then my Dad could use
it, so…there’s no sort of barriers in it. It’s open to everyone to
use.” Some thought that m2Hear might be difficult to use for
older people who lack digital skills. M061 remarked, “I think
if you’re computer-savvy…it could be a benefit...for other
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people, I’m just thinking that the older age group, I think, will
struggle.” As a potential solution, friends or family could support
the use of m2Hear:
Somebody else who hasn’t got that confidence or the
capability or the technology to do it, needs to talk to
somebody…If they’ve got that reference, they’ve got
a daughter or a son...they can be assisted by their
own family. [M065]
Nevertheless, given the ubiquitous nature of smartphone
technologies, digital literacy was considered to be less of a
concern:
The only people who won’t have [m2Hear] available
to them all the time are those who haven’t got a
smartphone, a tablet or a computer. I would say
they’re going to be non-existent, very shortly. I mean,
even Granny’s got a smartphone now. [M065]

Conciseness
The short mRLOs enabled participants to locate personally
relevant information with ease:
I think the value is that you can just go to the subjects
you want. For bits that you're not interested in, well,
what's the point of going to that? What you want is
information, and to be able to go straight to that bit
of information, I think, is a valuable part of [m2Hear].
[M064]
The succinct mRLOs also encouraged access and
re-engagement, “They’re concise and logical, and that’s why I
went back to them a couple of times” (M065). Furthermore, the
mRLOs were a good use of time and effort: M062 said, “It
meant best use of my time. I didn’t have to spend ages getting
bored and wondering where it was, I could clearly see what it
was I needed.” The concise content also held participants’
interest, which improved information retention:
It’s better because you only have a certain amount
of attention span, and I think because they are only
like a minute, that’s about right…there’s so much
more information in longer ones, whereas if it’s a
little bit of information it makes it easier to take in.
[M067]
Taken together, the mRLOs were concise and subsequently
viewed favorably.

Repeated Use to Aid Memory
Although participants reported that they initially decided to
view all mRLOs within the first week, they would regularly
reuse m2Hear throughout the 10-week study period to improve
their knowledge and understanding of specific topics. For
example, participants consistently commented that they would
rewatch the mRLOs for troubleshooting advice, particularly
when they experienced a problem with their hearing aid or
communication:
I’d click on the “communicate with others” one, and
“looking after my hearing aid”. I’d click on those
two if I’d had a bad day about something, so I’d click
on there just to have a look, and then make sure I was
https://mhealth.jmir.org/2020/8/e17193
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looking after them properly. Just to refresh what I
should do with them. [M067]
It was consistently reported that m2Hear supplemented and
expanded upon the information provided by the audiologist
during their hearing aid fitting appointment, as well as providing
useful reminders of the information they had been given:
Although the audiologist had probably given me all
the right information, you don’t store it. You don’t
remember it because there’s so much coming
in…Because I’d got [m2Hear], I could go back, and
I could go and check on something. [M062]
Participants commented that it was often difficult to retain all
the information provided during audiological appointments and
that re-using m2Hear during the study period provided a means
to refresh their memory, without feeling overwhelmed or
confused:
You can only take in so much at any one time…It’s
nice to have a reference to go back to it, just to check
it on your own…The information is there if you need
it. That’s what a [m2Hear] is all about. [M065]
In addition, the quizzes and interactive features also ensured
that the content of the mRLOs were successfully retained and
remembered, “Yes, it was like a little test to work on my
memory. Even though I was watching the [mRLO] I was
probably not watching it, whereas a quiz it was making me
remember stuff” (M067). Nevertheless, some participants stated
that they did not think it necessary for them to reuse m2Hear
once they had viewed all the mRLOs, as they understood the
information and were confident using their hearing aids:
Well, in the first instance of course it was very good
because it told me about the hearing aid. After a
while, no, I don't think there's much more you need
to know. [M068]

Opportunity
Independence and Autonomy
One of the main reported advantages of m2Hear was that it
enabled participants to self-manage their hearing loss. This was
summarized by M060:
The thing is that everyone is responsible for their own
wellbeing. You shouldn’t rely on other people. For
me, I don’t feel that I should be relying on other
people. Other people are there in a desperate need,
which is why [m2Hear] is good. As I keep saying, it’s
a prop.
Participants stated that managing their hearing loss
independently was crucial to their self-esteem:
I haven’t got to rely on anyone else. I haven’t got to
ask someone else; I don’t like asking people…I’d
rather just be able to do it myself...If I’m constantly
asking people, I just feel helpless, and I don’t like
that. [M067]
In addition, participants were often reluctant to telephone and
arrange an appointment with an audiologist due to limited health
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care resources and stated that m2Hear empowered them to be
more self-sufficient:
I think [m2Hear] is very useful. I mean, in audiology,
they tell you things and that, but the limited time. Yes,
it just seems a useful reference instead of having to
keep phoning someone up or go back… You're
straight there for as many times as you want it.
[M064]

Relevance to Communication Partners
m2Hear was not only relevant to people living with hearing
loss, but also to frequent communication partners. Indeed,
several participants stated that they shared m2Hear with friends
and family members to improve their communication. For
example, M060 said:
I showed my wife…to make sure that she’s aware of
the subtleties of not talking to me in a different room.
That if she’s talking to me in a different room then
we’re back to square one.
The added value of m2Hear was that it provided an objective
voice that was external to the participant’s immediate social
network:
I think because it’s produced by somebody
professionally, rather than me just giving my opinion
or my interpretation…therefore that gave it more
weight as far as he [husband] was concerned. [M062]
However, some participants preferred to use m2Hear alone, as
they did not think it would be suitable or relevant for
communication partners that do not have a hearing loss, such
as M069, who said, “Well, I didn’t think it was particularly
important, you know, really. They were…appropriate to me,
but not to anybody else.”

Requirement of Audiological Input
Although m2Hear facilitated self-management of hearing loss,
there were occasions when it was considered necessary to seek
help and advice from an audiologist. Changes in the overall
hearing level, for instance, would prompt participants to arrange
an audiological reassessment; “If my hearing changes I would
ring audiology,” remarked M060. In addition, participants
reported that they would arrange an appointment if their hearing
aid was faulty or causing discomfort:
I suppose if I was having specific problems with my
hearing aids and thought there was something
malfunctioning or something like that, then I would
ring up the [audiology department] and speak to
somebody. [M062]
M069 also commented that they felt it was permissible to contact
audiology if they experienced difficulties they were unable to
resolve themselves using m2Hear: “I think if something goes
wrong, you need advice about that type of thing, then…it’s nice
to know that you’ve got somebody to talk to.” On this basis,
m2Hear is a useful “tool” (M062) that can be used to supplement
the provision of face-to-face appointments with an audiologist.
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Convenience and Portability
Whether participants opted to access m2Hear from a handheld
device (eg, smartphone, tablet) was based on immediacy and
convenience. For example, M066 said, “I had a
smartphone…that's what I use all the time…It's just easier to
pick up and use.” Similarly, M069 commented:
I’ve got a laptop, but I don’t use it very often. The
tablet is much more convenient...it’s easier to handle.
It’s smaller, and also, to be able to access the
Internet, it’s almost immediate. Whereas, the laptop
isn’t.
Accessing m2Hear from smartphone technologies was
advantageous because of portability: “It’s transferrable isn’t it,
between devices…it’s portable, everywhere, any device. It
makes it interesting” (M067). Furthermore, m2Hear could be
used in multiple listening situations whenever desired. For
example, comparing m2Hear with written information, M066
commented, “It's more convenient to use, wherever you are.
You can just get your phone out, whereas you might not have
the booklet with you.” Nevertheless, some participants preferred
to use a laptop or desktop computer to access m2Hear, citing
that a larger screen size was necessary to optimize visual acuity:
“My eyesight is going as well. So, whilst the phone, I’ve got
an iPhone, is great, I’m finding if I need to look at something
that I feel I get a bigger picture” (M061). Taken together, while
the device used to access m2Hear varied across participants,
this was often based on personal preference and convenience.
Nevertheless, smartphone technologies have improved
accessibility.

Ease of Use and Individualization
All participants commented that m2Hear was simple and
straightforward to use, “It wasn’t loads of diving off into other
areas and that, it was…nice and simple. There wasn’t anything
complicated” (M067). It was also well-organized and structured,
ensuring that information could be easily located: M062 said,
“It’s very easy to get to the section you need to look at or you
want to look at…you can see quite clearly which elements you
need to go to. That was good.” In relation, the questions
accompanying each individual mRLO facilitated navigation:
They seemed relevant to the [mRLO] you'd just
watched. I think the questions really weren't difficult
questions. I presume the questions were designed in
mind of, “Have you got the hang of what the [mRLO]
was on about?” I think, yes, the questions tease that
answer out quite well. [M064]
Participants also reported that the organization of m2Hear
enabled greater personalization:
It means that you haven’t got to start right from the
beginning again…I could just go straight to the one
that I want. That’s all I want to go to, and it doesn’t
hold you back, it just makes it easier to access it.
[M067]
For these reasons, participants reported that m2Hear was
preferable to written information: M065 summarized, “In the
written information you’ve got to do a whole lot of searching.
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[m2Hear] leads you by the nose, to be quite honest, and
everything is logical about it, and it just takes a click.”

Motivation
Improved Learning and Understanding
Participants commented that the mRLO content was
comprehensive, useful, and relevant, which they believed
facilitated their knowledge of hearing aids and communication.
For example, M060 said, “I can’t think of any topics that were
actually left out...It’s got everything in there that I needed to
know, and it’s there for me to look back on if I forget.”
However, some participants stated that they would have liked
additional information to have been included, such as the
physiology of the ear and hearing loss, “I’d like a bit more
technical depth to it...I’d like a little bit more depth about how
the hearing system works” (M063). In addition to the mRLOs,
optional quizzes and interactivities were also perceived to
improve participants’ learning and understanding. For example,
remarking on one of the activities, M060 said:
It gives you a bit of food for thought, so you think
about it again. It’s no good learning something by
rote, as it were. It’s understanding it. So next time
you come across that you’ve got an understanding.
However, some stated that the quizzes were not beneficial, as
they understood the content of the mRLO:
In my case, I think I pretty much understood
everything on the [mRLOs]. The quizzes for me were
slightly irrelevant in terms of my understanding, my
learning. I didn’t need them. [M060]
Therefore, although some participants expressed ambivalence,
most stated that they used m2Hear because they believed that
both the mRLOs and interactive components would improve
their knowledge of hearing aids and communication, resulting
in more successful outcomes.

Reassurance and Self-Efficacy
Several participants reported that they regularly referred back
to m2Hear as a means of support and reassurance that they were
handling their hearing aids correctly:
I think it's a kind of reassurance thing...You watch it
and you think, “Well, yes, I am.” I think it's just useful
as a reminder, having forgotten something or so on.
Yes, I think it's a useful tool, isn't it? Yes, it's a good
backup, I think. [M064]
Subsequently, m2Hear improved both self-efficacy for hearing
aids and coping with hearing loss:
I can’t reinforce how useful I feel that [m2Hear] is.
As I say, I've gone back to recap on different
things...It’s just really given me the confidence...I feel
that I can cope with any situation with my hearing
aids now. [M060]
In addition, m2Hear reduced feelings of loneliness and despair,
with M060 saying:
I think when I was looking at it I was not only soaking
in the information and stuff, I was thinking, well, this
https://mhealth.jmir.org/2020/8/e17193

XSL• FO
RenderX

Maidment et al
is something that’s relevant to a lot of people...I'm
not on my own, and I've got something to help me.
Therefore, using m2Hear facilitated an optimistic outlook,
empowering participants to self-manage their hearing loss.

Improving Hearing Aid Handling and Communication
Skills
The most commonly cited reason participants used m2Hear was
to improve their hearing aid handling and communication skills.
m2Hear helped participants to manage their expectations and
encouraged them to persevere using their hearing aids:
You expect to be able to put [hearing aids] on like
you put glasses on. I did think it would work in the
same way. I thought it would be instant and it’s not.
[m2Hear] is a useful reminder...this isn’t going to be
straightforward and you’re going to have to work at
it, but the benefits will be worthwhile. [M062]
Moreover, m2Hear facilitated hearing aid use, especially when
experiencing communication difficulties that might otherwise
result in social withdrawal. For example, M067 commented
that the mRLOs:
made a difference, they helped me. I mean I wouldn’t
have said to people, “I can’t hear you,” I probably
would have just switched off, and sort of just not
bothered probably. It did help me; it gave me a bit of
a boot.
As such, m2Hear had a positive impact on hearing aid use and
adherence as well as communication during the 10-week
evaluation.

Differences Between m2Hear and C2Hear
In relation to the themes identified, differences between the
barriers and facilitators that impacted the use of m2Hear
compared with those that impacted the use of C2Hear were also
reported, whereby m2Hear was consistently viewed more
positively.

Digital Literacy
m2Hear was considered more appropriate for any level of digital
literacy compared with C2Hear when accessed via YouTube.
For example, M075 stated, “[m2Hear] is presented so well that
I think most people, no matter how poor their understanding is,
they’d still get on well with that.” In comparison, the C2Hear
YouTube channel was viewed as more difficult to use if an
individual had poor digital literacy skills. When using YouTube,
M078 remarked:
I was terrified in case I’d make a mistake and I ruin
my computer, you see. Because I’m not very
computer-savvy. So, I just looked at [m2Hear]

Conciseness
A key difference reported between m2Hear and C2Hear was
the difference in length of the mRLOs. The shorter mRLOs
were preferred, as participants felt that they could retain the
information more easily. For example, M075 commented, “You
can assimilate the knowledge more easily and you retain it
perhaps better.” A further advantage of the shorter mRLOs was
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that it was easier to locate personally relevant information:
“m2Hear was covering a topic which was concise and to the
point, so you could jump straight to the information that you
wanted” (M074). Conversely, participants commented that the
C2Hear RLOs were lengthy in duration: “I lost interest in the
[C2Hear RLOs]. I found them a bit distracting because
sometimes they told you a bit too much” (M076). Nevertheless,
the longer RLOs might be preferable for individuals who like
to access all the information in one sitting:
Sometimes the length of the [RLOs] could be nice.
When you have got all the information, it’s not so bad
to watch it all from beginning to end. [M076]

Convenience and Portability
m2Hear was more accessible than C2Hear, as it was more
convenient to use with smartphone technologies. For example,
M074 remarked:
[m2Hear] was smarter on my iPhone to use, the
interface was more workable to me on the iPhone,
whereas the C2Hear...because it was on YouTube, it
kept jumping up with other clips of other hearing
research which was frustrating.
A further benefit of m2Hear being easily accessed via
smartphone technologies was that it could be used whenever
and wherever required:
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of learning, a different way of putting information across.” In
comparison, C2Hear was considered less interactive, with some
participants failing to notice that there was the opportunity to
take quizzes at the end of each RLO: “I didn’t spot [the quizzes]
on [C2Hear]. Probably because…the [RLO] went on too long”
(M076).

Reassurance and Self-Efficacy
Compared with C2Hear, m2Hear improved confidence and
enabled greater independent use of hearing aids. M074
commented:
[m2Hear] increases my confidence for looking after
my hearing aids myself without needing to go and get
help...It gives me reassurance that I’m doing the right
thing and that I’m not going to break them.
Participants also reported that the m2Hear interactivities
provided further reassurance: “They made you think and made
you realise what there was and how easy it was to get the
information out” (M075). Thus, in comparison to C2Hear,
m2Hear improved self-efficacy for hearing aids and
communication, facilitating greater self-management of hearing
loss.

Discussion
Principal Findings

It’s easier just to use [m2Hear] when you’re out and
about and you just want to sit down and have a look
at it and just go through it, just to remember things
more, rather than wait till I get home and just look
on the laptop. [M076]
Conversely, participants reported that their use of C2Hear was
restricted to when they had more time available due to the length
of the RLOs: M076 said, “I used to do [C2Hear] when I’d got
more time, so I could watch all of them, not dip in and out of
it quite so much”. Taken together, convenience and portability
improved the accessibility of m2Hear compared with C2Hear.

The functionality of mHealth technologies has been shown to
enable greater individualization and interactivity in multiple
chronic health care domains, which has the potential to improve
self-management [23,24]. In this study, we assessed the barriers
and facilitators of using a newly developed mHealth educational
intervention, m2Hear, designed specifically for first-time hearing
aid users. We assessed the views of first-time hearing aid users
toward m2Hear when used in everyday life. To gain an in-depth
insight into potential barriers and facilitators, participants’
experiences were evaluated within the context of the TDF and
COM-B model [40,41], which are discussed as follows.

Ease of Use and Individualization

Capability

An important difference between m2Hear and C2Hear was that
m2Hear offered the opportunity for greater personalization. In
addition, it was easier to find personally relevant information
in m2Hear compared with C2Hear: “[m2Hear] is so easy, and
it’s so user-friendly, and it’s so clear” (M075). C2Hear was less
personalized and difficult to navigate. For example, M071
remarked, “In C2Hear you’ve got to go back, find various bits,
and not quite start again, but it’s much more difficult to go
back.” Nevertheless, C2Hear would have been acceptable if
they had not been able to compare it to m2Hear: M071 stated,
“If you hadn’t shown me [m2Hear], I’d probably have been
perfectly happy with [C2Hear].” Therefore, although participants
were satisfied with C2Hear, they preferred m2Hear overall.

With regard to capability, digital literacy skills were identified
as important for the usability and adherence of m2Hear. For
m2Hear, participants commented that any level of skill would
be sufficient in this area, given that it was relatively
straightforward to use and navigate, whereas C2Hear accessed
via YouTube required a high level of digital literacy. It is likely
that the ease of use of m2Hear is attributable to the iterative,
user-centered, and participatory design approach that was
employed during the development of m2Hear [25,26]. Such an
approach, which has been shown to improve usability,
acceptability, and adherence of interventions [42], likely ensured
that m2Hear met the specific needs of the end user. This is
encouraging given that the proportion of older adults (≥55 years)
who use smartphone technologies continues to increase
exponentially in the typical first-time hearing aid user age group
[43,44]. Thus, mobile technologies should be considered an
acceptable and accessible mode of delivery for educational
support throughout the hearing aid user’s journey, as digital
literacy skills are becoming less of a barrier in this population.

Learning and Understanding
Participants consistently commented that m2Hear was more
interactive than C2Hear, which reinforced the knowledge gained
from each mRLO and would appeal to different learning
preferences. For example, M076 remarked, “It’s a different way
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A further theme related to capability was that m2Hear was
reused throughout the 10-week study period because it provided
useful reminders that expanded upon the information provided
by the audiologist during the hearing aid fitting appointment.
This was further facilitated by the concise duration of the
mRLOs, which enabled participants to easily locate and revisit
the desired information with ease. In support of these findings,
existing research in the area of multimedia learning recommends
dividing content into shorter learning segments to reduce
cognitive load (or memory capacity), improving knowledge
acquisition and long-term retention [45]. On this basis, mHealth
interventions have the potential to improve the likelihood that
first-time hearing aid users will acquire the necessary knowledge
and skills to successfully self-manage their hearing loss (eg,
improve hearing aid use and social participation).

Opportunity
One of the most pertinent social factors identified in this study
was whether participants shared m2Hear with their family and
friends (ie, frequent communication partners). Although some
participants felt it necessary to share m2Hear with others to
improve mutual communication, others did not, citing that their
hearing loss was not a concern for others who did not experience
hearing difficulties. This latter finding should be addressed,
given that frequent communication partners play a pivotal role
in hearing loss management and communication [46].
Furthermore, hearing loss in older adults can result in continued
communication difficulties, leading to social isolation and
withdrawal for both the person living with hearing loss and their
communication partners, termed third-party hearing disability
[47].
Meeting the informational needs of communication partners
has been shown to be highly beneficial [12,47-49]. For example,
Barker et al [12] suggest that information and support should
be offered to both individuals and their communication partners
to align coping strategies and improve outcomes for both parties.
Consequently, we have redeveloped and tailored the original
communication tactics C2Hear RLO into an mRLO suitable for
communication partners [26]. Specifically, we have altered the
wording so that it is more generic for others, such as family
members and the general public. Interactive components have
also been incorporated, including simulated hearing losses in
the presence and absence of background noise. This mRLO for
communication partners and the general public is available on
the web [20]. The quality, usability, relevance, and impact of
the repurposed mRLO have subsequently been examined using
think-aloud techniques with dyads comprising adults with
hearing loss and their communication partners [26]. We found
that these dyads led to greater inclusivity; the mRLO enabled
greater joint working and joint responsibility, whereby both
parties became jointly aware of factors that prevented and
facilitated optimal communication. As a result, mHealth
educational
interventions
that
incorporate
greater
individualization and interactivity have the potential to improve
outcomes for adults living with hearing loss and their frequent
communication partners. This is also highlighted in recent
recommendations published by the UK National Institute for
Health and Care Excellence, which states that, in addition to
the person with hearing loss, information about hearing loss
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and how it can be managed should also be given to family
members and caregivers [50].
Another theme related to opportunity included environmental
factors that promoted greater use of m2Hear such as convenience
and portability. These findings reflect a key benefit of mHealth
technologies, as they can be used when comfort and convenience
are paramount [51]. Furthermore, in the context of learning, the
perceived convenience of mobile technologies has also been
shown to have a positive impact on attitudes and intentions
toward using an educational intervention [52]. Other
environmental factors identified included the ease of finding
personally relevant information due to improved organization
and navigation. This is likely attributable to the extensive
iterative usability testing that was employed during the
development of m2Hear [25,26]. The ability to discover relevant
information independently as well as to control the pace of
learning via well-indexed content has been shown to enhance
learning potential [53,54]. As such, these findings lend further
support for the notion that a user-centered and participatory
design approach should be utilized when developing mHealth
interventions so that they meet the specific educational needs
of the end user.

Motivation
Participants consistently reported that they were motivated to
use m2Hear because it improved their knowledge of specific
topics relating to hearing aids and communication. Supplemental
interactivities further improved perceived learning and
understanding, presumably through active engagement with
learning materials [54,55]. Participants were also motivated to
use m2Hear because it provided reassurance and increased their
confidence (or self-efficacy) to use hearing aids and
communicate successfully. Self-efficacy refers to a
domain-specific construct associated with particular tasks,
abilities, skills, or actions that are needed to achieve a certain
behavior, including health-related behaviors [56]. Perceived
self-efficacy is being increasingly recognized as playing a key
role in the audiological rehabilitation process [57-59]. Previous
studies have shown that individuals with higher levels of
self-efficacy are more likely to obtain hearing aids and become
successful users [60-62]. In addition, self-efficacy has also been
shown to predict hearing outcomes, including satisfaction [63],
and has been shown to be a modifiable factor that could be
targeted to improve hearing loss self-management [6]. We have
shown that C2Hear significantly increases self-efficacy for
hearing aids and readiness to act, with large clinical effect sizes,
compared with a printed booklet. This was shown to be highly
efficacious even when delivered at the hearing assessment
appointment, thus priming patients before the provision of
hearing aids [18].

Study Limitations and Future Research
There are several caveats to the design of this study that could
be addressed in future research. For example, a purposive
sampling strategy was employed, whereby participants were
recruited based on prespecified inclusion and exclusion criteria,
such as familiarity with smartphone technologies. This was
necessary to ensure that participants would be able to use and
access m2Hear throughout the home-based evaluation. As a
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result, it is perhaps unsurprising that most participants
self-reported as competent users of digital technologies, which
arguably limits the generalizability of the study findings to
individuals with lower levels of self-perceived competency.
Future studies could address this limitation by enhancing the
representativeness of the sample in terms of digital literacy
skills as well as other demographic and clinical characteristics
such as age, gender, and hearing loss severity.
A further consideration is that this study used a formalized,
deductive (or theory-driven) thematic analysis approach,
whereby themes were underpinned by the COM-B model and
TDF. The application of theories and models from health
psychology in audiological rehabilitation research continues to
rise [11,64-68]. However, popular models frequently used in
the field of audiology (eg, the Health Belief Model [28], Theory
of Planned Behaviour [29], Transtheoretical Model [30]) have
been widely criticized because they fail to reliably account for
variations in complex human behavior [31]. As a result, Coulson
et al [31] suggested that the use of unreliable models to explain
and predict hearing health behaviors should be replaced by more
contemporary behavior change science, namely, the COM-B
model. As such, this study adds to a growing body of literature
that has utilized the COM-B model to inform adult aural
rehabilitation practices [26,67,69].

Clinical Implications
As we have argued from the outset, a key advantage of mHealth
interventions is that they enable the individual to tailor the
information they need as well as increase user interaction,
resulting in a more patient-centered approach. Patient-centered
care is widely accepted as a fundamental practice that supports
an individual to be an active participant in the management of
their health [70]. Critically, involving patients in their own care
can result in empowerment, conceptualized as a process that
enhances feelings of autonomy, control, self-efficacy, and
coping [71]. The concept of empowerment was also conveyed
in this study, whereby participants reported that m2Hear
improved their confidence to take control and participate more
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fully in the management of their hearing health. It is likely that
this finding stems from a combination of factors afforded by
using m2Hear, including increased knowledge of hearing aids
and optimal communication strategies. In support, in their
qualitative assessment of patients’ perspectives of
empowerment, Small et al [71] found that improved knowledge
and understanding is a pertinent factor necessary to empower
patients to manage long-term health conditions. Additionally,
identified themes surrounding reassurance and self-efficacy
suggest that using m2Hear not only benefitted psychological
capability but also reflective motivation for hearing loss
self-management. This suggests that m2Hear fulfills 3
cornerstones of successful hearing loss self-management: (1)
enabling the acquisition of knowledge, (2) prompting actions
(eg, practicing hearing aid insertion), and (3) the adoption of a
positive psychological stance (ie, self-efficacy). On this basis,
we advocate the widespread implementation of mHealth
educational resources in adult aural rehabilitation given that
they have substantial potential to facilitate patient-centered care
and improve hearing health outcomes.

Summary and Conclusions
This qualitative study provides an in-depth assessment of an
mHealth educational intervention used by first-time hearing aid
users in their everyday lives. Underpinned by a contemporary
model of health behavior change, the COM-B model, we
identified key factors that influenced intervention use.
Specifically, m2Hear was viewed as a concise and
comprehensive resource that is simple and straightforward to
use and enables greater individualization and independence. In
addition, m2Hear provides greater support and reassurance,
improves confidence, and empowers users to self-manage
hearing loss. On this basis, this study suggests that m2Hear can
be used to supplement existing aural rehabilitation practices to
support successful self-management in first-time hearing aid
users. Furthermore, this study demonstrates the utility of
employing theoretical and ecologically valid approaches in the
development of mHealth educational resources to meet the
individual needs of the end user.
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Abstract
Background: Mobile technology for health (mHealth) interventions are increasingly being used to help improve self-management
among patients with diabetes; however, these interventions have not been adopted by a large number of patients and often have
high dropout rates. Patient personality characteristics may play a critical role in app adoption and active utilization, but few studies
have focused on addressing this question.
Objective: This study aims to address a gap in understanding of the relationship between personality traits and mHealth treatment
for patients with diabetes. We tested the role of the five-factor model of personality traits (openness to experience, conscientiousness,
extraversion, agreeableness, and neuroticism) in mHealth adoption preference and active utilization.
Methods: We developed an mHealth app (DiaSocial) aimed to encourage diabetes self-management. We recruited 98 patients
with diabetes—each patient freely chose whether to receive the standard care or the mHealth app intervention. Patient demographic
information and patient personality characteristics were assessed at baseline. App usage data were collected to measure user
utilization of the app. Patient health outcomes were assessed with lab measures of glycated hemoglobin (HbA1c level). Logistic
regression models and linear regression were employed to explore factors predicting the relationship between mHealth use
(adoption and active utilization) and changes in health outcome.
Results: Of 98 study participants, 46 (47%) downloaded and used the app. Relatively younger patients with diabetes were 9%
more likely to try and use the app (P=.02, odds ratio [OR] 0.91, 95% CI 0.85-0.98) than older patients with diabetes were.
Extraversion was negatively associated with adoption of the mHealth app (P=.04, OR 0.71, 95% CI 0.51-0.98), and openness to
experience was positively associated with adoption of the app (P=.03, OR 1.73, 95% CI 1.07-2.80). Gender (P=.43, OR 0.66,
95% CI 0.23-1.88), education (senior: P=.99, OR 1.00, 95% CI 0.32-3.11; higher: P=.21, OR 2.51, 95% CI 0.59-10.66), and
baseline HbA1c level (P=.36, OR 0.79, 95% CI 0.47-1.31) were not associated with app adoption. Among those who adopted the
app, a low education level (senior versus primary P=.003; higher versus primary P=.03) and a high level of openness to experience
(P=.048, OR 2.01, 95% CI 1.01-4.00) were associated with active app utilization. Active users showed a significantly greater
decrease in HbA1c level than other users (ΔHbA1c=−0.64, P=.05).
Conclusions: This is one of the first studies to investigate how different personality traits influence the adoption and active
utilization of an mHealth app among patients with diabetes. The research findings suggest that personality is a factor that should
be considered when trying to identify patients who would benefit the most from apps for diabetes management.
(JMIR Mhealth Uhealth 2020;8(8):e17709) doi:10.2196/17709
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Introduction
Diabetes Self-Management
Globally, type 2 diabetes is a common chronic disease, and its
incidence is rapidly increasing in countries such as China [1,2].
Treatment for type 2 diabetes is largely self-managed; patients
are responsible for engaging in health-promoting behavior on
a day-to-day basis [3]. Health-promoting behaviors include
dietary control, physical activity, and blood glucose monitoring,
and these health-promoting behaviors are often incorporated as
essential components of treatment programs in order to keep
blood glucose levels within target ranges and to prevent
long-term
complications
[4].
Although
long-term
self-management and lifestyle behaviors are critical for
controlling diabetes, these skills prove difficult for many patients
to develop [3].

Role of mHealth
Mobile technology for health (mHealth) interventions can
benefit chronic disease management by delivering real-time
monitoring and reminders to a large number of people, enabling
the delivery of tailored support and providing low-cost, remote
health care services [5]. For diabetes, mHealth interventions
are increasingly being used to assist patients with lifestyle
changes and health-promoting behaviors [6]. Some recent
studies and reviews [7-9] have shown that mHealth smartphone
interventions for diabetes self-management have reduced
glycated hemoglobin (HbA1c) levels and have significantly
facilitated self-management for patients; however, the
effectiveness of mHealth in improving diabetes outcomes
critically depends on voluntary patient engagement. Most
studies, in contrast, rely upon randomized trials where patients
are exogenously assigned to the mHealth interventions [10]. In
many studies that are designed as such, the patients who are
required to use the mHealth interventions showed low utilization
of the health apps and often had high dropout rates [5,11].
Therefore, within the literature to date, there is a limited
understanding of how willing diabetic patients are to adopt
mHealth interventions. Within this question, there is also the
matter of individual differences that may make patients more
or less likely to engage with a given intervention. In order to
make use of the full potential of mHealth, researchers,
technology companies, and clinicians have been exploring ways
of attracting users and increasing mHealth use [12], with the
understanding that personality characteristics may be an
important consideration when building or recommending
different mHealth products [13]. Based on this, we drew on
insights from personality research to explore individual
differences that could explain heterogeneity in the adoption and
active utilization of mHealth to improve diabetes
self-management.

Personality Traits and mHealth Intervention
The five-factor model of personality (also referred to as the big
five personality traits) offers a comprehensive framework for
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examining distinct personal characteristics and their influences.
Within the big five, agreeableness encompasses the traits of
courtesy, cooperation, trust, and tolerance. Conscientiousness
represents tendencies such as being self-disciplined, organized,
and persistent in goal-directed behavior. Extraversion is
frequently associated with being sociable, gregarious, and
optimistic. Neuroticism (or emotional instability) is characterized
by insecurity, anxiousness, and hostility. Openness to experience
represents one’s curiosity and willingness to explore new ideas
[14]. Taken together, the big five capture the essence of one’s
personality.
Past research has recognized that the personal characteristics
of users are essential factors in predicting technology adoption
and continued utilization of different kinds of apps [15-17]. For
example, previous studies have found that more conscientious
individuals may be less likely to use leisure apps, but would
prefer communication and business apps [18,19]. Openness to
experience can be used to predict greater smartphone use and
may be positively correlated with the use of social apps [16,20].
Extraverts are more likely to use social networking and instant
messaging apps than they are to use apps related to books,
references, and education [20]. Individuals with high
agreeableness are less likely to use apps related to
communication, browser usage, productivity, and gaming
[18,19]. Neurotic individuals are likely to adopt apps in general,
due to their fastidious and meticulous nature as well as their
interest in creative activities [19].
Previous studies [21-25] have also examined the effects of the
five personality traits on patient intent to use mHealth apps.
Openness to experience had a positive influence on acceptance
of an mHealth app for hypertension [21] and was correlated
with better adherence to a self-care app for cancer [22]. High
conscientiousness was significantly associated with the total
number of points earned on an mHealth weight loss app [23].
Gender played a moderating role in the relationship between
two specific personality traits, extraversion and emotional
stability, and in the behavioral intention to use mHealth apps,
in general [24]. Personality traits have been found to influence
self-care behavior and glycemic control in patients with type 2
diabetes [25]; however, little is known about how the big five
personality traits influence adoption preference and active
utilization of diabetic self-management apps. Our exploratory
study was designed to help fill this knowledge gap.

Study Objectives
Using data from a 3-month period, this study explored three
relationships: (1) the relationship between the big five
personality traits and mHealth adoption, (2) the relationship
between the big five personality traits and active utilization of
the app, and (3) the effect of mHealth app usage on health
outcomes in patients with diabetes. Findings related to the
association between personal characteristics and mHealth use
in the context of diabetes self-care will contribute to further
understanding of the mechanisms underlying high dropout rates
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and could inform the development of tailored interventions that
will engage and improve patient self-management.

Methods
Ethical Considerations
The pilot study was approved by the ethics committees at the
University of Maryland (1331093-1) and Harbin Institute of
Technology School of Management. Informed written consent
was obtained from each individual prior to their participation,
and patients were provided with complete assurance that all
information would be kept confidential. Participation was
completely voluntary.

Recruitment
Patients were recruited through their affiliation with the
Endocrinology Department at the Fifth Hospital, Daqing City,
China. Daqing has played a key role in diabetic research, as it
was the setting for the first batch of studies on diabetes in China,
which were well-recognized in journals such as the Lancet [26].
Inclusion criteria for this study were a diagnosis of type 2
diabetes and more than 1 year since that diagnosis. Exclusion
criteria were individuals who were blind, deaf, had a diagnosis
of serious mental illness (active psychosis, bipolar disorder,
schizophrenia, borderline personality disorder, active alcohol
addiction, or other), and who lacked a stable residence.

Procedure
Eligible patients were identified from electronic medical records
and were then notified of the time, address, and content of an
upcoming orientation session by phone call.
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Patients who were interested in participating attended an
orientation session, which included an educational presentation
on diabetes by a physician and a detailed description of the
study by the research team. In the latter portion of the session,
staff explained that patients would choose which treatment they
wanted to receive—either the app treatment or standard care—if
they chose to participate. The staff then presented the app to
explain its functions and why and how it could help the patients.
Patients were informed that all participants in both groups would
receive the same perks including free HbA1c tests, a portioned
dinner plate as a gift, an educational handbook about diabetes
self-management, and physician guidance for their health
management. They were also informed that, as an additional
incentive, those in either group who decreased their HbA1c level
during the 3-month period would receive a gift worth 50 RMB
(approximately US$ 7). At the end of the orientation session,
the prospective participants were entirely free to choose which
group to join, and if they chose to participate, they signed a
statement to indicate that they were providing informed consent.
Participants attended a second session on the morning following
the first session. In the second session, all participants underwent
baseline measurement, including HbA1c laboratory tests, and
BMI measurements, and completed a questionnaire. Then,
participants who chose the mHealth intervention were sent
instructions on how to use the app.
Over the course of 1 month (November 2018), we conducted
seven orientation sessions and recruited 98 patients. Participant
exclusions and categories are summarized in Figure 1. The study
duration was 6 months, but the analyses in this paper reflect
midpoint findings (3 months).
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Figure 1. CONSORT flow diagram.

mHealth Intervention
Participants who indicated intention to use the app were given
access to the health management app (DiaSocial) designed by
our research team; screen captured images from the app are
shown in Figure 2. The app was available in both iPhone and
Android versions. App components consisted of educational
resources, tracking features, and feedback. Participants had
continuous access to the app throughout the intervention period.
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Educational information included basic self-management
strategies as well as guidance for app use. Participants who used
the app were instructed to use it daily and record their progress
towards diabetes self-care goals such as exercise, a healthy diet,
managing glucose levels, and medication adherence. Physical
activity was objectively measured using the participant’s
smartphone pedometer or was manually entered by participants
into the app. Other records were manually entered.
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Figure 2. Screen capture images from the DiaSocial app.

The app provided feedback through graphical displays of logged
behavior. Two types of graphical feedback were provided. The
first comprised separate graphs of glucose levels, sleep,
medication adherence, diet, weight, and moderate to vigorous
intensity physical activity. An information breakdown was
provided in the form of daily, weekly, and monthly line charts.
The second mode of graphical feedback was a red arrow
displayed on the analysis graphs designed to alert participants
(1) when blood glucose level prior to meals (breakfast, lunch,
or dinner) was greater than 7 mmol/L, (2) when blood glucose
level after meals (breakfast, lunch, or dinner) was greater than
10 mmol/L), (3) when BMI was greater than 25 kg/m2.
The app was also gamified such that participants earned scores
within the app for use and for reaching target levels of glucose,
exercise, nutrition, and medication adherence. The app ranked
all the participants according to their daily total scores. At the
same time, app users were also assigned to different treatment
arms, such as team competition and individual competition, but
these experimental conditions did not work out as planned and
all analyses were collapsed across the various treatment arms.

HbA1c Laboratory Test
Glycated hemoglobin (HbA1c level) was chosen as our key
clinical outcome because higher HbA1c levels have been
associated with more complications and poorer health outcomes
[27]. HbA1c level provides a picture of average blood glucose
level over a period of months. Patients had blood drawn within
7 days of the study’s launch to assess baseline HbA1c level and
90 days later to determine postintervention HbA1c (post HbA1c)
levels. Given the 1-month recruitment span, there was variability
in the dates on which HbA1c levels were measured. HbA1c values
of participants were measured at Daqing Hospital as part of the
study, and researchers collected these lab values for analysis.

Questionnaire Design
The baseline questionnaire was prepared in two languages,
English and Chinese, using a semantic translation technique.
The content validity of this instrument was assessed by an
endocrinologist and also by type 2 diabetic patients to ensure
https://mhealth.jmir.org/2020/8/e17709
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that the questions were appropriate and relevant in the current
Chinese setting and culture. The questionnaire items included
demographic information (age, gender, education, BMI, and
time since diagnosis), measures of health behaviors and
attitudes, and a personality inventory.
Personality was assessed with the previously developed Chinese
version of the Ten-Item Personality Inventory [28], a widely
used, brief measure of the big five personality traits; it has two
items per dimension, with each item consisting of a pair of
adjectives. Half of the items represent the positive pole of the
given dimension and the other half represent the negative pole.
Participants rated each item on a 7-point Likert scale, ranging
from 1 (disagree strongly) to 7 (agree strongly). A total score
for each dimension was generated by transforming the scores
of the negative pole items (reverse-scored items), then
computing the averaged dimension score. Higher scores
indicated a higher level of that personality dimension.

Statistical Analysis
All analyses were performed with Stata MP (version 15.1;
StataCorp LLC) software. Given our research questions, we
had three outcome variables of interest: adoption preference
(nonadopters=0, adopters=1), app active utilization (dropouts=0,
active users=1), and health outcome (ΔHbA1c= post HbA1c level
– baseline HbA1c level).
We conducted binary logistic regression analyses to determine
the association of personality traits with mHealth adoption
preference and active utilization. To address our first research
question, all patients who agreed to participate in the study were
included. To address the second question, the subset of patients
who actually used the mHealth app were used in the analysis.
An analysis of variance was used for numerical variables and
chi-square tests were used for categorical variables to compare
the differences between the three types of participants after three
months: active users, dropouts, and nonadopters. We also
conducted multiple linear regression to explore the relationship
between the amount of app usage (number of days per week)
and ΔHbA1c for adopters. Analyses included several covariates
as well as the five personality traits of interest.
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Results
Participant Classification and Summary
Based on app usage (average days per week) for each participant
(see Multimedia Appendix 1), we defined participant categories
as shown in Table 1. Of the patients who agreed to participate
(N=98), 58% (57/98) initially indicated their willingness to
download and use the app; however, 11 patients never used the
app. Nonadopters, therefore, included patients who were not
willing to use the app and patients who never used the app even
if they initially indicated a willingness to do so. Adopters

included dropouts (those who initially used the app, but then
became inactive later on) and active users. As defined in Table
1, if an app user did not continue to use the app past the first
two months, we regarded that user as a dropout. Users who kept
using the app until the third month, were defined as active users.
Active users were further divided into 2 groups: low-frequency
users (whose weekly average app usage was less than 3.5 days)
and high-frequency users (whose weekly average app usage
was greater than 3.5 days). Detailed demographics for
participant subcategories are shown in Multimedia Appendix
2.

Table 1. Definitions of participant categories.
Categories and subcategories

n

Definition

Participants

98

All patients willing to participate in the project.

57

All patients who indicated willingness to use the app at the beginning of the project.

Intention to use

a

Nonadopters
No intention to use

41

Patients who were not willing to use the app at the beginning of the project.

With intention but never used

11

Patients who indicated willingness to use the app, but then did not use it at all.

Adopters

a

52

46

Dropouts

23

Patients who used the app, but did not continue use the app in the third month.

Active users

23

Patients who continued to use the app into the third month.

Low-frequency

14

Patients whose average weekly app usage was less than 3.5 days

High-frequency

9

Patients whose average weekly app usage was more than 3.5 days

Includes Nonadopters: With intention but never used, and Adopters.

App Adoption Preference Among Diabetic Patients
and Association With Personality Traits
Table 2 presented the results of the binary logistic regression
analyses associating app adoption with sociodemographic and
personality traits among diabetic patients. Relatively younger
patients with diabetes (mean 56.07, SD 9.06 years) had 9%
higher odds of trying the app (P=.02, odds ratio [OR] 0.91, 95%
CI 0.85-0.98) compared to the odds of older patients with
diabetes (mean 62.04, SD 8.04 years). Diabetic patients who
were less extraverted had 29% higher odds of trying the app
(P=.04, OR 0.71, 95% CI 0.51-0.98) compared to the odds of
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those who were more extraverted. At the same time, diabetic
patients who were more open to experience had 73% higher
odds of adopting use of the app (P=.03, OR 1.73, 95% CI
1.07-2.80) compared to the odds of those who were less
openness. Gender (P=.43, OR 0.66, 95% CI 0.23-1.88),
education (senior: P=.99, OR 1.00, 95% CI 0.32-3.11; higher:
P=.21, OR 2.51, 95% CI 0.59-10.66), and baseline HbA1c level
(P=.36, OR 0.79, 95% CI 0.47-1.31) were not associated with
app adoption. Ordered logistic regression for all participants,
which had 5 ordered levels ranging from no intention to use to
high-frequency users, also provided similar results and can be
found in Multimedia Appendix 3.
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Table 2. Logistic regression for personality traits associated with adoption preference.
Variables

Participants (N=98)

Logistic regression model

Nonadopters (n=52)

Adopters (n=46)

β

ORa

95% CI

P value

62.04 (8.04)

56.07 (9.06)

–0.09

0.91

0.85-0.98

.02

Female

23 (44)

14 (30)

–0.42

0.66

0.23-1.88

.43

Male

29 (56)

32 (70)

N/Ab

N/A

N/A

N/A

Primary/junior

23 (44)

10 (22)

N/A

N/A

N/A

N/A

Senior/vocational

24 (46)

19 (41)

0.001

1.00

0.32-3.11

.99

Higher/university

5 (10)

17 (37)

0.92

2.51

0.59-10.66

.21

BMI (kg/m2), mean (SD)

25.95 (3.15)

25.64 (3.27)

–0.13

0.87

0.74-1.04

.13

Time since diagnosis (years), mean (SD)

9.52 (8.72)

9.02 (7.02)

0.04

1.04

0.97-1.11

.30

Baseline HbA1c (%), mean (SD)

7.17 (1.05)

7.14 (0.96)

–0.24

0.79

0.47-1.31

.36

Extraversion

4.97 (1.52)

4.01 (1.81)

–0.34

0.71

0.51-0.98

.04

Agreeableness

5.14 (1.12)

5.23 (1.15)

–0.10

0.91

0.55-1.50

.70

Conscientiousness

4.42 (1.19)

4.86 (1.32)

0.11

1.11

0.74-1.67

.61

Emotional stability

4.29 (1.41)

4.51 (1.52)

0.18

1.20

0.82-1.77

.35

Openness

3.99 (1.06)

4.72 (1.30)

0.55

1.73

1.07-2.80

.03

Age (years), mean (SD)
Gender, n (%)

Education, n (%)

Personality traits, mean (SD)

a

Constant

8.51

.08

Chi-square (df)

34.1 (12)

<.001

OR: odds ratio.

b

N/A: not applicable.

Relationship Between Personality Traits and App
Usage Among Diabetic Patients
Table 3 presented the relationship between personality traits
and app usage. The results showed that a lower education
level—specifically, participants who completed primary school
compared to those who had a vocational (senior) or university
(higher) education—was associated with greater odds of active
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app utilization (senior versus primary P=.003 and higher versus
primary P=.03). Higher openness (P=.048, OR 2.01, 95% CI
1.01-4.00) was also significantly associated with greater active
utilization. We found similar results by using the amount of app
usage (number of days per week) as an outcome variable to
conduct ordinary least squares linear regression in Multimedia
Appendix 4, and by ordered logistic regression in Multimedia
Appendix 5.
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Table 3. Logistic regression for personality traits associated with active utilization.
Variables

Adopters (n=46)

Logistic regression model

Dropouts (n=23)

Active users (n=23)

β

ORa

95% CI

P value

54.96 (8.76)

57.17 (9.80)

0.04

1.04

0.93-1.17

.45

Female

7 (30)

7 (30)

0.34

1.40

0.17-11.41

.75

Male

16 (70)

16 (70)

N/Ab

N/A

N/A

N/A

Primary/junior

1 (4)

9 (39)

N/A

N/A

N/A

N/A

Senior/vocational

14 (61)

5 (22)

–4.43

0.01

0.001-0.22

.003

Higher/university

8 (35)

9 (39)

–3.14

0.04

0.003-0.60

.03

BMI (kg/m2), mean (SD)

25.96 (3.08)

25.31 (3.49)

–0.12

0.88

0.66-1.19

.41

Time since diagnosis (years), mean (SD)

8.65 (7.07)

9.39 (7.11)

0.04

1.04

0.91-1.18

.57

Baseline HbA1c (%), mean (SD)

7.03 (0.97)

7.25 (0.96)

0.27

1.31

0.50-3.40

.58

Extraversion

4.33 (1.90)

3.70 (1.70)

–0.37

0.69

0.38-1.27

.23

Agreeableness

5.20 (1.04)

5.26 (1.28)

0.56

1.75

0.68-4.52

.25

Conscientiousness

4.78 (1.41)

4.94 (1.26)

0.06

1.05

0.46-2.40

.92

Emotional stability

4.74 (1.44)

4.28 (1.59)

–0.17

0.85

0.44-1.63

.62

Openness

4.46 (1.16)

4.98 (1.41)

0.70

2.01

1.01-4.00

.048

Age (years), mean (SD)
Gender, n (%)

Education, n (%)

Personality traits, mean (SD)

a

Constant

–2.71

.77

Chi-square (df)

23.5 (12)

.02

OR: odds ratio.

b

N/A: not applicable.

mHealth App Usage and Patient Health Outcomes
Because some patients did not have their final HbA1c level
measured, Table 4 reports descriptive statistics and differences
among categories for retained participants after 3 months. Active
users showed a greater decrease in HbA1c level (ΔHbA1c=–0.64,
P=.05) than those shown by users in the other groups. We also
observed an unexpected decrease in HbA1c level for nonadopters
and increase in HbA1c level for dropouts. We observe similar
connections between extraversion and openness and health
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outcomes as we did for overall app adoption—less extraverted
participants and those who were more open to experience were
more likely to experience a decrease in HbA1c level.
Next, we used linear regression to test the relationship between
the amount of app usage (number of days per week) and ΔHbA1c
among adopters (Table 5). We found that if app users increased
their usage by ten days, their HbA1c level decreased 0.20 points
(β=–0.02, P=.02) under controlled covariables. More detailed
comparisons among all categories are shown in Multimedia
Appendix 6.
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Table 4. Descriptive statistics after 3 months and the differences among categories (N=66).
Variables

Nonadopters (n=34)

Dropouts (n=13)

Active users (n=19)

F2,63a or chisquare (df)

Age (years), mean (SD)

63.4 (7.96)

53.23 (9.33)

58.11 (9.98)

Gender, n (%)
Female

14 (41)

4 (31)

6 (32)

Male

20 (59)

9 (69)

13 (68)

Education, n (%)

P value

b

6.8a

.002

0.7 (2)b

.70

17.1 (4)b

.002

Primary/junior

15 (44)

1 (8)

6 (32)

Senior/vocational

17 (50)

6 (46)

4 (21)

Higher/university

2 (6)

6 (46)

9 (47)

BMI (kg/m2), mean (SD)

26.21 (3.30)

26.72 (3.47)

25.06 (3.68)

1.1a

.36

Time since diagnosis (years), mean (SD)

9.32 (8.19)

8.08 (7.71)

8.90 (6.95)

0.1a

.89

Extraversion

4.47 (1.41)

4.81 (1.38)

3.66 (1.67)

3.8a

.03

Agreeableness

5.03 (1.67)

5.00 (0.89)

5.39 (1.21)

0.8a

.48

Conscientiousness

4.53 (1.22)

4.54 (1.41)

4.89 (1.22)

0.6a

.57

Emotional stability

4.26 (1.49)

4.62 (1.49)

4.36 (1.67)

0.2a

.78

Openness

4.04 (1.13)

4.69 (0.88)

5.03 (1.43)

4.5a

.01

Baseline HbA1c (%), mean (SD)

7.22 (1.07)

6.93 (0.89)

7.14 (0.89)

0.5a

.64

Post HbA1c (%), mean (SD)

6.97 (1.22)

7.01 (0.81)

6.49 (0.95)

1.7a

.18

ΔHbA1c (%), mean (SD)

–0.25 (0.82)

0.08 (0.78)

–0.64 (0.86)

3.1a

.050

Personality traits, mean (SD)

a

F test was used for numerical variables.

b

Chi-square was used for categorical variables.
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Table 5. Model estimates predicting ΔHbA1c for adopters (n=32).
Variables

β

SE

t test

P value

Age

0.03

0.02

1.69

.11

Female vs male

–0.68

0.47

–1.44

.17

Senior vs Primary

0.52

0.49

1.07

.30

Higher vs Primary

0.57

0.46

1.24

.23

BMI

0.03

0.05

0.65

.52

Time since diagnosis

–0.01

0.02

–0.31

.76

Baseline HbA1c

–0.32

0.17

–1.87

.08

Extraversion

–0.02

0.12

–0.17

.87

Agreeableness

0.09

0.20

0.44

.66

Conscientiousness

–0.23

0.16

–1.46

.16

Emotional stability

–0.10

0.12

–0.86

.40

Openness

0.23

0.14

1.62

.12

Days of app usage

–0.02

0.01

–2.58

.02

Constant

–0.24

3.20

–0.07

.94

Active utilization

0.65

F 13,18

2.5

Education

Personality traits

Discussion
Principal Results
This study suggested a relationship between individual
characteristics and mHealth app use (adoption and active
utilization) in patients with diabetes. We found that patients
with diabetes who were relatively younger, less extraverted,
and more open to experience were more likely to adopt use of
the mHealth self-management app. In addition, education level
and openness to experience were associated with active
utilization of the app. Finally, active users were also associated
with better clinical outcomes than those of dropouts.

Comparison With Prior Work
Our finding that relatively younger patients were more likely
than older patients to try to adopt the app was in agreement with
previous studies [29,30] which found that older adults were less
likely to adopt new technology. Older people reported that they
do not go online for various reasons including cost, lack of
skills, lack of interest, and concerns about information security;
however, once older adults did get online, they were just as
enthusiastic as younger users [31]. This was also consistent with
our own findings, as age was negatively associated with initial
adoption, but not with actual use once adopted. In contrast to
the outcomes suggested by prior research [32,33], we
unexpectedly found that gender, education, and baseline HbA1c
were not associated with app adoption.
We also found that mHealth app users with lower education
levels may have been less likely to drop out. Low education
levels have been associated with inadequate health literacy
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[34,35], which, in turn, has been associated with lower
diabetes-related knowledge and lower engagement in mobileand web-delivered self-care interventions [36]. This finding
may therefore seem surprising; however, Paasche-Orlow et al
[37] argued that patients with low health literacy may have
difficulty acquiring self-management skills, but once these skills
are acquired, they may follow directions more readily than those
with higher literacy [37]. In line with this reasoning, our
mHealth app provided diabetes self-management educational
resources, which may have enabled patients with low education
to learn more about diabetes management skills and may have
encouraged app usage more than it did for those who already
possessed diabetes self-management knowledge [38].
Our results also suggested that extraverted patients with diabetes
were less likely to adopt the app, despite the fact that it
incorporated and emphasized social features. This may possibly
be explained by the fact that the study focused on motivating
long-term and continuous self-management, which may not
fulfill the social desires of extraverts. Compared to extraverts
who prefer to meet friends or participate in social activities to
get health support, introverted people may be more likely to
use the mHealth app instead of a social network app for this
purpose [19]. In fact, a previous study [39] found a similar
pattern in which higher extraversion in students was associated
with a preference for face-to-face mental health services over
eHealth services.
The positive association between openness to experience and
patient engagement in mHealth was consistent with the results
of previous research [21] on technology adoption. High openness
to experience is reflected in curiosity and novelty-seeking—open
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individuals are willing to try new and different things, are
willing to actively seek out new and varied experiences, and
value change [15]. At the same time, some research has also
found that openness plays an important role in promoting healthy
behavior and lowering mortality for patients with chronic disease
[40,41]. While mechanisms underlying these findings are not
well understood, they are consistent with the notion that
openness should be associated with the adoption of novel
self-management tools [21] and associated with better health
behavior adherence [22]. This means that people more open to
experiences may be more likely to adopt and actively use an
mHealth app for diabetes management.
The analysis of our findings showed that conscientiousness,
agreeableness, and emotional stability did not have a significant
relationship with acceptance of the mHealth app. Of particular
note, conscientiousness, which reflects self-discipline, did not
have a significant role in active app use, which was inconsistent
with results of a previous study focusing on a weight loss app
[23]. This unexpected finding underscored the need for future
research, but differences could be attributed to different
population characteristics. Perhaps, our study’s sample of older
participants had less prior experience with mHealth apps;
therefore, open-mindedness was an especially important
predictor of app adoption and active use. There have also been
studies [42] suggesting that conscientious patients were more
likely to fulfill tasks in accordance with existing strategies,
whereas using new technologies could be viewed as more
time-consuming and complex than the traditional methods they
already use.
Lastly, our pilot study offered support that mHealth improved
clinical outcomes of patients with diabetes. This reduction was
on the magnitude of a 0.6-point reduction in HbA1c level, which
was sizable considering the relatively short intervention period;
however, we also noticed that the HbA1c level of participants
who dropped out increased while the HbA1c level of nonadopters
who never used the app decreased, even though there was no
significant difference between the two groups. This may be
related to other differences between dropouts and nonadopters;
patients with good daily self-management behavior may be less
interested in adopting the mHealth app. Meanwhile, patients
who had poor self-management behavior may have started using
the app to improve their health, yet may not have continuously
used the app or followed its guidance, and their HbA1c level
may have increased or remained constant. Because this study
was not randomized, readers are cautioned against interpreting
the results as causal.

Implications
To the best of our knowledge, this is the first empirical paper
to investigate how different personality traits influence the
adoption and the active utilization of an mHealth app

Su et al
intervention for patients with diabetes. Our research extends
the literature on the adoption of mHealth apps and active
utilization to improve diabetes management by exploring the
role of personality traits. This work has implications for app
designers and practitioners who can leverage this knowledge
to target individuals who are most likely to succeed. For
instance, patients who are less extraverted and more open to
experience may find an app-based intervention the most
appealing and effective. With the development of machine
learning models, then, an app designer may be able to predict
mHealth app user personality traits using easily accessible data
and in real time [43,44]. Consequently, designers and
practitioners can create or administer personalized mHealth
services in a way that enhances patient engagement with helpful
apps and which ultimately improves their lifestyle and health.

Limitations
Caution must be shown in generalizing the findings of this work
because it has several limitations, but these limitations also
provide opportunities for future research. First, the study used
a nonrandomized experimental design in which only those who
indicated their willingness to use the mHealth app were placed
in the intervention group. While this allowed us to answer
research questions about mHealth adoption preference, it made
assessment of app efficacy more challenging. In future, a hybrid
preference–randomized controlled trial [45] would enable
examination of both questions. Second, although all participants,
no matter which intervention they chose, were told that those
who decrease their HbA1c level during the 3-month period would
receive a gift as an incentive, we cannot exclude the possibility
that this incentive may have influenced the efficacy of the
mHealth app intervention. Building on the encouraging findings
from this pilot, future studies may use more rigorous research
designs to address this potential impact. Third, as a pilot study,
the sample was relatively small in size and came from one
hospital in one city. Increasing and diversifying the sample size
would provide more confidence that these results are
generalizable.

Conclusions
Although there has been some research about how personality
traits impact the use of new technology, there is relatively little
that focuses on understanding the impact of individual
characteristics, including personality traits, on mHealth app
adoption and active utilization among diabetic patients. Our
pilot study has made a strong start in addressing this gap by
extending the mHealth literature. The study revealed that
diabetic patients who are relatively young, introverted, and open
to experience were interested in and willing to use the app.
Moreover, active use of the app was associated with greater
improvements in blood glucose level control. These research
findings may have practical effects on the future development
of mobile health apps for patients with diabetes.
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Abstract
Background: Virtual hospital apps are mobile apps that offer functionalities of online consultation, medical guidance, health
community forums, referrals, outpatient appointments or virtual hospital-to-home care services. With an increasing number of
online medical and health care consulting services, virtual hospital apps have made health care more accessible and fairer for all,
especially in China. However, they have occurred without control or regulation. User evaluation can provide directions to help
apps optimize identification, lower risks, and guarantee service quality.
Objective: We aimed to conduct a systematic search for virtual hospital apps in China. To get a global view, virtual hospital
apps were assessed and characterized by means of quantitative analysis. To get a local view, we conducted a content feedback
analysis to explore user requirements, expectations, and preferences.
Methods: A search was conducted of the most popular Apple and Android app stores in China. We characterized and verified
virtual hospital apps and grouped apps according to quantification analysis. We then crawled apps and paid attention to
corresponding reviews to incorporate users’ involvement, and then performed aspect-based content labeling and analysis using
an inductive approach.
Results: A total of 239 apps were identified in the virtual hospital app markets in China, and 2686 informative corresponding
reviews were analyzed. The evidence showed that usefulness and ease of use were vital facts for engagement. Users were likely
to trust a consulting service with a high number of downloads. Furthermore, users expected frequently used apps with more
optimization to improve virtual service. We characterized apps according to 4 key features: (1) app functionalities, including
online doctor consultation, in-app purchases, tailored education, and community forums; (2) security and privacy, including user
data management and user privacy; (3) health management, including health tracking, reminders, and notifications; and (4)
technical aspects, including user interface and equipment connection.
Conclusions: Virtual hospitals relying on the mobile internet are growing rapidly. A large number of virtual hospital apps are
available and accessible to a growing number of people. Evidence from this systematic search can help various types of virtual
hospital models enhance virtual health care experiences, go beyond offline hospitals, and continuously meet the needs of individual
end users.
(JMIR Mhealth Uhealth 2020;8(8):e19487) doi:10.2196/19487
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mobile apps; mHealth; remote consultation; China; app review analysis; user intent
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Introduction
Public health focuses on improving and protecting health and
well-being among large groups of people. However, the borders
of time and space limit equality in countries’ medical systems,
especially in rural areas and for vulnerable groups [1,2]. With
the rapid development of the internet, virtual hospitals can
provide registration, remote medical advice, and online doctor
consultations. Researchers suggest that 25% to 70% of health
care solution seeking does not need a face-to-face appointment
with a doctor [3]. Importantly, the Chinese government is
vigorously promoting this new type of health service to support
health care reform [4,5]. Virtual hospitals play an effective role
in reinforcing traditional health care and allow for a flexible
relationship between physicians and patients [6] in many
countries around the world [7-9].
Currently, China is the largest and fastest-growing market for
the mobile internet. The number of mobile internet users in
China is 1.31 billion and the mobile data traffic reaches 110.1
billion GB [10]. Residents in China have grown accustomed to
using mobile health services for health-related information and
health solution retrieval [11,12]. Existing virtual hospital apps
in China mainly focus on the functionalities of online
consultation, medical guidance, health community forum
development, referral, or outpatient appointments. Recently,
some apps have started providing appointments for virtual
hospital-to-home care services [13]. Due to fair access
opportunity to high-quality doctors on virtual hospital apps, the
majority of people are willing to pay more for the service [14].
Some researchers have studied online consultation from doctors’
perspectives [9].
However, few researchers focus on user evaluation of Chinese
virtual hospital apps. There is little research on how user
engagement happens and why users abandon a virtual hospital
app. To the best of our knowledge, user reviews and basic app
data are accessible and valuable [15,16], but have not been fully
explored, especially for virtual hospital apps. Hence, we
conducted a systematic search using statistical analysis and
aspect-based content analysis to review apps of this theme,
determine user engagement, and discuss user needs,
expectations, concerns, and preferences for virtual hospital apps.
We hope the in-depth analysis can provide guidance on the
further optimization of apps and their services.

Methods
Selection of App Markets

Wang et al
Assistant was the most popular Android app market in China
[17]. Hence, we selected 360 Mobile Assistant as the typical
Chinese Android app market and the App Store as the typical
iOS app market to retrieve virtual hospital apps.

Identification of Virtual Hospital Apps
On November 18, 2019, we crawled mobile apps in 360 Mobile
Assistant (Android) and App Store (iOS). We used the following
7 Chinese keywords to conduct a preliminary search in app
markets: see a doctor, medication guide, consultation, hospital
registration, doctor, medication, medical treatment. We selected
the apps that appeared in both Android markets and iOS markets
for in-depth analysis. We found that many apps were short-lived,
similar to mental health apps [18,19]. More than half of the
studied apps were revised roughly every four months [18]. Due
to these observations, we excluded the new apps that were first
released after July 2019. For these apps, the information was
insufficient and unstable for objective analysis. Three
investigators screened the names and descriptions of these apps
and then tested functionalities of the apps to distinguish between
virtual hospital–related apps and unrelated apps. We excluded
the apps that more than one investigator labeled as not relevant
to the theme. In this way, we identified the included virtual
hospital apps. We downloaded and crawled the qualified apps
with the researchers’ related information.

Apps for Analysis
All of the apps were sorted by number of downloads. For each
included app, extracted data consisted of (1) flat user score,
reflecting perceived satisfaction of a user; (2) the number of
downloads, showing the measure of usage frequency and
intention; (3) the number of positive, negative, and neutral
ratings; (4) content of reviews; and (5) the last updated date of
an app. Critically, due to the fact that Apple’s App Store requires
a minimum number of reviews before releasing average ratings
(ie, small numbers are suppressed), we think that the score on
the App Store is more referential. Thus, we used average ratings
in App Store. While App Store does not provide the number of
downloads, we used the number of downloads from 360 Mobile
Assistant for analysis. We divided apps into three categories
according to the number of downloads: (1) frequently used apps,
(2) occasionally used apps, and (3) seldom-used apps. First,
apps with fewer than the average number of downloads of all
determined apps were defined as seldom-used apps. Second,
apps with fewer than the average number of downloads of the
remaining apps were defined as occasionally used apps. Other
apps were defined as frequently used apps. Procedures are
shown in Figure 1.

According to the 2018-2019 China Mobile App Store Market
Annual Monitoring Report from iiMedia Research, 360 Mobile
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Figure 1. Flowchart of app classification selection processes.

Aspect-Based Content Labeling of Valuable User
Reviews
According to the proposal put forward by Mendiola et al [19]
and review data, we sum up the following four aspects that
concern users: (1) app functionalities, including online doctor
consultation, in-app purchases, tailored education, and
community forums; (2) security and privacy, including user
data management and user privacy; (3) health management,
including health tracking, reminders, and notifications; and (4)
technical aspects, including user interface and equipment
connection.
For qualified apps, we selected and reviewed user-generated
reviews after the last update of the 7 most popular apps. We
found 4630 reviews. Before aspect-based content analysis, we
filtered poor-quality or fake reviews from our data set based on
the following rules: (1) review expresses only positive or
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RenderX

negative emotions and without mentioning any specific aspects,
such as “good!” or ”very bad!“ (n=1902); and (2) review is an
apparent case of human manipulation, such as advertising
reviews that have nothing to do with the corresponding app
(n=42).
After screening, we got a clean review data set (n=2686), where
each review was authentic and specific. On the clean review
data set, we asked 3 investigators to use a binary system to
assign ”1“ to a particular aspect in a review in which the user
was satisfied or ”0“ to indicate that the user was dissatisfied
with a particular aspect. Investigators independently conducted
quality assessments and the final results were decided by
majority vote. Examples are shown in Textbox 1 and Figure 2.
Note that most of the reviews only included one or two aspects
(2570 reviews with one aspect each, 116 reviews with two
aspects each).
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Textbox 1. Examples of reviews.
No. 1. “This app always takes mandatory access to my address book data and leaks out my personal privacy!”
No. 2. “The sound of the reminder to take my medicine is too low and unattractive and there is so much noise at home that I often can't hear it!”
No. 3. “The interface design is too complicated! I hope they make the design a little simpler. In addition, the connection between bracket and app is
always unstable, easy to disconnect.”
No. 4. “Every time the doctor can provide me with reasonable advice according to my physical condition and deliver medicine directly to the door.
There are formal invoices and after-sales protection!”
No. 5. “I can neither upload my data to my Wechat, nor share it with my friends. I hope this feature is added!”

Figure 2. Aspect-based content labeling for the review examples in Textbox 1.

Results
App Characteristics
Table 1 summarizes the characteristics of included virtual
hospital apps, including the statistical information of downloads
and rating scores. According to the search strategy and data
filtering, we took a total of 239 apps for analysis. The average
rating score was 3.8 out of 5 and the average number of
downloads was 36,464. We included a total of 92,366 rating
scores, including 90,106 positive scores, 1512 negative scores,
and 748 neutral scores. Note that people can give rating scores
without reviews for apps. Thus, there was not a one-to-one
http://mhealth.jmir.org/2020/8/e19487/
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correspondence between content of reviews and the numbers
of ratings. In addition, apps had an average of 386 scores,
including 377 positive scores, 3 neutral scores, and 6 negative
scores per app.
The results in Table 1 show that there was no linear relationship
between the number of rating scores and the number of
downloads. Frequently used apps only accounted for 2.9%
(7/239) of the number of virtual hospital apps but accounted
for 63.06% (5,496,000/8,715,000) of all downloads. There was
not a big difference in average rating scores between the
frequently used apps and the occasionally used apps, but the
seldom-used apps scored notably lower than the other two. For
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frequently used apps, negative rating scores accounted for the
highest proportion of the total comparison theory, followed by
seldom-used apps, and lastly occasionally used apps. People

set higher requirements for popular virtual hospital apps (ie,
frequently used apps).

Table 1. Characteristics of included virtual hospital apps.
Characteristic

Frequently used apps

Occasionally used apps

Seldom-used apps

All

Apps, n (%)

7 (2.93)

25 (10.46)

207 (86.61)

239 (100)

Downloads, n (%)

5,496,000 (63.06)

2,208,000 (25.34)

1,011,000 (11.60)

8,715,000 (100)

Positive ratings, n (%)

59,687 (97.17)

15,063 (98.49)

15,356 (98.15)

90,106 (97.55)

Neutral ratings, n (%)

577 (0.94)

83 (0.54)

88 (0.56)

748 (0.81)

Negative ratings, n (%)

1162 (1.89)

148 (0.97)

202 (1.29)

1512 (1.64)

Ratings, n (%)

61,426 (100)

15,294 (100)

15,646 (100)

92,366 (100)

Rating score, mean

4.8

4.6

3.7

3.8

Downloads, mean

785,142

88,320

4884

36,464

Positive ratings, mean

8526

602

74

377

Neutral ratings, mean

83

3

1

3

Negative ratings, mean

166

6

1

6

Number of ratings, mean

8775

611

75

386

Case Study of Selected Apps
We ranked apps according to their average rating scores and
the number of downloads in the frequently used apps,
occasionally used apps, and seldom-used apps categories. We
took the top 3 and the last 3 apps in each category for in-depth
analysis.
The results are shown in Table 2. For frequently used apps, the
difference between average rating scores was not large, but the
number of downloads and the number of positive, neutral, and
negative ratings varied greatly. Although Dr Chunyu had the
most downloads (17.98 million), it also had the most neutral
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rating scores and received a low average ranking score in this
category. The majority of apps with more downloads had more
positive reviews, neutral reviews, and negative reviews. There
are also good virtual hospital apps in the occasionally used and
seldom-used app categories, for example Good Doctor for
People and Dr Ruyi, with average rating scores of 4.9. For
seldom-used apps, apps with higher average rating scores had
more downloads than apps with lower scores, except Dr Thumb.
We observed that some apps in the seldom-used apps category
specialized in types of virtual hospitals, such as Dr Doodle for
pregnant women and newborns and Dr Warmth for video
consultation.
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Table 2. Characteristics of the typical apps in the frequently used app, occasionally used app, and seldom-used app categories (ordered by average
rating scores).
App (app’s name in Chinese Pinyin)

Score

Downloads (in millions)

Positive reviews,

Neutral reviews,

Negative reviews,

n (%)

n (%)

n (%)

5.54

9254

3

4

(99.92)

(0.03)

(0.04)

1088

5

4

(99.18)

(0.46)

(0.36)

29,445

258

715

(96.80)

(0.85)

(2.35)

895

5

33

(95.93)

(0.54)

(3.54)

11,197

243

265

(95.66)

(2.08)

(2.26)

1944

10

28

(98.08)

(0.50)

(1.41)

816

0

4

(99.51)

(0.00)

(0.49)

401

0

4

(99.01)

(0.00)

(0.99)

1137

0

1

(99.91)

(0.00)

(0.09)

158

6

18

(86.81)

(3.30)

(9.89)

298

17

29

(86.63)

(4.94)

(8.43)

21

3

24

(43.75)

(6.25)

(50)

738

0

2

(99.73)

(0.00)

(0.27)

3163

2

4

(99.81)

(0.06)

(0.13)

382

1

1

(99.48)

(0.26)

(0.26)

0

0

3

(0.00)

(0.00)

(100.00)

0

2

0

(0.00)

(100.00)

(0.00)

7

5

3

(46.67)

(33.33)

(20.00)

Frequently used apps
Considerate Doctor

4.9

(Tie Xin Yi Sheng)
Online Family Doctor

4.9

3.39

(Jia Ting Yi Sheng Zai Xian)
Ping An Good Doctor

4.8

15.13

(Ping An Hao Yi Sheng)
Enjoy Health

4.7

3.16

(Yi Jia Jian Kang)
Dr Chunyu

4.7

17.98

(Chun Yu Yi Sheng)
Online Good Doctor

4.6

4.96

(Hao Dai Fu Zai Xian)
Occasionally used apps
Good Doctor for People

4.9

2.16

(Ren Min Hao Yi Sheng)
9K Doctor

4.9

1.01

(9k Yi Sheng)
Dr Lighthouse

4.9

0.63

(Deng Ta Yi Sheng)
39 Ask for Doctor

4.4

0.36

(39 Wen Yi Sheng)
Female Private Doctor

4.2

1.28

(Nv Xing Si Ren Yi Sheng)
Dr Almond

3.8

0.40

(Xing Ren Yi Sheng)
Seldom-used apps
Dr Ruyi

4.9

0.23

(Ru Yi Yi Sheng)
Dr Doodle

4.9

0.20

(Du Du Yi Sheng)
Dr Half

4.9

0.18

(Ban Ge Yi Sheng)
5U Family Doctor

2.5

0.002

(5U Jia Ting Yi Sheng)
Dr Warmth

3.0

0.002

(Wen Nuan Yi Sheng)
Dr Thumb

2.6

0.09

(Mu Zhi Yi Sheng)

Aspect-Based Content Analysis of User Reviews
We analyzed authentic and specific reviews, defined in the
section “Aspect-Based Content Labeling of Valuable User
Reviews.” The 4 themes were (1) app functionalities, (2) security
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and privacy, (3) health management, and (4) technical aspects.
The themes and associated aspects are summarized in Table 3.
From Table 3, we observe statistical information regarding user
concerns about virtual hospital apps. First, we compared the
total number of reviews for each aspect. The majority of
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reviews expressed opinions about online doctor consultation,
health tracking, and user data management for virtual hospital
apps in China, while fewer reviews discussed community
forums, user privacy, and tailored education. Second, we
determined the ratio of positive and negative evaluations.
Many reviews praised online health services (948/600, 91.3%
for online doctor consultation; 148/152, 97.4% for reminders
and notifications). About 80% (32/40) of reviews showed

positive opinions about community forums within virtual
hospital apps, indicating that users like understanding, sharing,
and discussing health-related issues in apps. However, it is
imperative to improve security and privacy in virtual hospital
apps, especially for user data management, which 86.0%
(394/458) of reviews complained about. Details of typical user
opinions about each aspect are described below.

Table 3. Themes and aspects of virtual hospital apps.
Total, n (%)a

Positive, n (%)

Negative, n (%)

Online doctor consultation

600 (22.34)

548 (91.33)

52 (8.67)

In-app purchases

358 (13.33)

188 (52.51)

170 (47.49)

Tailored education

80 (2.98)

44 (55.00)

36 (45.00)

Community forums

40 (1.48)

32 (80.00)

8 (20.00)

User data management

458 (17.05)

64 (13.97)

394 (86.03)

User privacy

66 (2.46)

2 (3.03)

64 (96.97)

Health tracking

554 (20.63)

290 (52.35)

264 (47.65)

Reminders and notifications

152 (5.66)

148 (97.37)

4 (2.63)

User interface

286 (10.65)

190 (66.43)

96 (33.57)

Equipment connection

208 (7.74)

10 (4.81)

198 (95.19)

Aspect
App functionalities

Security and privacy

Health management

Technical aspects

a

Percentage is out of 2686 ratings.

Topic 1: App Functionalities
Online Doctor Consultation
Online doctor consultation, which has been adopted by all virtual
hospital apps, is a functionality that provides convenient
outpatient service online. This is the best feature for user
engagement, with the highest number of positive reviews
(n=548). For consulting, users preferred video chatting and
shared more details with pictures of their condition. For
example, a user said, “I am a patient with dermatosis. It is so
painful that I can't describe how I feel, so I want to upload some
videos or photos about my illness for help or advice.” For
consulting quality, most users were satisfied due to the
truthfulness of doctors’ information. Users particularly wanted
to reach high-quality and certified doctors during web-based
consultation services. A user said, “I hope apps can collect a
large amount of information about doctors to provide valuable
references for patients, including doctor’s reputation and
experience.” With this information, regardless of time or
location, patients can find and reach high-quality doctors from
all over the country.

In-App Purchases
A total of 52.5% (188/358) of users mentioned that they felt it
was convenient to buy drugs or other health care–related goods
in apps. Users said that they were concerned about whether
the drug provided was safe enough. Users further talked about
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their opinion that (1) apps should take actions to avoid
counterfeit medications and (2) after-sales protection could
make them feel at ease when buying drugs in virtual hospital
apps. Related to online doctor consultation, users also wished
that doctors who recommended medications were professional
enough to judge disease symptoms and know side effects of
drugs. Moreover, users wanted apps to show clear and accurate
information about the terms and conditions of in-app purchases.

Tailored Education
Users desired apps to have the ability to tailor schemes for
different populations by analyzing personal data. For patients
with chronic diseases, users prefer personalized knowledge and
consulting recommendations in apps based on their previous
records of vital signs, laboratory test results, or medical records.
For example, a patient with diabetes said, “This app scored for
various histopathological indicators by my uploaded data, then
returned my physical health condition to me and provided
nutrition knowledge and counseling. I like it!”

Community Forums
Social features in virtual hospital apps were a significant
influence on ratings. We found a total of 40 reviews about
community forums, 80% (32/40) of which provided positive
opinions. Users wished for apps to provide a forum to elaborate
on particular health care topics, share arduous experiences,
discuss their views, and even share treatments for diseases.
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Patients with chronic conditions wanted to have doctors join
discussions to share knowledge and experience, ask for advice
on diagnosis and treatment for specific patient cases, and discuss
issues about their disease and related topics. Pregnant women
preferred an in-app feature to chat with other pregnant women,
just like chatting with each other when lining the
hospital corridors.

Topic 2: Security and Privacy
User Data Management
On the premise of ensuring data security, users wanted to get
more health data administrative privileges. Reviews that
discussed data management made up the highest number of
negative reviews (n=394). Users wanted to synchronize personal
health data between multiple apps or to migrate data to another
app. Apps should provide intuitive and easy features to query,
display, and download data. Meanwhile, apps with
local data management should remind users to save data
correctly. For example, a pregnant user said, “After re-installing
the app, I lost all my data for five months of pregnancy, which
made it impossible for me to continue my physical
management.” In this case, data retention was unsatisfied.

User Privacy
For online inquiries about diseases, users required that their
data be protected and anonymized. Users complained about
privacy settings within the highest ratio of negative reviews
(64/66, 97%,). They needed authentication, authorization, and
a privacy mechanism to protect their data. For general diseases,
some users were embarrassed to consult with their own identity.
They requested the ability to have a doctor consultation in an
anonymous way and have an option to destroy their data
immediately after consultation. Users expected to be notified
via messages or emails if their accounts were logged in
abnormally, such as logging in with new devices. Those who
were willing to consider sharing data also emphasized data
control. They talked about the risk of sharing their health data.
Some of them preferred local databases that were disconnected
from the internet or distributed databases over several servers.

Topic 3: Health Management
Health Tracking
Health tracking is the right way for users to be aware of changes
in health status. In this way, it is essential to understand how
apps collect user data and provide processed visualized data to
users. Only 52.4% (290/554) of reviews were positive about
health tracking in virtual hospital apps. These reviews mentioned
that an automatic and effective way of health tracking in apps
could help make doctor consultation better. For some patients
with chronic conditions, app features that monitored daily blood
pressure and heartbeat data were helpful. Patients with insomnia
hoped that the app could access sleep data about sleep latency,
sleep duration, sleep efficiency, and sleep quality assessment
to provide to doctors during consultation.

Reminders and Notifications
Personalized reminders can reinforce behavioral changes. A
total of 97.4% (148/152) reviews supported timely and accurate
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reminders and notifications. For negative reviews, users
expressed challenges with limited alert customization, especially
in terms of the alarm loudness. A user commented, “No matter
what tone, the tone is too soft and doesn‘t ring long enough to
wake me up.” Users mentioned that customization with a
ringtone was “an essential feature since it is how you will be
notified.” Sometimes, users hoped that notifications could not
be closed forcibly. In addition, users said that apps should
remind them of potential risks for improper usage or possible
adverse effects along with the reminders and notifications.

Topic 4: Technical Aspects
User Interface
For user interface design, users thought simplicity was the most
important design feature and argued for adaptation for
vulnerable groups and multiple modes. An excellent user
interface can have a powerful impact on the usability and user
experience of an app. About 66.4% (190/286) of reviews
expressed satisfaction with the user interface of virtual hospital
apps in China.
Users appreciated clear, intuitive, and helpful design apps that
were easy to use (ie, navigation was inherent). Reviewers
complimented apps that had a “clean and simple format” and a
“beautiful layout.” On the contrary, reviews commented on
“clunky” user interfaces. For example, apps should try to avoid
lots of extra buttons and submenus. Elderly people in particular
frequently listed inconvenience of use, which influenced their
engagement. Moreover, the interface design should follow the
same pattern. That is, all graphic elements (ie, typographies,
icons, and buttons) should have a consistent appearance. The
features of each component (ie, navigation menu, lists, and
photo gallery) should be identified.
Besides these features, virtual hospital apps could pay more
attention to health, for example, by providing a night mode for
eyesight protection. We also found that monolingual apps
sometimes made consultation difficult. These apps were difficult
for foreigners to register for and use. Some users said that
multilingual settings could benefit foreign user groups; even
basic machine translation could help. These reviews demonstrate
that medical service via virtual hospital apps in China could
think about globalization to serve more people.

Equipment Connection
In China, health monitoring and wearable devices are becoming
extremely popular [20], as they can record and transmit
real-time, health-related data from a patient’s home to any
medical situation. However, this aspect was a top complaint
along with user privacy. The percentage of reviews about
equipment connection that were negative was 95.2% (198/208).
Users often complained that (1) apps could not detect the device,
(2) apps could not connect to the device for data transmission,
(3) data transferred to the client were missing or inaccurate, (4)
there was an unstable connection, (5) there was poor
compatibility when connecting another device, (6) they were
unable to unpair, or (7) there were external interruptions (eg,
incoming calls or messages). Besides these issues, users
mentioned that both Wi-Fi and Bluetooth could be supported
or that the app could be made to work in flight mode.
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Discussion
Overview
This study explored user preferences and requirements for
virtual hospital apps to predict and analyze current models and
future directions of the medical service market with mobile
internet. First, we provided a statistical description of full data
to compare distributions of rating scores and number of
downloads with 3 different categories. Second, we conducted
in-depth aspect-based content analysis to discover opinion
details about interest in and barriers to participation. In this
study, the app and review selection strategy benefited research,
with better generalization and time-efficiency. Despite many
works that have discussed virtual hospitals from the perspective
of economics [21] or doctors [9], this paper is the first to provide
an in-depth report and highlight situations from the users’
perspective.

Principal Findings
End user engagement and follow-up are prerequisites for
sustained promotion and effectiveness. In the field of virtual
hospitals, frequently used apps with the most downloads
received the highest average rating scores (4.8/5), while there
was great variation in the average rating scores among
seldom-used apps. Interestingly, the ratios between positive and
negative reviews were similar in frequently used, occasionally
used, and seldom-used apps, although the Matthew effect was
clearly seen in the number of downloads. We noticed that
frequently used apps suffered from more negative reviews
(1162/61,426, 1.89%) with detailed user experience. Users
tending to give high rating scores for those popular apps had
higher expectations for conversational features, personalization,
performance, and high-quality content and preferred putting
forward the related proposals. Frequently used apps should take
responsibility for possible updates and improvements.
We noticed that high-probability access to individualized expert
consultation was the main reason for both new and old user
engagement. First, health care service apps can greatly relieve
unequally distributed medical resources in China. Medical
resources are geographically unbalanced, especially for rural
areas and for persons with a disability [2]. For virtual hospitals
in apps, users can access a virtual hospital regardless of time or
location. All that is needed is an internet-enabled phone. In
positive reviews, users said that they liked to try virtual hospital
apps because they were a considerable distance away from good
medical resources. When patients reported that they were cured
by a doctor's treatment in an app, they were more likely to pay
for in-app purchases for further health services [14]. Users felt
comfortable with famous, professional doctors who also worked
for offline hospitals rather than those who were from unknown
or ambiguous sources. Our findings suggest that virtual hospital
apps should rely on actual medical conditions and qualified
physicians and medicines. With the support of government
policies [4,5], users in China were willing to trust that apps
could invite high-quality doctors to trade their leisure time for
online consultation. Second, most users were satisfied with the
prompt response, consulting attitude, and advanced knowledge
of doctors in apps. Users saved waiting time, reduced
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transportation costs, and shared fair doctor navigation. Third,
a multichannel communication strategy for points of patient
engagement was welcomed. Besides video chatting, which is
similar to an offline service, new consultation options in apps,
such as reservation calls, voice messages, graphic messages,
video messages, or plain text, could relieve patients’ tension
and give patients thinking time.
Compared with online doctor consultations, users were wary
of health products in in-app purchases, such as medicines,
supplements, probiotic food, and home health care devices.
About 47.5% (170/358) of users raised questions because
distribution channels for medicine and medical devices lacked
trusted verification. It was hard for customers to protect their
rights with in-app purchases. Stakeholders need to pay more
attention to consumers’ rights protection in the selling of
health-related products.
Users cared about their health-related data. On the one hand,
users sought convenient and flexible data usage, including data
association, data synchronization, data transmission, and data
sharing across multiple apps and external devices. Specifically,
inferred from patients’ comments, we found that some users
wanted to switch apps and share their data with other
communities or doctors. However, that is a big challenge now
[22]. An agreement is needed to put forward sharing and
canonical management of health data in China. On the other
hand, users asked for precision and integrity for data
management. Accurate and complete health consultation records
are often a great help to detect or review changes in physical
and psychological indicators. Users wanted to learn from their
health data history.
With regard to interactivity and visual settings, users preferred
broad individualization. Personalization can enhance
convenience and user-friendliness. For tailored education,
relevant and meaningful individualized health knowledge
provides engagement, serendipity, and high value to users, while
irrelevant or unindividualized health care information displays
make users feel unengaged. This type of individualization has
been shown to be vital for sustained engagement [23]. For user
interface, about 66.4% (190/286) of comments showed positive
attitudes to the current design. The others, including foreign
app users, elderly persons, and visually impaired users, asked
for alternative customization view modes for promoting
large-scale, easy usage. The design of indicative icons and
feedback functions required more consideration. For reminders
and notifications, most users found such functions helpful for
consultation appointments, abnormal account access, or
medicine plans. Notifications allow users to tackle health
problems and to schedule time for maintaining health [24,25].
Personalized reminders can better reinforce behavioral changes
in app users.
Community forums based on peer support, education for health
practice, health promotion, and emotional support can serve as
an effective supplement to professional doctor consultation. It
can relieve China’s insufficient medical resources. A total of
1.48% (40/2686) of reviews mentioned that social health
education is a powerful force in human health. People share
their health experiences, knowledge, and practical support, and
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others learn from that. Such client-to-client communication and
question answering could meet the needs of finding people who
have similar health issues. In reviews, users provided tips to
promote peer support, for example, placing forum joining in a
prominent position during patients’ in-app journeys.

A practical finding from our analysis is that the Chinese market
has begun to pay attention to privacy, security, personalization,
and socialization in virtual hospital apps. We estimate that these
will provide better solutions in future development.

Equipment connection and user privacy remain a considerable
challenge in virtual hospital apps. Satisfaction of these two
aspects was relatively low, with a satisfaction rate of only 4.8%
(10/208) and 3.0% (2/66), respectively. With fast growth of
wearable devices [20], inexpensive health-related wearable
devices provide everyone the possibility of constantly tracking
personal health data. However, due to inaccurate data estimation
and poor connection of devices, the user experience was
negative. Inaccurate data estimation limits data usage, such as
using data as an accurate and valid reference for doctor
consultation. Data show that user privacy protection was not
paid enough attention. Almost all comments about this issue
were negative. Apps lacked explicit features to protect user
accounts, especially for abnormal log-in attempts. Users
suggested that email or a message alert could be an easy way
to improve security. App makers need to consider how to
balance user security and privacy with flexible data access.

This research has some limitations. First, we explored only 2
app markets, although they are the most representative ones for
Android and iOS operating systems in China. Second, we were
not sure about the recall ratio for the whole mobile virtual
hospital market because there were other popular ways to access
virtual hospital services with mobile internet, such as temporal
mobile online meetings, Wechat applets, and online chat groups.
Except for platform operators, data of these tools were
incomplete and inaccessible in most situations. Thus, we mainly
focused on public app markets. Third, we limited content
analysis on frequently used apps, as we thought that other data
may suffer from severe bias due to the small number of helpful
reviews and downloads. However, it is known that this can be
a risk for sampling strategies. Finally, this research did not
include opinions or usage experiences of medical workers, such
as doctors and nurses.

Virtual hospital apps are convenient and suitable for two types
of users: (1) users who are far away from good medical
resources in time or space, especially for rural users and users
with disabilities, and (2) users who require medical support and
group support but are uncomfortable with face-to-face
communication. However, users who demand high security and
privacy need to practice caution during app selection and usage.

Limitations

Conclusions
Virtual hospital apps are growing in popularity with the high
pace of mobile internet in China. User evaluation provides a
valuable insight for app development and online medical service
reform. This study provides mobile internet–based statistical
data for medical service providers, domain policy makers, and
potential related stakeholders, and it provides aspect-based
content analysis to support a better understanding of virtual
hospital app users.
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Abstract
Background: Violence is a public health problem. Hospital-based violence intervention programs such as the San Francisco
Wraparound Project (WAP) have been shown to reduce future violent injury. The WAP model employs culturally competent
case managers who recruit and enroll violently injured patients as clients. Client acceptance of the WAP intervention is variable,
and program success depends on streamlined, timely communication and access to resources. High rates of smartphone usage in
populations who are at risk for violent reinjury create an opportunity to design a tailored information and communications
technology (ICT) tool to support hospital-based violence intervention programs.
Objective: Current evidence shows that ICT tools developed in the health care space may not be successful in engaging vulnerable
populations. The goal of this study was to use human-centered design methodology to identify the unique communication needs
of the clients and case managers at WAP to design a mobile ICT.
Methods: We conducted 15 semi-structured interviews with users: clients, their friends and families, case managers, and other
stakeholders in violence intervention and prevention. We used a human-centered design and general inductive approach to thematic
analysis to identify themes in the qualitative data, which were extrapolated to insight statements and then reframed into design
opportunities. Wireframes of potential mobile ICT app screens were developed to depict these opportunities.
Results: Thematic analysis revealed four main insights that were characterized by the opposing needs of our users. (1) A
successful relationship is both professional and personal. Clients need this around the clock, but case managers can only support
this while on the clock. (2) Communications need to feel personal, but they do not always need to be personalized. (3) Healing
is a journey of skill development and lifestyle changes that must be acknowledged, monitored, and rewarded. (4) Social networks
need to provide peer support for healing rather than peer pressure to propagate violence. These insights resulted in the following
associated design opportunities: (1) Maximize personal connection while controlling access, (2) allow case managers to personalize
automated client interactions, (3) hold clients accountable to progress and reward achievements, and (4) build a connected, yet
confidential community.
Conclusions: Human-centered design enabled us to identify unique insights and design opportunities that may inform the design
of a novel and tailored mobile ICT tool for the WAP community.
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Introduction
Violence is a public health problem that targets vulnerable
populations in the United States [1,2]. Homicide is among the
leading causes of death for young people aged 10-30 years, and
for every fatal assault, members of this age group experience
90 non-fatal assault injuries [3]. Risk factors associated with
urban violence are concentrated among vulnerable populations
and include low income, unemployment, being of racial or
ethnic minority background, low education levels, substance
abuse, and neighborhood disorder [4-9]. Violence persists among
these communities that experience social inequity, and
individuals are caught in a cycle of constant perpetration or
reinjury [6,10-14]. Previous exposure to violence is a strong
predictor of future violence with data showing that up to 45%
of patients injured by assault will be reinjured, and 20% will
be killed within 5 years of an index injury [4,5,10,11].
The health care setting presents an opportunity to leverage a
teachable moment to prevent violence by mitigating future risks
[15]. Hospital-based violence intervention programs are
cost-effective and successfully reduce violent reinjury among
high-risk, assault-injured victims [16,17]. These programs
employ culturally competent violence intervention specialists
(case managers), who are often from the same neighborhoods
and ethnic groups as their clients. These case managers help
victims of violence (clients) navigate the emotional and
logistical challenges following injury. Case managers use shared
experiences, common culture and language, and a
trauma-informed approach by recognizing the signs and
symptoms of trauma and responding in a safe, respectful, and
transparent way. As a result, these case managers are best
equipped to foster the high level of trust and communication
required to guide clients towards protective behaviors and
services.
Information and communications technology (ICT) provides a
promising mechanism to address future risks of violence, as
mobile apps and web-based communication platforms are
effective adjuncts in promoting behavior change and risk-factor
modification in the health care setting [18-20]. Studies show
high levels of smartphone penetration among marginalized and
minority populations who access health care through the
emergency department [21,22], and increased dependence on
smartphones for internet use [23]. Ethnic minority groups are
more likely to use smartphones to seek health information,
employment, and educational content than non-smartphone
users [24]. Despite these trends, few targeted digital
interventions have been developed to address the issues faced
by vulnerable and underserved populations, and even fewer
have addressed the unique needs of victims of violence [25,26].
Digital health care tools are not culturally tailored and have not
been purposefully designed to address the needs of vulnerable
populations, leading to technology with poor usability,
acceptability, and effectiveness in these groups [25,27,28]. As
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such, ethnic minority groups, individuals at lower socioeconomic
status levels, and other vulnerable groups are less likely to
engage successfully with health care providers using available
digital tools [27,29,30].
This study is a partnership with The San Francisco Wraparound
Project (WAP), a hospital-based violence intervention program
at a public safety-net hospital and level 1 trauma center in San
Francisco. We use a human-centered design approach to
understand user needs and expectations and develop ICT that
is tailored to the vulnerable population served by the WAP in
San Francisco. Human-centered design is a well-established
methodology used for problem-solving and innovation,
employing ethnographic research to develop a deep
understanding of users’ unmet needs, and iteratively prototypes
solutions to address those needs [31]. The methodology is rooted
in empathy to ensure that design solutions address real problems,
avoid designer bias, and build trust with the community [31-33].
The purpose of this study is to develop a deep understanding
of WAP client and case manager needs and to identify key
design opportunities that can inform the development of a
smartphone-enabled ICT tool that scales the unique impact of
case managers in hospital-based violence intervention programs
nationwide.

Methods
Study Design and Setting
This prospective observational study is a collaboration between
the San Francisco Wraparound Project (WAP) and The Better
Lab, a mixed-methods research center located at the Zuckerberg
San Francisco General (ZSFG) Hospital and Trauma Center
that specializes in human-centered design research techniques.
Study activities were conducted at the hospital, which is an
affiliate of the University of California, San Francisco (UCSF),
and the only level one trauma center in the city. The UCSF
institutional review board approved this study as an expedited
human subjects research protocol, and verbal consent was
approved for all activities.

The San Francisco Wraparound Project
The San Francisco WAP offers intensive case management
addressing the psychosocial needs of victims of violence aged
10-30 years at the ZSFG hospital who are at high risk for
reinjury. Over the first 10 years of WAP implementation, ZSFG
saw a 42% relative reduction in assault-related trauma reinjuries,
and for every 100 clients served, WAP confers a net benefit of
24 quality-adjusted life years over standard practices [16,34].
The WAP case managers use their professional expertise and
community connections to develop direct pipelines to resources,
which include jobs, educational programs, legal services, mental
health services, relocation services, emotional outlets in the arts
and community service projects, and camps and retreats. These
assets are operationalized through face-to-face interactions, text
messages, phone calls, and emails between clients and case
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managers to support and direct clients towards the tasks
necessary for them to “graduate” from WAP. A client graduates
once their major needs are met by the program or independent
means.

Human-Centered Design
Human-centered design is an approach to problem-solving that
is rooted in ethnography and iterative prototyping in order to
develop solutions that are tailored to the end-user group. This
methodology has been used to effectively deliver
context-specific experiences, services, and products to manage
diseases such as diabetes, post-traumatic stress disorder, and
patient falls [35-37], with evidence suggesting that focusing on
the end user yields more effective and sustainable results

Patel et al
[38-40]. The human-centered design method leverages
ethnographic interviews and observations to develop rich
insights and prioritizes iterative and collaborative solution
development with its users at each stage of the process. We
chose this approach to develop ICT that is intentionally designed
for victims of violence and maximizes the impact of WAP case
managers. This study focuses on the first step of the
human-centered design process, the ‘inspiration’ phase, to
develop a thorough understanding of users’ experiences through
interviews, followed by a synthesis of themes that will inform
the design of human-centered ICT (Figure 1). We will refer to
all subjects involved in this study, including clients, case
managers, and other violence prevention specialists as “users.”

Figure 1. Human-Centered Design Process.

Qualitative Data Collection
Qualitative data were obtained through semi-structured user
interviews to understand perspectives about WAP and the
experience of being a victim of violence in the community. All
interviews were anonymous, each lasting approximately 60
minutes at the WAP offices at ZSFG. Interviews were conducted
in two phases. Phase one interviews were conducted with
“violence intervention specialists” by a three-person team,
including two design researchers from The Better Lab and one
project manager from WAP. Interview subjects included WAP
case managers and members of violence recovery and prevention
organizations in the community. These interviews covered topics
of daily workflow, communication activities, and barriers or
challenges in their work. When appropriate and not violating
the confidentiality of the clients, we asked our violence
intervention specialists to describe experiences working with
clients to illustrate challenges, barriers, and successes.
Phase two interviews were conducted with clients, ranging from
16 through 30 years old, and their friends and family. These
interviews were performed by a four-person team, including
two design researchers from The Better Lab, the client’s case
manager, and a project manager from WAP. Client interviews
http://mhealth.jmir.org/2020/8/e15866/
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covered topics including their personal background, violence
history, experience with WAP, goals for the future, and thoughts
on using technology to communicate with their case manager.
Requests to audio record the interviews were declined due to
the sensitive nature of the conversations. As a result, an
additional design researcher was included during each interview
to capture notes and quotes in real-time.

Interview Subject Selection and Recruitment
A total of 15 people participated in the study: 7 clients, 2 family
members or friends of clients, 4 case managers, 1 program
director from a partner violence prevention program, and 1
licensed clinical social worker specializing in crisis
management. All participants were recruited through the WAP
using purposeful sampling, a human-centered design approach
to recruitment that draws a diverse cohort of subjects in order
to represent all aspects of the victim of violence experience
[41]. This approach to subject selection yields a heterogeneous
sample of demographics and experiences with the WAP and
violent injury community that can better inform the design of
solutions. Table 1 describes each user. Participation was
voluntary, and users from this second phase were compensated
with $25 gift cards for their participation.
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Table 1. Descriptions of Users.
Interviewee pseudonym

Description

Violence Prevention Specialists
1

Longest-standing case manager with WAP who has a deep connection in the community.

2

Younger case manager from the neighborhoods WAP serves, seen as the role model for young men in the program.

3

Case manager with a background in grassroots community activism.

4

The only female-identifying case manager specializes in job placement.

5

Leader of a city initiative that conducts real-time violence mediation and street-level outreach to reduce street violence.

6

A licensed clinical social worker who works on crisis response by providing immediate emotional, mental, and logistical support following violent trauma.

Clients
A

A client who graduated from WAP who is doing well and has not been reinjured.

B

The model client—has engaged with WAP to varying degrees for 5+ years without reinjury, proactive in seeking
support when needed even after graduating, but also aims to support other clients and serve as a positive example.

C

A client who is a teenager recently returned to the Bay Area and re-engaging in WAP services—interviewed with
a parent.

D

A client who is currently in WAP early in their work (ie, recently enrolled).

E

The parent/guardian of a client.

F

A client who is further along in WAP, but was reinjured by shooting.

G

A client who initially refused WAP services, but eventually enrolled.

H

A peer of a client who has not been a victim of violence.

I

A younger client (age early 20s), currently in the middle of the program.

Qualitative Data Analysis
Development of Insight Statements
The general inductive approach to thematic analysis was used
to analyze interviews and to identify themes [42,43]. This
approach was chosen to allow the emergence of themes that are
closely related to the interview data [44]. First, all interview
notes were read separately by two members of the research
team. During this process, they identified specific themes that
captured the core messages of the interviewees. Second, the
researchers met to identify and describe common categories of
themes. In this phase, descriptions of themes were developed
and refined, and redundant themes were consolidated. Third,
the researchers reviewed the interview notes a second time to
extract key text or quotes associated with each thematic
category. The data were reviewed a final time to ensure that a
name, description, and supporting quotes for each thematic
category were defined and consensus achieved.
Following the human-centered design method to qualitative
analysis, researchers then extrapolated ‘insight statements’ from
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these themes. Insight statement development is an integral step
in the human-centered design analysis process that involves
re-reviewing the notes to understand themes in the context of
the individual interviews and deduce unique human perspectives,
motivations, or tensions from the thematic data. Insight
statements ascribe meaning to the data and are then used to
develop design opportunities [45].

Development of Design Opportunities
Design opportunities were developed from insight statements
using the human-centered design approach to qualitative
analysis. Design opportunities are action statements that provide
direction to address tensions or challenges described in the
insight. They guide the innovation process and solutions by
framing and focusing the design effort [32,46]. Figure 2 depicts
this process. The output of this process includes insight
statements with supporting data and the associated design
opportunity illustrated by a wireframe and list of features. These
wireframes and features will be the first prototype to be
iteratively tested with users in the next phase of this study.
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Figure 2. Process for developing insights and opportunities using human-centered design.

Results
Our analysis revealed four main insights that represent tensions
or ‘opposing needs’ between the clients and case managers.
These insights informed each subsequent design opportunity.
This section presents the following for each insight: a description
of the opposing needs of the case manager and client; an
example of this tension from the interviews; the associated
design opportunity; and an initial wireframe and list of features.
Table 2 includes a summary of each insight with supporting
quotations.

Insight 1: A Successful Relationship is Both
Professional and Personal. Clients Need This Around
the Clock, but Case Managers can Only Support This
While on the Clock
Case managers are motivated by the steadfast goal of wanting
to ensure success for their clients. However, maintaining both
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a personal and professional relationship can be very disruptive
to case managers’ lives because it is challenging to set
boundaries for clients who need support during nonbusiness
hours. Clients are often in a vulnerable emotional, mental, and
physical state and need a trusted confidant. The personal
connection between case managers and clients is critical to
WAP’s success. Clients often consider the case managers to be
a friend or a part of their family.

Example of Tension
To establish a trusting relationship, case managers often tell
clients to call whenever there is an emergency. However, clients
often call after hours with nonemergent issues, which leaves
case managers feeling drained as they work around the clock.
Clients value the deep bond they feel with their case managers
and express a desire for continuous access in order to receive
support at all hours across a range of issues.
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Table 2. Supporting insight quotations from semi-structured interviews.
Insight and case manager quotations

Client quotations

Insight 1: A successful relationship is both professional and personal. Clients need this around the clock, but case managers can only support
this while on the clock.
Sometimes they share way too much. As workers, we sometimes need [My case manager] does stuff he don’t got to do… He is a big bro… I
to look at the situation and get them help that they need… A lot of
got to give him the same love he gives me. [Subject A]
people who call just want someone to talk to. They trust the case managers because they’re part of the community, but oftentimes they need
a therapist… We explain that this is just our jobs. We explain that we
need to talk to them in a certain way. [Subject 4]
We love you and want to support you, but this is our job. [Subject 4]

[My case manager] is my lifesaver, my #1 supporter... I’ve been through
a lot with him. [Subject F]

I got a call at 2 am, which was just an excuse to call me... I’m a trusting We’re real tight. She’s like family to me. [Subject G]
ear. [Subject 4]
I’ve had clients call me on a Saturday. Some to pray. [Subject 1]

—

Insight 2: Communications need to feel personal, but they don’t always need to be personalized.
[The app needs to have] reminders. They will wait until the last hour,
the last minute. [Subject 1]

Texting is cool, but I’d rather talk face to face. You can’t tell what
someone is going through on FB or text. [Subject C]

You need something to gather their attention... We need to give them
something right now. [Subject 2]

Not really an email person, I would rather someone call... I also don’t
really check voicemails. [Subject A]

You’ve gotta create a plan. Everyone’s looks different. [Subject 4]

[I] can talk to him like we’re friends and text… he [case manager] also
talks to my mom. [Subject I]

—

I feel good every time I talk to her. I can talk to her about anything... I
know I’m safe when I talk to her. I know I don’t have to worry about
people knowing my business. [Subject G]

—

The communication was good, but it was kind of difficult because I took
a night class... whenever [I] wanted to talk to [Subject 2], he would be
off duty. [Subject I]

Insight 3: Healing is a journey of skill development and lifestyle changes that must be acknowledged, monitored, and rewarded.
[After helping a client with housing], I need a way to hook
you…something that can assure that I got you! [Subject 3]

The app should show accomplishments, something you can always return
to and see… I did, and I can still do more. [Subject B]

I tell them, bring me a paycheck after thirty days. They gotta hold a
job for thirty days. Then we’ll get lunch. [Subject 4]

[This] is a complicated process…how can we make a roadmap? [Subject
L]

We don’t work for [the client], we work with [the client]. [Subject 3]

[Client referring to visual aspects of the app] “Once it’s out of sight, you
forget about it. [Subject D]

I will never give up on you. [Mistakes] are just a learning curve. [Sub- —
ject 3]
Insight 4: Social networks need to provide peer support for healing, not peer pressure to propagate violence.
Sometimes we’ll monitor people through Facebook, see if they’re
posting suggestive videos [of violence]. [Subject 1]

The app should give a person a chance to help another person…to hear
their stories and give advice. [Subject B]

If you have a permanent home, you’re more likely to get hurt because The app should maybe have a chatroom…start it anonymous with the
there’s a place to attach you to...social media doesn’t help this. [Subject option of revealing yourself. Some people feel comfortable typing, but
3]
don’t feel comfortable sharing their feelings in person. [Subject G]
—

You’re not the only person who got something… [being able to] chat
with other people, that would be cool. [Subject I]

—

Nothing is safe on social media… [need] ability to make it private.
[Subject D]

Design Opportunity 1: Maximize Personal Connection
While Controlling Access
An ICT tool should be designed to encourage personal
interactions while providing systems to differentiate
nonemergent issues from emergencies in order to maintain
professional boundaries for case managers. Figure 3 illustrates
http://mhealth.jmir.org/2020/8/e15866/
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an initial prototype of this opportunity. The essential features
include:
•

Facilitate the role of the case manager as a trusted confidant
by placing the onus of enforcing boundaries and deferring
non-urgent client inquiries onto the system instead of on
the individual case manager.
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•

•

Support clients at the greatest risk of reinjury by allowing
case managers to negotiate and set client communication
permissions on an individual basis.
Minimize feelings of rejection by framing communication
deferrals in terms that humanize the case managers (eg,

Patel et al

•

“Steve is out of the office right now and will be back on
Monday. He is sleeping, is this an emergency?”).
Allow clients to escalate communications after hours as
emergencies arise to ensure case manager response. As an
example, the wireframe in Figure 3 depicts an example of
an after-hours communication with a case manager.

Figure 3. Proposed depiction of a mobile application wireframe showing a conversation between a case manager and client. In this particular case, the
client messages their case manager after hours. The mobile application allows the user to either escalate the message or wait until business hours.

Insight 2: Communications Need to Feel Personal, but
They do not Always Need to be Personalized
Case managers need a way to provide administrative and tactical
communication to reduce the burden of continuous,
individualized messaging. With a caseload of up to 10 clients,
case managers need a way to attract and maintain their clients’
attention that does not require them to craft each routine message
or reminder manually. Clients want to communicate regularly
and unpredictably with their case managers and value personal
attention, positive feedback, and acknowledgment of their
achievements. They prefer to meet their case managers face to
face to discuss personal matters.

to an impersonal experience by diminishing their close
relationship.

Design Opportunity 2: Allow Case Managers to
Personalize Automated Client Interactions
An ICT tool must help case managers keep clients engaged
through multiple communications and automate routine
reminders that feel personal and are tailored to clients’ unique
needs. Figure 4 illustrates an initial prototype of this opportunity.
The essential features include:
•

Example of Tension
Case managers spend significant time sending administrative
messages such as appointment reminders and resume-building
information. They want to focus on the high-value personal
interactions and need a way to streamline the routine
administrative tasks. However, clients cherish the personal
relationship and fear that automating communications will lead
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•
•

Break down essential tasks such as building resumes,
applying for schools, training, and jobs, searching for
housing, and completing inquiries and applications for
social services into sequential, achievable tasks. For
example, the wireframe in Figure 4 focuses on the multiple
and diverse tasks that are required to apply for a new job.
Allow case managers and clients to set unique goals and
deadlines for each task.
Enable users to set automated reminders and suggest next
steps after missed deadlines or successful task completion.
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Figure 4. Proposed depiction of a mobile application wireframe showing a job application workflow. The client begins with a list of incomplete and
complete tasks on the first screen. The screens Step 1 through Step 4 detail the step-by-step process of applying for a job, with options to ask questions,
as well as a positive, affirming message to encourage the client to continue working towards their goals on the last screen.

Insight 3: Healing is a Journey of Skill Development
and Lifestyle Changes That Must be Acknowledged,
Monitored, and Rewarded
Recovery after a violent injury extends far beyond physical
recovery and includes significant lifestyle changes. Case
managers work closely with clients to co-create a new future
and support their achievements along the way. Case managers
need a way to document, monitor, and share each client’s unique
journey in order to redefine expectations and set goals for their
clients’ future. They need to provide “tough love” by being
stern on goals and expectations while offering compassion and
encouragement to their clients. Clients need a clear roadmap
for their recovery that includes feedback when they have gone
off trajectory and celebration for the milestones they have
successfully achieved.

Example of Tension
Case managers use their own systems to track a client’s progress
and send text messages or make reminder calls about upcoming
appointments. When clients miss deadlines, case managers call
http://mhealth.jmir.org/2020/8/e15866/
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and text the client to discuss why it was missed and express
their disappointment. Clients do not have tools to track their
progress or access to their case manager’s system, so they have
no choice but to respond reactively to reminders without a clear
picture of where they are in their journey.

Design Opportunity 3: Hold Clients Accountable for
Progress and Reward Achievements
The ICT tool should incorporate a shared roadmap that clients
and case managers can use to track progress. Figure 5 illustrates
an initial prototype of this opportunity. The essential features
include:
•
•
•

Define and illustrate milestones throughout a client’s
recovery to measure success.
Identify struggling clients early by implementing alerts to
clients and case managers.
Enable transparent and targeted interventions by allowing
the case manager to explore each client’s recent activity,
historical trajectory, and future goals. As an example, the
wireframe in Figure 5 focuses on how a case manager can
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Patel et al

interact with and congratulate a client for a recent

accomplishment.

Figure 5. Proposed depiction of tracking a client’s journey. Clients input their goals. Once a goal is marked as achieved, a photo of the achievement
can be attached. These screens help a client visualize their successes and progress towards their goals.

Insight 4: Social Networks Need to Provide Peer
Support for Healing Rather Than Peer Pressure to
Propagate Violence
Clients may be on opposing sides of violence within the
community and need to know that there is a safe and confidential
space to build community with peers who have experienced
similar trauma. Clients want to share stories with others who
have had similar experiences being a victim of violence. Case
managers need a way to connect clients without compromising
emotional, mental, or physical safety and security.

Example of Tension
Social media is a source of personal expression for clients, and
some use it as their diary to document and articulate their
emotions and thoughts. However, online platforms provide the
opportunity to escalate interpersonal arguments and publicly
pressure or publish threats of violence. Case managers do not
have tools that allow them to create private, anonymized
communities for their clients to connect, share, and learn from
each other.

http://mhealth.jmir.org/2020/8/e15866/

XSL• FO
RenderX

Design Opportunity 4: Build a Connected yet
Confidential Community
The ICT should include the capability to create multiple
community platforms that are curated by case managers where
clients can engage anonymously. Figure 6 illustrates an initial
prototype of this opportunity. The essential features include:
•

•

•

•

Enable knowledge-sharing and community support by
constructing a client social network. As an example, the
wireframe below showcases a forum where clients can share
their personal experiences.
Mitigate violent communications by anonymizing identities,
establishing clear rules for participation, enabling
moderation by case managers, and providing training on
internet safety.
Stimulate useful conversations by structuring forums on
topics of community interest so that clients can find the
resources that they need.
Ensure security with modern data-protection protocols such
as HIPAA compliance.
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Figure 6. Proposed depiction of a community forum and/or social network for clients to share resources and experiences with peers in an anonymous
environment. The last screen depicts a reporting mechanism within the application to ensure safe interactions between clients within the community.

Discussion
This study used the human-centered design methodology to
identify essential features for a smartphone-enabled ICT tool
to support hospital-based violence intervention program clients
and violence intervention specialists. The findings of this study
identified opportunities and informed the initial wireframes that
will be prototyped within the community of victims of violence
in the next phase of the study. The human-centered design
process was essential to this work because it allowed us to
identify important opposing needs facing case managers and
clients. Although case managers desired clear boundaries,
automation of routine tasks, and caution in using social media,
their clients wanted close relationships, personalized
communication, and an online community. A unique ICT must
be designed to address these opposing needs to support both
stakeholder groups.
Processes and technology tools in health care tend to be designed
in a silo and lack coordination with other aspects of care delivery
[47]. The human-centered design method provides a structure
that avoids the pitfalls common to traditional ICT development,
such as lack of a deliberate process for innovation, all-in-one
solutions that do not adequately meet users’ needs, or solutions
that are developed without user input [48,49]. For example,
phase one of our interviews with case managers revealed that
an ICT tool needed to focus primarily on efficiency to allow
them to reach more clients. However, phase two of our
interviews with clients revealed that the personal connection is
what makes the violence intervention program successful. This
tension between automation and personalization, among others
described here, made it clear that the features of an effective
ICT tool would require the artful synthesis of opposing needs
that have not yet been addressed.
Thoughtful ICT is important in health care, but essential for the
violence community because a poorly designed tool could
compromise the safety of our clients and case managers. Our
clients are a technologically savvy group with high digital
http://mhealth.jmir.org/2020/8/e15866/
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literacy and significant social media activity. Although we
identified an opportunity to build a social community for peer
support, social networking in this population has the potential
to amplify threats of violence in the form of what is known as
“internet banging” [50]. Surveys of advocates for and victims
of domestic violence and stalking show that technology can be
used to threaten and perpetrate psychological and social attacks
[51]. We identified these same concerns in our qualitative
research, which reinforced the fact that an ICT tool that
replicates current social media forums is both inadequate and
potentially dangerous. A social networking tool on an ICT
application for victims of violence needs features to create
secured, anonymous, and moderated conversation forums.

Limitations
There are several limitations to our study and the
human-centered design methodology. The features of the ICT
tool we have described here are specific to our population and
environment and represent early prototypes that will be iterated
on in the next phase of the design process. The wireframes and
their associated features are preliminary ideas developed by the
design researchers in order to represent the design opportunity
visually. The content of the wireframes is based on quotes and
insights from our users. These wireframes have not been tested
with users. Design and implementation specifications will be
the focus of the next phase of our study. We anticipate that the
features identified in this phase may change through our iterative
process and may not be generalizable to other organizations.
However, the broader insights and opportunities are likely
transferable to other organizations interested in developing an
ICT tool for victims of violence. Other settings that support
vulnerable populations in health care may also find the
human-centered design methodology to be an effective way to
uncover previously unknown needs and potential tensions in
the communities they aim to support through ICT.
Lastly, we used a purposeful sampling methodology in order
to capture a diverse set of experiences in a time-efficient way,
which is an essential part of the rapid iteration process at the
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heart of human-centered design. However, this approach yields
a relatively small sample size. For example, this study only
included one peer and one parent/guardian representative of
WAP clients. While this is not uncommon in human-centered
design, we acknowledge that this small number of users may
limit the generalizability of those findings to other communities
and settings. Additionally, while interviewees were intentionally
chosen based on the breadth and diversity of their experience
in the community in order to provide information-rich insights
and design opportunities, this approach to sampling carries a
risk of selection bias. We attempted to mitigate this risk by
asking our four experienced case managers to select the most
diverse interview subjects.

Next Steps
This study identified key insights and design opportunities to
develop a mobile ICT tool that meets the personal needs of
WAP clients while enabling case managers to support their
clients’ goals effectively. The opportunities presented here will

Patel et al
serve as core principles when developing, testing, and refining
wireframes in the next phase of this work.

Conclusions
The success of hospital-based violence intervention programs
is predicated on the value of intensive case management, ready
access to services, and securing personal and professional
development opportunities for the clients [52]. Meeting these
goals requires that case managers effectively and efficiently
provide life-changing resources. This study has contributed to
the understanding of violence intervention program clients and
case managers in the design and development of an ICT tool
for case management. Importantly, our findings indicate that
the use of human-centered design uncovered previously
unknown tensions between the needs of clients and case
managers. Designers of ICT tools for this population must
consider how issues of safety, privacy, automation, personal
connection, and efficiency impact their users.
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Abstract
Background: Providing patients with cancer who are undergoing systemic therapy with useful information about symptom
management is essential to prevent unnecessary deterioration of quality of life.
Objective: The aim was to evaluate whether use of an app for symptom management was associated with any change in patient
quality of life or use of health resources.
Methods: Outpatients with early stage breast cancer receiving systemic therapy were recruited at the Institute of Oncology in
Ljubljana, Slovenia. Patients who received systemic therapy between December 2017 and March 2018 (control group) and
between April 2018 and September 2018 (intervention group) were eligible. All patients received standard care, but only those
in the intervention group were asked to use mPRO Mamma, an Android-based smartphone app, in addition. The app supported
daily tracking of 50 symptoms, allowed users to grade their symptom severity (as mild, moderate, or severe), and also provided
in-depth descriptions and recommendations based on reported symptom level. Patient-reported outcomes in both groups were
assessed through the European Organisation for Research and Treatment of Cancer (EORTC) core (C-30) and breast cancer
(BR-23) questionnaires, as well as a questionnaire about health resources use. The primary outcomes were the difference in the
global quality of life between groups and the difference in summary score of the EORTC C-30 questionnaire between groups
after 3 time periods (the first week of treatment, the first treatment cycle, and the entire treatment). The secondary outcome was
the use of health resources (doctor visits and hospitalizations) in each time period. Other scales were used for exploratory analysis.
Results: The mean difference between the intervention group (n=46) and the control group (n=45) in global quality of life
(adjusted for baseline and type of surgery) after the first week was 10.1 (95% CI 1.8 to 18.5, P=.02). The intervention group
summary scores were significantly higher than those of the control group after the first week (adjusted mean difference: 8.9, 95%
CI 3.1 to 14.7, P=.003) and at the end of treatment (adjusted mean difference: 10.6, 95% CI 3.9 to 17.3, P=.002). Use of health
resources was not statistically significant between the groups in either the first week (P=.12) or the first treatment cycle (P=.13).
Exploratory analysis findings demonstrated clinically important improvements (indicated by EORTC C-30 or BR-23 scale
scores)—social, physical, role, and cognitive function were improved while pain, appetite loss, and systemic therapy side effects
were reduced.
Conclusions: Use of the app enabled patients undergoing systemic therapy for early stage breast cancer to better cope with
symptoms which was demonstrated by a better global quality of life and summary score after the first week and by a better
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summary score at the end of treatment in the intervention group compared to those of the control group, but no change in the use
of health resources was demonstrated.
(JMIR Mhealth Uhealth 2020;8(8):e17408) doi:10.2196/17408
KEYWORDS
breast cancer; systemic therapy; mobile application; patient-reported outcome; quality of life

Introduction

factors for whether they would use symptom self-management
strategies.

In the context of personalized treatment of a patient with cancer,
the patient-reported outcome is gaining growing importance.
This is because the physician’s ability to evaluate the patient’s
subjective symptoms is not optimal. Physicians often
underestimate the severity and frequency of symptoms
experienced by patients during chemotherapy. Fromme et al [1]
analyzed physician and patient reports on 8 symptoms in a
metastatic prostate cancer chemotherapy trial and found that
the physician reports had low sensitivity and specificity for
detecting chemotherapy side effects [1]. Moreover, the
agreement between multiple physicians was, at best, moderate
[2]. Physician assessment of symptom presence and severity
differed by one to two grades according to the Common Toxicity
Criteria of Adverse Effects [3] which, the study [2] concluded,
would have resulted in different treatment decisions (such as a
difference between continuing chemotherapy, halting
chemotherapy, or changing treatment dosage). To better assess
patient safety and toxicity in clinical studies of treatments, the
National Cancer Institute of the United States of America
developed a patient-reported outcome version of the Common
Toxicity Criteria of Adverse Effects (PRO-CTCAE), which
consists of 78 adverse effects criteria that are appropriate for
patient self-reporting. For each adverse effect, one or more
descriptive measures such as the adverse effect severity,
frequency, and interference with daily activity are assessed
yielding 124 PRO-CTCAE items, each graded on a 5-point scale
(from 0 to 4, where 0 indicates the adverse effect is absent, and
4 indicates the most disabling adverse effect) [4]. An appropriate
subset of these items should be selected for each clinical trial;
however, most patients are treated outside of clinical trials.

The aim of our study was to assess whether the use of our
innovative mobile app by patients with early stage breast cancer
who were receiving systemic treatment was associated with any
changes in their health-related quality of life (global quality of
life, ability to function in daily life, symptom severity) and in
the use of health resources. Our hypothesis was that the mobile
app users would have better health-related quality of life
outcomes, especially after the first week and after the first cycle
of chemotherapy, and would use fewer health resources.

With the widespread use of smartphones, electronic collection
of patient-reported outcomes is becoming possible. Several
studies [5-12] have shown the feasibility and clinical utility of
electronic capture and monitoring of patient-reported outcome
for symptoms, functional status, and quality of life during
systemic treatment of cancer. In advanced solid tumors, Basch
et al [5] showed improved health-related quality of life measures
and reduced emergency room admittance in patients who
received weekly notifications and reported their symptoms (also
weekly) [5]. Integration of the patient-reported outcome into
routine care was even shown to prolong overall survival in
patients with advanced solid tumors by 5 months [13]. With
increased patient willingness to use technology, there are
possibilities for expansion of patient-centered medicine [14-16].
At present, few apps are used for the self-management of
symptoms [7,9-11,14]. In one study [10], higher cognitive
function and a high symptom burden in patients were predictive
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Methods
Study Design and Population
We conducted a prospective nonrandomized controlled study
with a cohort consisting of outpatients who were being treated
with systemic therapy (chemotherapy) for early stage breast
cancer at the Institute of Oncology in Ljubljana. The study
protocol was approved by the Ethical Commission at the
Institute of Oncology and Commission of the Republic of
Slovenia for Medical Ethics (0120-386/2017/3). The researchers
followed the principles of the Declaration of Helsinki.
Patients were recruited after their first appointment with a
medical oncologist. All study information was provided by
oncologists, medical residents, and medical students working
on the project. Patients were eligible if they were scheduled to
receive neoadjuvant or adjuvant chemotherapy (and anti–human
epidermal growth factor 2 targeted therapy, if indicated) for
early stage breast cancer, their smartphone was Android-based,
and they were willing to fill in paper and pencil questionnaires
reporting their quality of life while receiving treatment. The
patients were ineligible if their smartphone was Windows-based
or an iPhone, they were unfamiliar with using a smartphone, or
they were unable to communicate effectively in Slovenian. All
participants provided informed consent prior to being enrolled
in the study.

Study Group and Intervention
The control group consisted of patients enrolled between
December 2017 and March 2018; the intervention group
consisted of patients enrolled between April 2018 and September
2018 (since the mobile app was not finished until April). The
control group received the standard information about
chemotherapy side effects. The intervention group received
both the standard information and access to the mPRO Mamma
mobile app [17] which was accompanied by a detailed user
instruction guide.
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Study Procedures

Mobile App

Patients in both groups were asked to complete the European
Organisation for Research and Treatment of Cancer Quality of
Life Questionnaire Core 30 (EORTC QLQ C-30) and Quality
of Life Questionnaire Breast Cancer Module (EORTC QLQ
BR-23) [18,19] and a questionnaire about health resources use
at 4 time points: before systemic therapy (baseline), after the
first week, after the first cycle, and at the end of systemic
therapy. Upon enrollment, each patient received questionnaires
(4 sets) along with instructions to return completed
questionnaires by mail in a timely manner. The patients who
returned the baseline questionnaires and questionnaires from at
least one other time point were included in the analysis.

For the purpose of this study, we developed an Android mobile
app called mPRO Mamma [17]. It conforms to standard Google
Material Design guidelines [20], but additionally features
customized slider controls to visually indicate symptom severity
levels (Figure 1). It allows for quick daily recording of
symptoms and symptom severity (with reminder notifications)
and can send encrypted reports to the patient’s oncologist, if
selected. The app was designed and revised several times in
cooperation with experienced medical oncologists, medical
students, and computer scientists. It has been implemented
according to the best principles of Material Design multilingual
support and currently supports Slovenian and English.

Figure 1. The mobile app user interface with customized slider controls allows for quick daily recording of symptoms and their severity levels.

We selected 50 symptoms that were relevant to the expected
adverse effects of either cytotoxic regimens or targeted drugs
administered to patients during the neoadjuvant or adjuvant
breast cancer treatments from the 78 symptoms of PRO-CTCAE.
Each symptom had a description, a severity scale, and advice
for its management. Patients labeled and reported a symptom
only if it occurred. To make our app clear and useful, symptom
severity was graded on a 3-point scale as mild, moderate, or
severe.
For each grade of symptom severity, a health professional’s
advice was presented. For mild or moderate ratings by the
patient, suggestions that would allow them to alleviate the
symptoms on their own were displayed. If symptoms were rated
as severe, the app advised the patient to visit either their general
practitioner or an emergency department. Patients reported their
symptoms in the app on a daily basis and sent the symptom
report to their treating oncologist as an encrypted email on the
https://mhealth.jmir.org/2020/8/e17408
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day before their next therapy cycle (every 2 or 3 weeks,
depending on their chemotherapy schedule). Screenshots of the
symptom entry page and daily report are presented in
Multimedia Appendix 1, Multimedia Appendix 2, and
Multimedia Appendix 3.

Outcome Measures
The EORTC QLQ C-30 and BR-23 consist of a global quality
of life score, and several functional and symptom scales, which
can be combined in a summary score. Our primary outcomes
were the global quality of life score and summary score at three
time points (after the first week, after the first cycle, and at the
end of treatment). Other scales were used in our exploratory
analysis. The EORTC QLQ scoring manual was followed [21].
All scales had values from 0 to 100, where 100 represented the
best global quality of life, the best functioning, or the worst
symptoms. The summary score, which ranged from 0 (worst)
to 100 (best), was calculated from 13 out of 15 EORTC
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QLQ-C30 scales (the global quality of life and the financial
impact scale were excluded) in accordance with Giesinger et al
[22] and instructions from the EORTC [21-23]. We used
previously established thresholds [24] for important differences
in quality of life—clinically meaningful difference was set to
10 points.

by patient ID) accounted for repeat measurements of the same
patient. In each model, the fixed effects were time (after the
first week, after the first cycle, or at the end of treatment), group
(intervention or control), interaction between group and time,
value at baseline, and type of surgery (breast-conserving surgery
or mastectomy).

The secondary outcome was the use of health resources which
was measured by self-reported number of visits to the doctor
and number of hospitalizations in the first week and in the first
cycle of therapy (questionnaires at the end of treatment were
not included because they may not have been reliable due to
the long time span between the start and the end of treatment).

In the exploratory analysis, we examined all 19 other scales of
the QLQ-C30 and the QLQ-BR23 (excluding sexual enjoyment
and upset by hair loss, which were both dependent upon
answering affirmative to other questions, and excluding financial
difficulties). The change from baseline between the groups at
each of the three time points was analyzed separately using the
Mann-Whitney U test because of either distribution asymmetry
or the low number of possible values of the scale. All P values
in the exploratory analysis served only as an aid to evaluate the
differences between the groups. Nevertheless, with so many
hypotheses tested, the P values were adjusted using Holm
method to control the family-wise error rate.

Statistical Analysis
Sample Size Determination
A sample size sufficient to detect a difference between the
intervention and control groups for changes of the global quality
of life scores from baseline scores using an independent t test
was determined using a power analysis. For a significance level
of α=.05 and 80% power to reject the null hypothesis of equal
means of groups when the population mean difference is equal
to 13 yielded a sample size of 90 (45 per group); a standard
deviation of 22 was used for both groups based on the results
from a recent randomized trial [25]. It was subsequently
determined that a more advanced analysis had to be conducted,
as explained below.

Data Analysis
Categorical variables (tumor size, axillary nodes, histologic
type, tumor grade, estrogen receptors, progesterone receptors,
HER2, Ki-67 expression, tumor subtype, type of surgery, breast
reconstruction, chemotherapy, type of chemotherapy, doctor
visits during first week, doctor visits during the first cycle,
hospitalization during the first week, and hospitalization during
the first cycle) were summarized with frequencies and
percentages. Numerical variables (age, number of chemotherapy
cycles, global quality of life score, and summary score) were
described with means and standard deviations (or medians and
interquartile ranges if distributions were asymmetric). To
compare the intervention and control groups at baseline,
chi-square tests (or Fisher exact test, if more than 20% of
expected frequencies were below 5) were used for categorical
variables, and two-tailed independent t tests (or Mann-Whitney
U tests, if distributions were asymmetric) were used for
numerical variables.
It was required that the model account for differences between
the groups in the type of surgery (a higher proportion of
mastectomies, and consequently, reconstruction in the control
group), as well as in quality of life and summary score at
baseline. The primary outcomes of global quality of life score
and summary score were analyzed using linear mixed-effects
models [26]. Linear mixed-effects models allowed for the use
of one model to represent all three time points, adjusting for
covariates at baseline and where a random intercept (indexed
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An (adjusted) P<.05 was considered as statistically significant.
All analyses were performed using R statistical software (version
3.4.3) [27].

Results
Patient Characteristics
The study flow chart is presented in Figure 2. We performed a
CONSORT-EHEALTH checklist (Multimedia Appendix 4)
according to pilot testing [28].
The demographic, clinical, and treatment data for the control
(n=45) and the intervention (n=46) groups are presented in Table
1. Patients in both groups were similar with respect to age
(t89=0.86, P=.39), tumor size (Fisher exact test, P=.48), nodal
involvement (Fisher exact test, P=.13), histology (Fisher exact
test, P=.42), tumor grade (Fisher exact test, P=.38), hormone
receptors (progesterone: χ21=1.23, P=.27; estrogen: χ21=2.33,
P=.13), human epidermal growth factor 2 status (χ21=1.76,
P=.19), tumor subtype (Fisher exact test, P=.30), type of
chemotherapy (Fisher exact test, P=.41), and number of
chemotherapy cycles (Mann-Whitney U test, P=.73); however,
there was a significant difference between the intervention and
control groups with respect to type of surgery (χ23=12.60,
P=.006). Patients in the control group had undergone more
mastectomies, and consequently, had also undergone
reconstruction more often (Fisher exact test, P=.01). At baseline,
patients in the control group had lower quality of life and
summary scores than those of the intervention group (quality
of life: Mann-Whitney U test, P=.06; summary: Mann-Whitney
U test, P=.02). Baseline differences in quality of life and
summary scores and for type of surgery (mastectomy or not)
between the groups were, therefore, taken into account and
adjusted for, within the model.
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Figure 2. Consolidated Standard of Reporting Trials (CONSORT) diagram showing the flowchart of patients with breast cancer by group and reasons
for exclusion from the study and the analysis.

https://mhealth.jmir.org/2020/8/e17408

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17408 | p.158
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Grašič Kuhar et al

Table 1. Patient characteristics in the intervention and control group.
Characteristics

Groups
All patients (n=91) Intervention (n=46)

Comparison between groups
Control (n=45)

Chi-squarea or P value
t testb (df)

Age in years, mean (SD)

51.7 (9.5)

50.9 (9.3)

52.6 (9.6)

0.86b (89)

.39

Number of chemotherapy cycles, median (IQR)

6 (4-7)

6 (5-7)

6 (4-7)

N/Ac

.73

Quality of life score at baseline, median (IQR)

66.7 (58.3-83.3)

83.3 (66.7-91.7)

66.7 (58.3-83.3)

N/Ac

.06

Summary score at baseline, median (IQR)

90.9 (83.8-96.2)

93.6 (86.2-97.9)

89.1 (83.3-93.7)

N/Ac

.02

N/Ad

.48

N/Ad

.13

N/Ad

.42

N/Ad

.38e

2.33a (1)

.13

1.23a (1)

.27

1.76a (1)

.19

1.69a (1)

.19

N/Ad

.30

Tumor size, n (%)
≤20 mm

43 (47)

24 (52)

19 (42)

21-50 mm

39 (43)

19 (41)

20 (44)

>50 mm

9 (10)

3 (7)

6 (13)

Axillary nodes, n (%)
Negative nodes

41 (45)

23 (50)

18 (40)

1-3 positive nodes

37 (41)

15 (33)

22 (49)

4-6 positive nodes

9 (10)

7 (15)

2 (4)

>6 positive nodes

4 (4)

1 (2)

3 (7)

Histologic type, n (%)
Invasive ductal carcinoma

77 (85)

40 (87)

37 (82)

Invasive lobular carcinoma

5 (6)

1 (2)

4 (9)

Other

9 (10)

5 (11)

4 (9)

Tumor grade, n (%)
Grade I

2 (2)

0 (0)

2 (4)

Grade II

30 (33)

14 (30)

16 (36)

Grade III

58 (64)

31 (67)

27 (60)

Unknown

1 (1)

1 (2)

0 (0)

Estrogen receptors, n (%)
Negative

18 (20)

12 (26)

6 (13)

Positive

73 (80)

34 (74)

39 (87)

Progesterone receptors, n (%)
Negative

25 (28)

15 (33)

10 (22)

Positive

66 (73)

31 (67)

35 (78)

HER2f , n (%)
Negative

65 (71)

30 (65)

35 (78)

Positive

26 (29)

16 (35)

10 (22)

Ki-67g expression, n (%)
Negative (≤15 %)

21 (23)

8 (17)

13 (29)

Positive (> 15 %)

70 (77)

38 (83)

32 (71)

Tumor subtype, n (%)
Luminal A–like

9 (10)

4 (9)

5 (11)

Luminal B HER2 negative

43 (47)

20 (44)

23 (51)

Luminal B HER2 positive

17 (19)

8 (17)

9 (20)
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Characteristics

Groups
All patients (n=91) Intervention (n=46)

Comparison between groups
Control (n=45)

Chi-squarea or P value
t testb (df)

HER2 positive

8 (9)

7 (15)

1 (2)

Triple negative

14 (15)

7 (15)

7 (16)

Type of surgery, n (%)
Breast conserving surgery + SNBh

36 (40)

26 (57)

10 (22)

Breast conserving surgery + axillary lymphadenectomy

12 (13)

6 (13)

6 (13)

Mastectomy + SNB

21 (23)

6 (13)

15 (33)

Mastectomy + axillary dissection

22 (24)

8 (17)

14 (31)

Breast reconstruction, n (%)
No

70 (77)

41 (89)

29 (64)

Deep inferior flap

12 (13)

2 (4)

10 (22)

Tissue expander

9 (10)

3 (7)

6 (13)

Chemotherapy, n (%)
Adjuvant chemotherapy

64 (69)

31 (67)

33 (73)

Neoadjuvant chemotherapy

27 (30)

15 (33)

12 (27)

Type of chemotherapy, n (%)

a

Anthracycline + taxanes

63 (69)

35 (76)

28 (62)

Anthracyclines alone

17 (19)

6 (13)

11(24)

Taxanes alone

8 (9)

3 (7)

5 (11)

CMFi

3 (3)

2 (4)

1 (2)

12.60a (3)

.006

N/Ad

.01

0.38a (1)

.54

N/Ad

.41

Denotes a chi-square test value.

b

Denotes a t test value.

c

N/A: not applicable; in this instance, denotes the use of Mann-Whitney U test.

d

N/A: not applicable; in this instance; denotes the use of Fisher exact test.

e

Unknown values were excluded from calculations.

f

HER2: human epidermal growth factor 2.

g

Ki-67: proliferation marker.

h

SNB: sentinel lymph node biopsy.

i

CMF: cyclophosphamide, methotrexate, fluorouracil.

Primary Outcome Measures
In Table 2 and in Table 3, we have presented only effects that
are of interest (ie, adjusted mean difference between the groups
for each of the 3 time periods with 95% confidence intervals
and P values; for all mean differences, a positive difference
indicates a higher value in the intervention group than the
corresponding value in the control group). The adjusted mean
differences between the intervention and the control group after
the first week of chemotherapy were statistically significant for
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both the global quality of life score (10.1, 95% CI 1.8 to 18.5,
P=.02) and the summary score (8.9, 95% CI 3.1 to 14.7,
P=.003). The adjusted mean difference for summary score at
the end of treatment (10.6, 95% CI 3.9 to 17.3, P=.002) was
also significant. Complete model results are presented in
Multimedia Appendix 5 and Multimedia Appendix 6. Clinically
meaningful differences in the adjusted means between groups
were found for global quality of life score after the first week
and for summary score at the end of treatment (ie, an adjusted
mean difference greater than 10).
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Table 2. Global quality of life score adjusted mean differences between intervention and control groups.
Time period

Estimate

95% CI

P value

First week

10.1

1.8 to 18.5

.02

First treatment cycle

4.7

–3.8 to 13.2

.27

Entire treatment period

7.0

–2.7 to 16.7

.16

Table 3. Summary score adjusted mean differences between intervention and control groups.
Time period

Estimate

95% CI

P value

First week

8.9

3.1 to 14.7

.003

First treatment cycle

5.3

–0.6 to 11.2

.08

Entire treatment period

10.6

3.9 to 17.3

.002

Secondary Outcome Measures
In the first week, 44% (20/46) of patients in the intervention
group visited the doctor, and 60% (27/45) of patients in the
control group visited the doctor. In the first cycle, 37% (16/43)
of patients in the intervention group visited the doctor at least
twice, and 54% (21/39) of patients in the control group visited

the doctor at least twice. The differences between groups were
not statistically significant (first week: χ21=2.49, P=.12; first
cycle: χ21=2.29, P=.13; Table 4). The number of hospitalizations
was low—3% (3/91) in the first week and 7% (6/84) in the first
cycle—without substantial or statistically significant differences
between the groups (first week: Fisher exact test, P=.62; first
cycle: Fisher exact test, P>.999).

Table 4. Health care use during the first week and the first cycle of systemic therapy.
All, n (%)

Intervention group, n (%)

Control group, n (%)

Chi-squarea (df)

P value

91 (100)

46 (100)

45 (100)

2.49a (1)

.12

no visits

44 (48)

26 (56)

18 (40)

1 visit or more

47 (52)

20 (44)

27 (60)

82 (100)

43 (100)

39 (100)

2.29a (1)

.13

1 visit or less

45 (55)

27 (63)

18 (46)

2 or more visits

37 (45)

16 (37)

21 (54)

91 (100)

46 (100)

45 (100)

N/Ab

.62

No

88 (97)

45 (98)

43 (96)

Yes

3 (3)

1 (2)

2 (4)

84 (100)

43 (100)

41 (100)

N/Ab

>.999

No

78 (93)

40 (93)

38 (93)

Yes

6 (7)

3 (7)

3 (7)

Doctor visits during first week

Doctor visits during first cycle

Hospitalizations during first week

Hospitalizations during first cycle

a

Denotes a chi-square test value.

b

N/A: not applicable; in this instance, denotes the use of Fisher exact test.

Exploratory Analysis of Other EORTC QLQ C-30 and
BR-23 Scales
Scales with clinically important differences between the groups
(baseline adjusted), and with P<.10 (Mann-Whitney U tests)
were social functioning (first week: P=.001, adjusted P=.04;
first cycle: P=.005, adjusted P=.29; end of treatment: P=.003,
adjusted P=.14), pain (first week: P=.03, adjusted P>.999; end
of treatment: P=.005, adjusted P=.29), physical functioning
(first week: P=.051, adjusted P>.999; end of treatment: P=.005,

https://mhealth.jmir.org/2020/8/e17408

XSL• FO
RenderX

adjusted P=.27), role functioning (end of treatment: P=.01,
adjusted P=.49), cognitive functioning (end of treatment: P=.09,
adjusted P>.999), appetite loss (first week: P=.04, adjusted
P>.999), and systemic therapy side effects (first cycle: P=.08,
adjusted P>.999). These scales are presented in Figures 3 and
4. Complete exploratory analysis results are available in the
Multimedia Appendix 7. The only difference between the groups
that could be generalized to the population after adjusting for
multiple testing was in social functioning after the first week
(adjusted P=.04).
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Figure 3. Boxplots showing change from baseline for the selected functional scales of the EORTC QLQ C-30 and BR-23. EORTC: European Organisation
for Research and Treatment of Cancer; QLQ BR-23: Quality of Life Questionnaire Breast Cancer Module; QLQ C-30: Quality of Life Questionnaire
Core 30.
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Figure 4. Boxplots showing change from baseline for the selected symptom scales of EORTC QLQ C-30 and BR-23. EORTC: European Organisation
for Research and Treatment of Cancer; QLQ BR-23: Quality of Life Questionnaire Breast Cancer Module; QLQ C-30: Quality of Life Questionnaire
Core 30.

Discussion
Principal Findings
In this study, we investigated the impact of using of a mobile
app for symptom reporting and self-management on
patient-reported outcomes in early stage breast cancer patients
who were receiving chemotherapy. Chemotherapy can cause
numerous adverse effects which have a negative impact on
health-related quality of life. Our hypothesis was that the
intervention group (those using the mobile app) would cope
better with adverse effects, which would result in the improved
global quality of life and summary scores, especially at the
beginning of chemotherapy, and would result in reduced use of
health resources.
Our first hypothesis about the improved global quality of life
and summary score in the intervention group using the mobile
https://mhealth.jmir.org/2020/8/e17408
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app was confirmed. After the first week of treatment, global
quality of life reported by the intervention group was better than
that reported by the control group, with clinically important
mean differences (Table 2). The global quality of life score
represented patient perception of overall health and overall
quality of life in the previous week, but was not sensitive enough
to detect group differences over time [22]. This was confirmed
in our analysis as both groups had similar global quality of life
scores after the first cycle and at the end of treatment. Summary
score, however, was a more robust alternative to the global
quality of life score, as it took into account 13 scales that were
calculated from 27 out of 30 EORTC QLQ C-30 items. We
found statistically significant differences between groups in
summary scores after the first week and at the end of treatment;
the latter demonstrated a clinically important difference (Table
3). Our mobile app assisted patients as an interventional tool
for the self-management of symptoms. As the patient reported
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a symptom, the mobile app automatically provided the most
suitable information for self-management according to the
reported level of severity (Multimedia Appendix 1 and
Multimedia Appendix 2). This improved patient operative
capability and patient self-efficacy, which resulted in an
improved quality of life in accordance with Bandura’s theory
of self-efficacy theory [29].
To investigate which EORTC QLQ C-30 scales most
significantly contributed to the difference in summary score,
we performed an exploratory analysis. QLQ BR-23 scales were
also included in this analysis to shed light on symptoms and
functioning that were specific to breast cancer. We found
clinically important improvements in social, physical, role, and
cognitive functioning in the intervention group versus the control
group, as well as less severe pain, less appetite loss, and fewer
systemic therapy side effects in the intervention group
(Multimedia Appendix 7, Figure 3, and Figure 4). In a recently
published paper on lung cancer [30], patients with access to a
web-based health education program reported better global
quality of life and emotional functioning, as well as a significant
decrease in ten of the most important symptoms compared to
those in the control group; however, no differences in physical,
role, cognitive, or social functioning were found [30]. Patients
with lung cancer, however, cannot be directly compared to
patients with breast cancer. To our knowledge, comparable
studies for breast cancer patients do not exist. We believe that
the intervention group had better social, physical, role, and
cognitive functioning due to the use of the mobile app (better
self-management). For cancer patients, solving the problem (ie,
self-managing of symptoms) correlates significantly with
improvements in their levels of psychological distress, overall
quality of life, role, and physical functioning [31,32].
We found the strongest effect was for social functioning after
the first week, as the difference between groups remained
statistically significant even after adjusting for multiple
comparisons. Patients who receive chemotherapy treatments
experience imposed limitations in social functioning, which is
also influenced by family support, outlook on life and
opportunities for social exchange [33]. The mobile app had a
positive impact on social functioning, although, a bias as a result
of nonrandom patient allocation may have been present.
Less severe systemic therapy side effects, pain, and appetite
loss in the intervention group were probably due to
self-management techniques employed by these patients. On
the other hand, the surgery-related group differences may have
contributed.
Our second hypothesis was not confirmed. We did not find any
statistically significant difference between groups for use of
health resources. Self-management strategies employed by
patients themselves probably resolved mild and moderate side
effects. For severe symptoms, we presumed that an option of
immediate triggering alert to medical staff at its onset would
reduce health resource use. Basch et al [5] reported significantly
lower health resource usage in the group allocated to symptom
reporting, probably because a severe symptom grade triggered
an email alert to nurses.
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Ginossar et al [34] performed a systematic review of literature
and found over 100 breast cancer-related mobile apps; however,
many of them did not lead to behavior change and many were
not evidence-based. Recent mobile apps for women with breast
cancer have a positive effect by promoting weight loss,
decreasing stress, and improving the quality of life [35,36].
Apps for reporting symptoms and promoting self-care during
cancer chemotherapy treatment are still rare [6-11,37,38].
Electronic capture and monitoring of patient-reported outcome
for symptoms during systemic treatment of cancer has been
found to be feasible, even though patients were not provided
with feedback about their management [5]; however, in studies
[6,7,9,10] where automated alerts for self-management of
reported symptoms were available, a rapid benefit in the form
of decreased symptom severity has been identified. It has been
reported [6] that automated alerts were more effective than
nurse-administrated symptom management. In our study, we
also rapidly found a benefit from the use of our mobile app,
which was demonstrated by better global quality of life and
summary scores in the first week after receiving chemotherapy.
In our opinion, the first week after chemotherapy is a very
important time to alleviate distress in patients. A recently
published randomized trial from Japan [37] tested a mobile app
similar to ours, to see whether the app affected anxiety and
depression, but no improvement in anxiety, depression, or health
literacy were found at the end of treatment [37].
Using a mobile app in collaboration with the treating physician
improved patient well-being and their awareness of
chemotherapy adverse effects [38]; however, the impact of the
mobile app on quality of life outcomes was not assessed [37,38].
Zhu et al [9] reported findings similar to ours, namely that the
e-support group had better quality of life, self-efficacy, and
symptom control than that of the group receiving standard care.
They found beneficial effects at 3 months, but which
disappeared at 6 months [9]. In our study, even at the end of
treatment (approximately 6 months), the beneficial effect in
summary score (but not in global quality of life) remained;
however, Zhu et al [9] assessed quality of life using a different
questionnaire, ie, the Functional Assessment of Cancer
Treatment-B. Recently, a mobile phone–based system for the
remote monitoring and management of chemotherapy-related
side effects was evaluated in Canadian patients with cancer;
however, its impact on health-related quality of life has not yet
been tested [11]. Several randomized controlled trials evaluating
remote electronic monitoring and symptom management are
still ongoing [14-16].

Strengths
The advantage of our study was the detailed patient-reported
outcome analysis of the effect of mobile app usage, with data
collected using validated questionnaires (EORTC QLQ C-30
and BR-23). In addition to using a standard tool (global quality
of life score), we used summary score, a new tool suggested by
EORTC. To our knowledge, our study is the first that uses both
quality of life and summary score as primary outcomes when
analyzing the impact of a mobile app on the care of patients
with breast cancer who are receiving chemotherapy. Moreover,
we appropriately planned the first assessment for after the first
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week, indicated by the statistically significant difference in the
global quality of life and summary score at this time.

Limitations
Our study has some limitations. First, it was a nonrandomized
controlled cohort study. In order to avoid potential bias, it would
have been better to conduct a randomized controlled trial. In
fact, the groups in our study differed with respect to type of
breast surgery, quality of life score, and summary score at
baseline, so the results were adjusted for these differences using
appropriate statistical methods. There may also have been
seasonal differences affecting patient well-being since patients
were enrolled at different times of the year. In addition, a
possible bias may have existed as a result of different
recruitment techniques used by the medical oncologists. At the
beginning of the clinical study, we were still in the process of
programming our mobile app which prevented us from randomly
allocating patients.
Second, not all symptoms that can arise during the systemic
therapy can be assessed with the QLQ C-30 and BR-23
questionnaires. Our app included approximately 50 of the 78
recommended PRO-CTCAE symptoms, so instructions for
patient self-management for the missing symptoms were not
included in the app; however, we aimed to include the symptoms
that occur most commonly over the course of breast cancer
treatments. Our collection was broader than that used by Zhang
et al [39] who developed and evaluated a patient-reported
outcome scale for breast cancer containing 38 items [39].
Our app could also be improved by utilizing wearable sensors
(smart bracelets, watches, rings, etc) and incorporating
additional questionnaires capable of measuring psychological
distress, mental distress, and anxiety; it could be also equipped
with alerts reminding patients to provide data at predetermined
dates.

Future Work
Based on the positive effects on health-related quality of life
measured in the systemic therapy part of breast cancer treatment,
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we plan to include other treatment modalities for breast cancer
patients, ie, surgical interventions and radiotherapy. Another
interesting upgrade would be to include a follow-up period. Our
aim is to provide regular updates to ensure software
compatibility as well as to avoid potential security issues. Since
our app is likely most useful for mild and moderate symptoms
where patients are empowered to manage symptoms themselves,
we plan to also make the app useful for patients with severe
symptoms. We could establish a system where alerts about
patient symptoms are sent to a dedicated hospital server. If the
alert contained any severe symptoms, it would be labelled as
urgent and an appointed research nurse would be trained to react
in accordance with the prespecified medical algorithms. Such
algorithms are also incorporated in recently reported proposals
of studies [14-16] to assess symptom burden, quality of life,
supportive care needs, anxiety, self-care, self-efficacy, work
limitations, and cost effectiveness.
Our findings regarding the impact of mobile app use on the
quality of life and summary scores in combination with those
regarding other scales that were only a part of our exploratory
analysis, should be confirmed in a larger randomized controlled
trial. Further research is also needed in order to extend these
findings to a broader population of patients, including those
suffering from other ailments, and to different organizations in
the medical field.

Conclusions
Our mobile app has interventional value for the self-management
of symptoms for patients with breast cancer who are receiving
systemic therapy which was shown by a better global quality
of life scores (in the first week of therapy) and a better summary
scores (in the first week and at end of treatment) for the
intervention group than for the control group. Based on the
exploratory analysis, the app contributed to clinically important
improvements in social, physical, role, and cognitive functioning
while diminishing pain, appetite loss, and systemic therapy side
effects.
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Abstract
Background: Heart transplantation (HTx) is the most effective treatment for end-stage heart failure patients. After transplantation,
patients face physiological, psychological, social, and other health care problems. Mobile health (mHealth) apps can change the
delivery of conventional health care to ubiquitous care and improve health care quality. However, a dearth of mHealth apps exists
for patients with HTx worldwide, including in Taiwan.
Objective: The aim of this study was to investigate the information needed and to develop a preliminary framework for an
mHealth app for post-HTx patients.
Methods: A qualitative approach with individual in-depth interviews was conducted at a heart center in the regional hospital
of northern Taiwan from June to November 2017. Patients that had undergone HTx and their health professionals were recruited
for purposeful sampling. A semistructured interview guideline was used for individual interviews and transcribed. Thematic
analysis was used for data analysis.
Results: A total of 21 subjects, including 17 patients and 4 health professionals, were recruited for the study. The following
five major themes were identified: reminding, querying, experience sharing, diet, and expert consulting. Minor themes included
a desire to use the app with artificial intelligence and integration with professional management.
Conclusions: An intelligent mHealth app that addresses the five main themes and integrates the processes of using a mobile
app could facilitate HTx self-management for Taiwanese patients.
(JMIR Mhealth Uhealth 2020;8(8):e18999) doi:10.2196/18999
KEYWORDS
heart transplantation; mobile health app; self-management

Introduction
Background
Heart transplantation (HTx) is a surgery for patients with heart
failure who are not eligible for drug or other surgical treatments,
involving mechanical assistance such as extracorporeal
membrane oxygenation or a ventricular assist device, which is
then replaced with a healthier heart [1,2]. Since Barnard
performed the world’s first HTx in 1967 [3], according to the
http://mhealth.jmir.org/2020/8/e18999/
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International Society for Heart and Lung Transplantation, there
have been approximately 5000 HTx (adult and pediatric)
performed every year worldwide [4]. The first HTx in Taiwan
was performed in 1987 [5], and according to reports of the
Taiwan Organ Registry and Sharing Center, there have been
approximately 668 HTx performed to date in the country, with
1-, 3-, 5-, and 8-year allograft survival rates of 79%, 71%, 65%,
and 56%, respectively [6].
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After HTx, the recipients have to take immunosuppressants to
decrease the activity of their immune system and prevent it from
attacking the donated heart. The current standard
immunosuppressive regimens include calcineurin inhibitors (eg,
cyclosporine, tacrolimus, Prograf), antiproliferative agents (eg,
azathioprine and mycophenolate mofetil), and steroids (eg,
methylprednisolone, prednisolone) [7,8]. The main side effects
of immunosuppressants include nephrotoxicity, hypertension,
trembling, body hair growth, gum hypertrophy, liver toxicity,
high blood sugar, high cholesterol, myelosuppression,
leukopenia, thrombocytopenia, hypocytopenia, Cushing signs,
weight gain, high blood pressure, high blood lipids, and
gastrointestinal bleeding [9,10].
Previous studies showed that approximately 20%-30% of
patients with HTx exhibit drug noncompliance [11] or forget
to take their drugs [12]. Patient drug noncompliance increases
with a longer time after HTx [13]. The main health problems
caused by taking immunosuppressants after HTx are physical
deterioration, fatigue, foot cramps, hair hyperplasia, moon face,
poor vision, and acne, sequentially [14-17]. Anxiety and
depression are the most common psychological problems in
HTx patients [18]. The reasons for psychological stress include
unclear prognosis of the disease, fear of death, fear of rejection,
fear of complications, fear of increasing family trouble, and
pressure to use drugs [19,20].
Currently, wireless networks, smartphones, and mobile health
(mHealth) apps are becoming increasingly more popular.
According to a systematic review literature, patients with
cardiovascular disease, acquired immunodeficiency syndrome,
diabetes, and organ transplants have positive perceptions after
using mHealth services to improve their medication compliance
[21]. In 2016, a mobile app for heart failure patients was
developed, which included functions for self-assessment of
heart failure symptoms, exercise recommendations, vital signs
records, and statistical data. The graphics helped physicians
make decisions and the research findings showed good results
for patients to self-manage the disease, improve compliance
with medications, and implementation of diet and exercise [22].
Online and smartphone-based apps for cardiac rehabilitation
programs can augment secondary prevention strategies
compared with standard cardiac rehabilitation. In particular, the
app was shown to improve risk factors (eg, weight, blood
pressure, and diet) and to reduce the health care burden of repeat
cardiovascular
disease
events
(eg,
rate
of
rehospitalizations/emergency department visits) [23]. Patients
with chronic diseases who used mobile phones (eg, medication
reminder apps, text messaging) showed better medication
adherence compared with usual care [24,25]. In a randomized
3-month study, patients with coronary heart disease who were
found to have an app showed increased drug compliance, and
patients with positive app acceptance and participation with the
app showed positive results [26]. These studies demonstrated
that mHealth apps can support patients with specific diseases
for health self-management.
To our knowledge, there is no mHealth app available for
supporting patients with HTx in Taiwan. Most hospitals use
traditional self-management education and clinic consultation
to support their patients. There are some disadvantages of this
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approach, including the fact that patients may not fully
understand the interventions of self-management within the
limited clinic visiting time and they often have a physical burden
after surgery (eg, pain, fatigue). Thus, a tailored HTx mHealth
app could offer continuous support to patients anytime and
anywhere to ultimately improve their quality of life in the long
term. To support patients with HTx, Cheng Hsin General
Hospital (an HTx-specific hospital in Taiwan) and National
Yang-Ming University have been working together to design
an HTx mHealth app since 2017.

Objectives
When developing an effective mHealth app to support health
self-management, it is important to understand the expectations
of end users in the early phase. The end users of the mHealth
app designed in this study are patients with HTx. However,
according to a previous study, HTx physicians and nurses were
the major education providers for the self-management of
HTx-related problems [17]. An mHealth app with management
from health professionals may be beneficial to patients when
developing a useful app. To our knowledge, there is a dearth of
studies investigating the information needed for patients with
HTx and their health professionals in the design of mHealth
apps. To address these gaps, the objective of this study was to
discover these needs to facilitate future development of an HTx
mHealth app.

Methods
Study Design and Ethics
In this study, we used a qualitative approach involving
individual interviews with HTx patients and their health
professionals from June to November in 2017, with the goal of
collecting and analyzing their information needs in an mHealth
app for supporting HTx health self-management. The researchers
(YW, IC, LF) are trained in qualitative academic research and
have extensive experience in individual interviews. The clinical
researchers from Cheng Hsin General Hospital included the
cardiac surgeon and the superintendent (WJ), director of nursing
(HL), and nurse supervisor (CH) who facilitated the process of
this study.
This study complies with the Helsinki Declaration and was
approved by the Institutional Review Board of the study site in
Taipei before the study began [No. (596) 106-04].

Study Site and Service Processes
The study site is The Heart Center of Cheng Hsin General
Hospital, which specializes in the diagnosis, management, and
treatment of cardiovascular diseases in northern Taiwan. Up to
February 2020, a total of 523 patients successfully received
HTx operations, 46 of whom have survived postsurgery for
more than 20 years. This survival rate is the highest in Taiwan.
The HTx health professional team (of the Cardiovascular
Surgery Division) consists of two surgeons who are qualified
instructors of HTx and three coordinators who are responsible
for communication between health professionals and patients
through the service process. The study site also employs nurse
practitioners, who are nurses that assist with frontline
surgery/medical therapy and direct care.
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The service process for patients with HTx includes three phases:
before hospital admission, during hospitalization, and at
discharge. The first phase includes cases with acceptable
preevaluation information (eg, medical records, test results).
Consultation, laboratory tests, preoperative evaluations,
surgery/medical therapy, intensive care, recuperation, and
cardiac rehabilitation are included in the second phase.
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Follow-up services (eg, regular clinic appointments,
telecommunication as needed) are provided in the third phase.

Samples
To fully understand the users’ information needs for the mHealth
app, a purposeful sampling approach was used to recruit patients
with HTx and their health professionals for this study. The
inclusion criteria are described below and a flowchart of the
sampling process is shown in Figure 1.

Figure 1. Study flowchart.

For patients with HTx, the inclusion criteria were: (1) HTx
recipients who regularly visited the HTx clinic (Tuesday
afternoons) during the study period (June to November 2017),
(2) over 20 years old, (3) native Mandarin/Taiwanese speakers,
and (4) mobile phone users. The exclusion criteria were: (1)
mental illness and (2) slurred speech.The patients matched to
the inclusion criteria were referred by the HTx coordinators to
the researcher (YW) to confirm their willingness to participate
and all agreed to have individual interviews. Before the formal
interview, the consent form was filled out and the formal
interview was held by the researcher for at least 30 minutes in
the meeting room of the study site.
Four types of HTx health professionals (physicians,
coordinators, nurse practitioners, and nurses) who were the
primary health self-management education providers at the
study site were recruited [17]. The inclusion criteria for each
role were: (1) experience with HTx direct care, (2) experience
with HTx administrative management (eg, director, head nurse,
assistant nurse, leader), and (3) mobile phone users. The
exclusion criteria were not current research team members (all
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authors). After the consensus meeting of the research team, the
representative health professionals were invited and all agreed
to have individual interviews by the researcher (YW) at their
office. Every subject was given US $15-30 for compensation
after the interview according to their interview time.

Interview Guideline
One interview guideline was created to support the data
collection. The first part was for patients, which included
demographics (eg, education, marital status, occupation before
and after HTx, time after HTx) and open questions for mHealth
app self-management on HTx (eg, what difficulties have you
faced after HTx and how do you think the mobile app could
support you?). The second part was for HTx health
professionals, with open questions about how mHealth apps
could support patients with HTx. The interview guideline was
reviewed by the nurse managers of the heart center at the study
site (HL, CH), who confirmed the appropriateness before
individual interviews. The details of the guideline are provided
in Textbox 1.
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Textbox 1. Details of the interview guideline for heart transplant (HTx) patients and professionals.
Interview guideline for patients with HTx
•

Name:

•

Age:

•

Education:

•

Marital status:

•

Occupation before HTx:

•

Occupation after HTx:

•

Time since HTx:

•

Mobile smartphone experience: Yes/No

•

Open questions:

1. Would you please tell me what difficulties you have faced after HTx (eg, medication side effects, nutrition intake, etc)?
2. We would like to develop a mobile phone app to support patients with HTx on self-management in the future. How do you think the mobile health
app could support you (eg, useful functions)?
Interview guideline for HTx professionals
•

Name:

•

Age:

•

Education:

•

HTx working years:

•

Open questions:

1. Would you please tell me what difficulties you have faced in managing patients with HTx (eg, medication compliance, communication problems,
etc)?
2. We would like to develop a mobile phone health app to support patients with HTx on health self-management in the future. How do you think that
mobile health apps could support them (eg, useful functions)?

Data Collection
Before the interview, a brief introduction to the study and
interviewer was provided by one of the researchers (YW). An
electronic voice recorder was used with permission of the
subjects. During individual interviews, the subjects were free
to answer the questions and allowed to refuse when they felt
uncomfortable. The researcher encouraged them to share their
opinions without enforcement and interruption. Field notes were
also taken by the interviewer to retrieve the key information
from subjects. Before ending the interview, the subjects were
asked whether they had additional comments to share and
confirmed that there were no more data to be obtained from the
subjects. After the interview, all voice records and nonverbal
body language (eg, facial expressions, voice tone, and motions)
were transcribed verbatim within 48 hours and returned (via
email or post) to the subjects to confirm the semantic accuracy
[27].

Information Needs Analysis Framework
We adopted the methodology of Vaismoradi et al [28] for
trustworthy thematic analysis to summarize our subjects’
information needs and to analyze the data from the individual
interviews. The first step involved an overall reading of the text.
All of the verbatim transcribed notes were read by researchers
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(YW, IC) with an open mind. Any meaningful text or
researchers’ reflections were written down as the fundamental
content for theme retrieving after the initial reading. The second
step involved generating initial codes. According to the purpose
of the study, the researchers generated the initial codes with
empathy to the mHealth app needs of the subjects. The third
step involved generating confirming codes. To clarify the
contradictions and find hidden messages from the original
verbatim transcribed text, the researchers read the text again.
The initial codes were reconfirmed, adjusted, added, and any
redundancies were eliminated. The fourth step involved
generating the initial themes. The codes with similar meaning
were categorized into the same themes. The fifth step involved
generating the confirmed themes. After rechecking the verbatim
transcribed text and reflecting on the journal and codes, the final
themes and their names were confirmed by the research team.
Finally, the report was produced. The Consolidated Criteria for
Reporting Qualitative Research guidelines were used to produce
this report. Through the process of analysis, peer debriefing,
reflective journaling, and consensus of research teams, theme
saturation was achieved. With the names of codes, themes were
created according to familiarity for HTx patients, and these
names also helped with communication for mHealth app
development. Table 1 provides an example of the thematic
analysis process followed in this study.
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Table 1. Example analysis of information needs framework for the Reminder theme.
Transcribed text from interview

Codes

“When I am busy, the (mobile) phone (app) could remind me to take four FK (tacrolimus; FK506) in the

First reminder for medication

morning and three (FK) in the afternoon.” -Patient B, 50-year-old man, college, business, CADa with ICMPb
“I used the alarm clock with my (mobile) phone to remind me (to take the medication) regularly and so did Second reminder for medication
my wife. When I forgot (to take the medication), my wife would remind me (to take the medication).” Patient L, 54-year-old man, senior high school, retirement, DCMc
“When we decided to adjust the medication (the dose of immunosuppressant), we would send out messages Reminder of medication dose adjustment
(to patients) through Line message. The patients would know their medication was adjusted. (The hospital
side would know the patient read the message).” - P1, 48-year-old man, college, heart transplant physician
“When patients return home after the heart transplant, the app would remind them about influenza if they
have poor immunity. In the fall and winter, there would be a reminder warning about the window of the
peak of influenza. Patients should pay attention to it.” - P3, 34-year-old woman, college, cardiac intensive
care unit assistant head nurse
a

Reminder about influenza season

CAD: coronary artery disease.

b

ICMP: ischemic cardiomyopathy.

c

DCM: dilated cardiomyopathy.

Results
Description of the Subjects
A total of 21 subjects, including 17 patients with HTx and 4
health professionals, were recruited from June to November
2017. Most of the patients were male (13/17, 77%), 51 to 60

years old (7/17, 41%), with a college education (8/17, 47%),
married (11/17, 65%), had a job before HTx (15/17, 88%) and
after HTx (8/17, 47%), were diagnosed with dilated
cardiomyopathy (DCM) (14/17, 82%), and received HTx more
than 2 years previously (10/17, 59%). The detailed demographic
data for each patient are shown in Table 2.

Table 2. Demographic data of heart transplant (HTx) patients.
Patient ID

a

Sex

Age (years)

Education

Marital status

Pre/post HTx occupation

Pre HTx diagnosis
a

b

Time since HTx

A

M

53

Master

Married

Business

CAD with AMI

1-2 years

B

M

50

College

Married

Business

CAD with ICMPc

>2 years

C

M

39

College

Single

Service industry

DCMd

>2 years

D

F

43

College

Single

Service industry

DCM

>2 years

E

M

52

Junior high school

Single

Industry

DCM

>2 years

F

M

54

Junior high school

Married

Industry/Retired

DCM

<6 months

G

F

51

Junior college

Married

Service industry

DCM

>2 years

H

F

62

Elementary school Married

Industry/Housewife

DCM

<6 months

I

M

55

College

Divorced

Service industry

DCM

>2 years

J

M

46

College

Divorced

Service industry/Retired

DCM

>2 years

K

F

50

Senior high school Married

Housewife

DCM

>2 years

L

M

54

Senior high school Married

Industry/Retired

DCM

>2 years

M

M

27

College

Single

Unemployed

HOCMe

>2 years

N

M

32

College

Married

Service industry

DCM

1-1.5 years

O

M

55

Senior high school Married

Service industry

DCM

1-1.5 years

P

M

48

College

Married

Business

DCM

1-1.5 years

Q

M

42

Junior high school

Married

Industry/Unemployed

DCM

1-1.5 years

CAD: coronary artery disease.

b

AMI: acute myocardial infarction.

c

ICMP: ischemic cardiomyopathy.

d

DCM: dilated cardiomyopathy.

e

HOCM: hypertrophic cardiomyopathy.

http://mhealth.jmir.org/2020/8/e18999/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18999 | p.173
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Chen et al

The health professionals included one physician and three nurses
who all had college degrees. The physician had more than 10
years of experience with HTx and is the director of the Taiwan
Heart Transplant Association. The first nurse is the coordinator
(ie, case manager) who had 11 years of experience with HTx
direct care and currently communicates with patients, families,
and hospitals. She is also responsible for outpatient clinic

services, patient medication education, and holds support group
activities for patients with HTx. The second nurse is the assistant
head nurse in the cardiac intensive care unit who had 9 years
of experience in intensive care for post HTx patients. The third
nurse is the cardiac surgery nurse practitioner who had 10 years
of experience and is responsible for the HTx care plan and
evaluation. Their demographic data are shown in Table 3.

Table 3. Demographic characteristics of cardiology professionals.
ID

Sex

Age (years)

Education

Job title

Years of heart transplant experience

P1

M

48

College

Heart transplant physician

10

P2

F

44

College

Heart transplant coordinator

11

P3

F

34

College

Cardiac intensive care unit assistant head nurse

9

P4

F

34

College

Cardiac surgery nurse practitioner

10

Main Themes
After the thematic analysis, a total of five major themes and 14
codes were identified (Textbox 2).

Theme 1: Reminder

on a mobile phone is the most commonly used tool for
preventing medication noncompliance. However, if they still
forget to take the medication after turning off the alarm, the app
with a medication reminder would be helpful for increasing
their medicine compliance.

Nearly every subject mentioned that the app would be helpful
for reminding them to take their medication regularly. The alarm
Textbox 2. Themes and codes as the framework for a heart transplant self-management app.
Theme 1: Reminder
•

1-1. First reminder for regular medication administration

•

1-2. Second reminder for regular medication administration

•

1-3. Reminder when medication dose is adjusted

•

1-4. Reminder to return to the clinic for examination

•

1-5. Reminder of influenza season

Theme 2: Query
•

2-1. Laboratory results

•

2-2. Plasma drug concentration

•

2-3. Record of heart rate and blood pressure

Theme 3: Experience Sharing
•

3-1. Asynchronous experience sharing

•

3-2. Synchronous experience sharing

Theme 4: Diet
•

4-1. Diet guideline

•

4-2. Recipes

Theme 5: Expert Consulting
•

5-1. Artificial intelligence consulting

•

5-2. Remote professional consulting
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Code 1-1: First Reminder for Regular Medication
Administration
It is good to have a reminder (in the app), the mobile
phone can help patients to take medicine regularly
and decrease the risk of transplant rejection. [P2,
44-year-old woman; heart transplant coordinator]
The (mobile) phone (app) could remind patients to
take four FK (tacrolimus; FK506) in the morning and
three (FK) in the afternoon. [Patient B, 50-year-old
man, college, business, coronary artery disease (CAD)
with ischemic cardiomyopathy]
For those elderly (patients), sometimes they forget
(to take medication). If there is an app to remind you
to take the dose of medicine in the mornings,
afternoons, and evenings, it would be really helpful.
[Patient I, 55-year-old man, college, service industry,
DCM]
In addition to the reminder to take medication, the patients with
HTx also mentioned that they need the app to provide drug
information since there are so many different kinds of
medications to take after HTx. They can better follow the
instructions of taking the medication if they have more
knowledge of them.
The app should not only remind the dose of
medication for each person to take but also provide
the image, action, and side effects of the drug. Then,
I would feel more clarity. [Patient C, 39-year-old man,
college, service industry, DCM]
There should be the label and image of the drug on
the screen of the mobile phone to remind me to take
the medicine. That would prevent me from taking the
wrong medication. [Patient Q, 42-year-old man, junior
high school, industry before HTx and unemployed
after HTx, DCM]
Code 1-2: Second Reminder for Regular Medication
Administration
Some patients with HTx also mentioned that they depend on
their family to remind them to take medication. The secondary
reminder would provide them with more confidence to prevent
the undesired neglect to take medication.
I use the alarm clock with my (mobile) phone to
remind me (to take the medication) regularly. My wife
also does the same thing. When I forgot (to take the
medication) at the time, my wife also reminds me (to
take the medication). [Patient L, 54-year-old man,
senior high school, retired, DCM]
I am afraid of forgetting to take so many medications
and I need my husband to remind me. If the phone
app rings (referring to having the reminder from the
app), then I will take the medication. It is convenient
for my husband’s phone app to ring to make sure I
take the medication. [Patient H, 62-year-old man,
elementary school, industry before HTx and
housewife after HTx, DCM]
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Code 1-3: Reminder When Medication Dose is Adjusted
In addition to the reminder for needing to take medication
regularly, having information on medication dose adjustment
according to their plasma immunosuppressants concentration
is also important for patients with HTx. The medication dose
adjustment reminder is currently provided by the HTx
coordinator via telephone when their laboratory report is
received. After HTx patients return to the outpatient clinic and
have their blood drawn, the physician then adjusts their
immunosuppressants dose according to their plasma drug
concentration. However, there can be problems such as the
patients being out of reach (eg, too busy to answer the phone)
or forgetting the verbal order, and thus taking the wrong dose.
In these situations, the subjects would like the app to remind
them when medication dose adjustment is needed and to improve
communication between patients and health professionals.
I think it (the reminder of medication dose adjustment)
is necessary, especially at the beginning of receiving
HTx. It would be convenient to receive the drug
adjustment message from the app because sometimes
(I) would forget. [Patient G, 51-year-old man, junior
college, service industry, DCM]
When we decide to adjust medication (the dose of
immunosuppressant), we could send out a message
(to patients) through the Line message. The patient
would know how their medication should be adjusted.
(The hospital side would know the patient read the
message.) [P1, 48-year-old man, college, HTx
physician]
Code 1-4: Reminder to Return to the Clinic for Examination
Some subjects also mentioned that the app should provide the
reminder of the outpatient clinic and examination appointments
to support the patients and health professionals.
I do not know if it’s because of retirement, but my
memory seems to be getting worse. So, if the phone
(app) can remind me to return (to the clinic), my wife
and I would have less trouble. [Patient J, 46-year-old
man, college, service industry before HTx and retired
after HTx, DCM]
For the reminders on clinic appointments, if the app
could remind them (HTx patients) to return (clinic
appointment) after making the reminder setting, the
following reminders are automatic (without setting
manually), which could save lots of time for the (HTx)
coordinator. They only (need to) find out which
patients had no response (those who do not return to
the clinic for follow up) and focus on reminding them.
[P1, 48-year-old man, college, HTx physician]
Code 1-5: Reminder of Influenza Season
The subjects also mentioned that the app could send a warning
or voice reminder during influenza season to support HTx
self-care taking into account their lower immune system and
provide self-protection procedures.
I am worried about getting an infection. So, (the app)
could remind me to wear a mask during influenza
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
season. [Patient O, 55-year-old man, senior high
school, service industry before HTx and unemployed
after HTx, DCM]
It is easy to catch a cold when the seasons alternate.
The app can remind me there is an influenza outbreak.
[Patient P, 48-year-old man, college, business, DCM]
I think when patients return home, there should be a
reminder about the influenza season when their
immune systems are weak. In the fall and winter
seasons, the app should have a pop-up reminder that
it’s the influenza season and to be careful. [P3,
34-year-old woman, cardiac intensive care unit
assistant head nurse]

Theme 2: Query
Over half of the subjects indicated that they would like the app
to provide query functions for laboratory results (eg, liver
function index, renal function index, hemoglobin, hematocrit,
blood sugar), plasma drug concentrations, heart rate records,
and blood pressure. Such functions are convenient for patients
with HTx to take care of themselves and they also could show
their laboratory data to their physician when they return for a
clinic visit. Some patients with HTx also felt that such functions
would be more helpful than the oral report from health
professionals.
Code 2-1: Laboratory Results
I hope I could query about my (laboratory) report of
blood drawing in my phone (app) such as hemoglobin
and liver function index. (Referring to his mobile
phone with his finger and nodding.) [Patient M,
27-year-old man, college, unemployed, hypertrophic
cardiomyopathy (HOCM)]
If queries are provided in the app, that would be
better than the (HTx coordinator) and ribbit (nagging)
you. You can remind yourself what the query of the
last examination report was. (The subject refers to
the coordinator with their finger with a smile on their
face.) [Patient B, 50-year-old man, college, business,
CAD]
Code 2-2: Plasma Drug Concentration
Many subjects queried about the report of their plasma drug
concentrations and indicated that showing the trend in the app
was very important to them. Such functions could show them
the importance of taking immunosuppressants regularly and
prevent rejection.
I could see data of my drug plasma concentration
(from the app). It is very important for me to know
the importance of taking medication. [Patient M,
27-year-old man, college, unemployed, HOCM]
To see the figure curves of drug plasma concentration
would be very convenient for the patient to return to
the clinic and show their physicians. [P4, 34-year-old
man, college, cardiac surgery nurse practitioner]
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Code 2-3: Record of Heart Rate and Blood Pressure
Some of the subjects mentioned that the app should provide
records of heart rate and blood pressure as an important index
of heart function, which would help them to better control their
body.
If the app could integrate with other devices then I
can check my blood pressure and heart rate, which
would be better. (The subject refers to the data check
in the monitor in the hospital which could be
integrated in the app) [Patient C, 39 year-old-man,
college, service industry, DCM]
I think there should be basic blood pressure and heart
rate monitoring and then I could see the results. It
would be very convenient. [Patient D, 43-year-old
man, college, service industry, DCM]

Theme 3: Experience Sharing
About half of the subjects mentioned that would like to share
their experience and information with other HTx patients
asynchronously (eg, via a blog) or synchronously (eg, in an
online chatting room). For new patients with HTx, asynchronous
experience sharing would help them learn more about how to
take care of themselves from a more senior patient with HTx.
Code 3-1: Asynchronous Experience Sharing
I told my psychologist about the panic attack (the
subject felt chest tightness and nervous) at midnight.
He encouraged me to write down the severity of
anxiety before the heart biopsy. Now, I am creating
a blog and hope to record the process through texts.
The blog could share important messages with
patients and families. Such peer groups are very
important. [Patient A, 53-year-old man, master
degree, business, CAD]
It is good (referring to the experience sharing post
HTx). We can learn from other people how to protect
their heart. My husband and I can pay attention to
these experiences. [Patient H, 62-year-old woman,
elementary school, housewife, DCM]
Code 3-2: Synchronous Experience Sharing
Synchronous experience sharing could support patients mentally
(eg, to decrease the anxiety on the uncertainty of a rejection
response) and prevent social isolation.
We understand that new people (referring to new
patients with HTx) on the medication and other
problems would be more anxious and worry about
their condition. To have such (experience sharing),
would be helpful. [Patient G, 51-year-old man, junior
college, service industry, DCM]
You may have less contact with your friends. I
participated in many activities before, but after HTx,
there may be foods I cannot eat. Maybe friends go to
climb a (mountain) or have high-intensity activities
and we may not be able to participate. Then, we
become far away from friends. If the app can provide
a chatting room, it allows the patients to have a place
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where they can decompress. [Patient K, 50-year-old
woman, senior high school, housewife, DCM]

Theme 4: Diet
Some of subjects mentioned they would like to know about the
diet guidelines after HTx. They were told that they cannot eat
certain foods without cooking them first such as raw fish and
salads, which they liked to eat before HTx. They felt the
limitations of food choices in their daily life. They would like
to know what foods they can eat and to tailor the food
recommendations according to their physiques.
Code 4-1: Diet Guidelines
I think there should be customized functions in the
app which provides recommendations on the nutrition
according to your physique. [Patient A, 53-year-old
man, master degree, business, CAD]
There should be a notice (in the app) on which raw
foods to avoid and if grapefruits would affect the
metabolizing of the medication. [Patient E,
52-year-old man, junior high school, industry, DCM]
We, the earlier HTx patients, were told by the health
professionals that we could not take Chinese herbs if
we needed to inactivate our immune system (referring
to preventing an auto rejection response). Some
Chinese herbs would activate the immune system of
the body like wheat grass juice. Such knowledge
should be provided earlier for our specific body
condition and prevent us from eating those foods.
[Patient G, 51-year-old man, junior college, service
industry, DCM]
I hope there would be a list of foods that we can eat
and I can see the detailed information when I click
on it. [Patient N, 32-year-old man, college, service
industry before HTx and unemployed after HTx,
DCM]
Code 4-2: Recipes
Some of the subjects had the problem of becoming overweight
after HTx from taking steroids. They need the app to provide
recipes, calculate food calories, and determine the daily intake
of calories.
I think you can provide food recipes. Recently, I read
the recipes for patients after HTx. The app could
provide such recipes like a low-fat diet or low
carbohydrate diet of your choice. You could provide
recipes for 1 week and they could try them out. You
can retrieve some recipes or food photos from the
internet which I think would be good. [Patient K,
50-year-old woman, senior high school, housewife,
DCM]
The app could provide recipes or videos of cooking.
Then, the patients would know what to eat when they
come home. [P3, 34-year-old woman, cardiac
intensive care unit assistant head nurse]
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Theme 5: Expert Consulting
The subjects indicated that the app could provide artificial
intelligence consulting. The patients could upload a text or photo
to the app for consulting. The app could then automatically
answer the patients with efficiency.
Code 5-1: Artificial Intelligence Consulting
Like a bank app, when typing in simple questions
about specific items, the app could automatically
answer the questions. [Patient Q, 42-year-old man,
junior high school, industry before HTx and
unemployed after HTx, DCM]
The app could let the patients ask questions with a
short text message. For those simple questions, the
app could automatically respond to patients. [P4,
34-year-old woman, college, cardiac surgery nurse
practitioner]
Code 5-2: Remote Professional Consulting
For urgent situations, the subjects mentioned that they could
remotely consult the health professionals through the telephone
using photos, which can then be sent to the physician or
coordinators for assessment and problem solving. Such functions
would help patients who live in more remote areas to save on
travel time.
If you have a problem, you can ask questions (with
the app). For example, at midnight, when there is an
urgent situation, some health professionals (in the
app) can help. [Patient D, 43-year-old man, college,
service industry, DCM]
I think the phone number of HTx health professionals
could be shown in the app for contact. [Patient N,
32-year-old man, college, service industry before HTx
and unemployed after HTx, DCM]
When patients come home, there could be a health
problem like limb edema from their heart function
getting worse. Patients who live in the middle or south
of Taiwan could send photos to ask the physician or
coordinator. That would save on their travel time and
solve the problem immediately. [P3, 34-year-old
woman, cardiac intensive care unit assistant head
nurse]

Discussion
Principal Findings and Comparison to Previous Studies
According to the results, the information needed for patients
with HTx on mHealth apps included five main themes: reminder,
query, experience sharing, and diet and expert consulting. The
results were mainly consistent with a previous study showing
that patients with HTx need self-management education such
as about regular medication taken, regular exercise, diet control,
infection/rejection signs observation, and regular clinic visiting,
which could support patients with HTx on health
self-management [29].
Most subjects indicated needing the app to support them on
reminders for medication taken (code 1-1, code 1-2, code 1-3),
clinic/examination appointments (code 1-4), and influenza
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season (code 1-5). With regard to the reminder for medication
taken, this is focused on immunosuppressants management to
prevent rejection of the grafted heart [7,8], supporting the same
importance and difficulty in medication compliance as
highlighted in previous studies [21]. To our knowledge, there
are existing mHealth apps for supporting taking medication
regularly [30] but these were not adopted by our subjects.
Instead, they used the original alarm in the mobile phone but
sometimes also forgot to take the medication. In such situations,
some of their family members would remind them. The design
of an mHealth app that could support secondary medication
reminders from family or health professionals might be useful
for such unexpected noncompliant medication situations.
To resolve the ineffective communication process between
discharged patients and their health professionals (eg, informing
medication adjustment, clinic appointments), our health
professionals suggested that the app could support them in
knowing that their messages had been received by the patients.
Currently, such functions are provided by instant message
software in Taiwan. Therefore, the newly developed app should
consider involving the same function that may facilitate its
adoption.
In addition, a reminder for influenza season (code 1-5) was
indicated as a requirement of the app by both the patients and
health professionals. The growing availability of big data in
health care and public health opens up possibilities for infectious
disease control in local settings. The detection and prediction
(nowcasting) of influenza epidemics are now becoming possible
[31].
With regard to the query of their laboratory report (code 2-1),
plasma drug concentration (code 2-2), and their own health
records (code 2-3), these needs are consistent with those of
patients with other diseases [22,32]. Currently, most patients
only know about their report when they come to the clinic and
are told by the health professionals through an electronic health
record query. Query from the app and the ability to read their
report anytime may support patients in achieving self-control
of their health behaviors rather than being passively monitored
by health professionals.
With regard to the theme of experience sharing, our subjects
had difficulties in facing activities with people owing to
suffering from physical problems after HTx (eg, fatigue,
Cushing syndrome) [14-17]. Therefore, the app may support
patients in providing social connections with other patients to
mentally support each other and decrease feelings of social
distance anytime and anywhere (code 3-1, code 3-2). To our
knowledge, social networks are popular (eg, Facebook,
Instagram, Line) and most patients use them to exchange
information. However, the individual privacy and accuracy of
the content is a concern, as mentioned by some subjects: “There
should be someone to manage the accuracy of the data” (Patient
B, 50-year-old man, college, business, CAD); “If there is an
online community, you need to manage the personal data, but
who has that responsibility?” (Patient I, 55-year-old man,
college, service industry, DCM).
With regard to the theme of diet, this is a common need
expressed by patients who experience severe illnesses and
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recovery. To date, there have been many new technologies (eg,
web-based tools, smartphone apps) developed to support diet
self-management [33]. However, the diet guideline (code 4-1)
specific to the needs of HTx patients (eg, avoid eating raw foods
that may weaken their poor immune system) should be
considered. Specifically, female subjects indicated a need for
more advanced diet and caloric calculation functions in the app
given concern for body weight control problems from taking
steroid medications. Providing specific and customized recipes
(code 4-2) in the app for patients with HTx may support them
in consuming appropriate foods and obtaining good nutrition.
With regard to the theme of expert consulting, continuous
support from health professionals was highlighted as very
important to patients with HTx (code 5-1, code 5-2). A previous
study showed that telemedicine apps can support communication
about oral conditions among clinicians and patients [34].
Considering the busy work and limited human power of health
professionals, the subjects referred to their experience of using
artificial intelligence (eg, chat robot) and recommended the
research team to design such functions in the app.
When patients with HTx have an emergency physical situation,
an automatic quick response from the app when they ask
questions can first help to screen the severity of their medical
needs and save travel time on returning to the hospital. An app
with artificial intelligence could increase the convenience.
However, the validity and reliability of artificial intelligence
should be evaluated carefully when adopted in the app to prevent
risks. In addition, the app could facilitate communication
between health professionals and patients. With the reports from
the hospital’s side (eg, blood report, echo image, heart biopsy)
and patient’s side (eg, body temperature, heart rate, blood
pressure), both sides could easily communicate with each other
through the app (eg, medical advice when there is an abnormal
report). Such communication depends on integration into the
hospital management in the future. These two minor findings
would facilitate end user intent to use the app.
In summary, five main themes were identified by the research
team. The information based on these main themes and their
codes were then used to form the framework (Textbox 2) for
development of an HTx mHealth self-management support app.
Most themes were consistent with previous studies, but some
new advanced codes specific to HTx management were
uncovered (code 1-2, second reminder for regular medication
administration; code 1-5, reminder of influenza season; code
5-1, artificial intelligence consulting). We believe that individual
interviews with patients and health professionals is a strong
method for identifying mHealth technology information needs
for Taiwanese patients with HTx.

Limitations
The first limitation of this study is that it was conducted in urban
areas with more medical resources than are typically available
in the more rural areas of the country, which might have resulted
in geographical bias. We did not provide the simulation app,
which might have resulted in different feedback. The second
limitation of this study is the purposeful sampling approach,
which prevented recruitment of more subjects and we did not
consider the sex ratio among HTx patients, which might result
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in different information needed in the mHealth app. The third
limitation is that we did not include the perspective from
managers and information communication technology specialists
at the study site, who may have insight into the policy (eg,
human power to support an mHealth app service) and technology
feasibility (eg, artificial intelligence consulting) on developing
a patient-centered app to support HTx self-management.

Chen et al

Summary and Conclusions
Our team used individual in-depth interviews to retrieve the
information needed for use in an mHealth app from patients
with HTx in Taiwan. A total of five main app needs were
retrieved efficiently to facilitate developing an HTx
self-management app. The next steps include building a real
app and validating the self-management outcomes (eg,
technology acceptance, medication compliance, rejection
response, emergency visiting) from Taiwanese patients with
HTx.
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Abstract
Background: mHealth and uHealth apps are available for children with asthma and their caregivers. However, previous studies
on mHealth apps for children older than 7 years old with asthma are limited, and most studies on asthma apps do not consider
interactions involving communication between children and caregivers. Therefore, a prototype mHealth child asthma app was
developed for children and their caregivers, with features of tailored feedback messages in continuing self-management and
interactions between children and caregivers.
Objective: The aim of this study was to identify the beneficial features of a prototype mHealth app developed for children with
asthma and their caregivers.
Methods: Children diagnosed with persistent asthma by allergy specialists at the National Center for Child Health and
Development were recruited. The features of a prototype mHealth app for children with asthma and their caregivers were
investigated using semistructured interviews after they tried the app. Data were analyzed using thematic analysis.
Content-characteristic words were named and grouped together as categories to explore themes.
Results: We recruited 27 children with asthma aged 2 to 12 years and 26 their caregivers. Findings on the good aspects of the
app for children older than 7 years old and caregivers suggested 4 themes (confirmation of asthma knowledge, child-caregiver
interaction, design of the app, and child’s interest), and 6 categories were identified. Findings on the good aspects of app for
children 7 to 12 years old and caregivers suggested 5 themes (new knowledge, manga as a Japanese-style comic, child’s interest,
trigger of self-management, and design and operability), and 11 categories were identified. Findings on the beneficial features
of app suggested 6 themes (asthma knowledge, elements for continuous, universal design, notification, monitoring, and functions),
and 12 categories were identified.
Conclusions: Children with asthma and their caregivers perceived that the good aspects of the app were learning asthma
knowledge with fun, including manga; interaction between child and caregiver; and easy-to-read design, such as colors. They
wanted not only the asthma knowledge but also the universal design and enhanced elements, monitoring, and notification functions
of the app.
(JMIR Mhealth Uhealth 2020;8(8):e18506) doi:10.2196/18506
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children; caregivers; asthma; mobile app; proposed beneficial features
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Introduction

studies have demonstrated the effects of tailoring on the
medication adherence of children with asthma [14].

As mobile technology and smartphones become widely used in
the health care sector, several mobile medical and mobile health
(mHealth) apps are being released—mHealth apps are most
commonly developed to monitor a specific health disorder, to
make medication management easier, or to inform users about
health information and a specific health disorder. mHealth
asthma apps are valuable assets for patients and caregivers alike
because they offer immediate communication between patients
and those responsible for providing care for their needs [1]. The
asthma app’s features include asthma education material,
symptom forecast, asthma action plan, telemedicine, local
specialist connection, what to do in an emergency, symptom
monitoring, airborne trigger identification, and clinic
notifications [1]. Contents of mHealth apps for asthma since
2011 have included comprehensive information and targeting
specific skills, such as the use of action plans, recommended
self-care procedures, inhaler technique, and inhaler instructions
[2]. The mHealth app features were classified into 7 categories
(inform, instruct, record, display, guide, reminders or alert, and
communicate) [3]. The most commonly used behavior change
techniques of the asthma management apps were instruction,
behavior health association, self-monitoring, feedback, teaching
to use prompts or cues, consequences, and others’ approval [4].

A systematic review of digital asthma self-management
intervention interactions since the 2000s has been reported, and
interventions were mostly implemented at age 7 to 17 years
[6,15]. In addition, because children who have their own
smartphones are often older than 12 years, participants in most
studies on pediatric asthma apps are commonly adolescents
older than 12 years [16,17]. Although digital self-management
programs are available for children with asthma and their
caregivers, few studies have investigated the effectiveness of
these mHealth apps. Moreover, most studies on asthma apps
did not consider interactions involving communication between
children and caregivers. Furthermore, previous studies on
mHealth apps associated with asthma self-management in 7- to
12-year-old children were limited. Therefore, we developed a
prototype mHealth child asthma app for children and their
caregivers, including features of tailored feedback messages in
continuing self-management and interactions between children
and caregivers.

A review [5] of mHealth apps for asthma in 2014 showed that
206 apps were available for patients with asthma, and 16 apps
were available for children with asthma and their caregivers.
There were 8 previous studies of smartphone apps to encourage
asthma self-management in adolescents [6]. In pediatric asthma
apps, children with asthma aged 6 to 16 years who utilized
electronic adherence monitoring with daily reminder alarms
together with the clinic’s feedback regarding their inhaled
corticosteroid use required significantly fewer courses of oral
steroids and fewer hospital admissions than those who were in
the usual care arm with adherence monitoring alone [7]. One
self-management app contained reminder and notification
features, such as tracking of medication, for young people with
asthma (aged 15 to 24 years), which resulted in high satisfaction
with usefulness and ease of use [8]. Another app determined
the asthma phenotype in children through the asthma control
test to monitor activity, sleep, peak expiratory flow, and indoor
air quality [9].
Children with chronic conditions and their caregivers need to
maintain self-management behavior for symptom control, and
behavior change techniques have been incorporated to support
their behavior continuity. A nonuniform and individualized
support was tailored as per the patient’s situation and behavior
factors [10]. A meta-analysis [11] of tailoring studies that
utilized print messages concluded that tailored interventions
are more effective than nontailored ones. Tailoring is defined
as “any combination of strategies and information intended to
reach one specific person, related to the outcome of interest,
and derived from an individual assessment [12].” Tailoring
approaches to education have been referred to as “individual
tailoring [13]” or “computer tailoring [13]” To date, tailoring
has been mainly been provided through web-based programs.
However, recently, tailored apps have been developed, and
http://mhealth.jmir.org/2020/8/e18506/
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This study aimed to identify the beneficial features of a
prototype mHealth app under development for children with
asthma and their caregivers. The findings of this study are
important to help perfect this app and complete a mHealth child
asthma app for children and their caregivers.

Methods
Prototype Development
Review of mHealth apps for adolescents with chronic conditions
revealed a paucity of evidence-based apps, in contrast to the
thousands of apps available on the app market that are not
evidence-based or user or professional informed [18]. A
prototype tailored mHealth asthma app was developed based
on a past tailored program using touch-screen computer [19].
The social cognitive theory [20] and tailoring [10] were used
to develop a new mHealth child asthma app. This is useful in
children with insufficient self-management ability because their
communication levels are developmentally immature. The
interpersonal approach to education had a greater effect than
the tailored approach [10]; however, establishing a one-on-one
relationship is difficult. Therefore, this program used the tailored
approach to communication as it was most similar to the
interpersonal approach. Individual interviews with caregivers
were used to collect information and develop tailored messages.
The prototype app was developed based on tailored program
issues from past research [19] that did not involve children with
asthma and their caregivers in their app design.
The mHealth child asthma app comprised a combination of
asthma knowledge, behavior change, target behaviors, and
theory applications. There were 3 main goals for this app: to
increase caregivers’ feelings of self-efficacy in their asthma
management, to increase asthma knowledge, and to continue
self-management behavior of controlling asthma symptoms.
The app’s protocols comprised 3 content areas: asthma
knowledge, monitoring symptoms, and behavior change (Figure
1). This app was developed for infants and toddlers aged 0 to
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6 years, school-going children aged 7 to 9 years and 10 to 12
years according to their developmental stages. Contents of the
child asthma app for children aged 0 to 6 years and their
caregivers were asthma knowledge (pictorial book about asthma
clinical condition, causal factors, and complicating factors;
quiz), self-monitoring of medications and symptoms, and
tailored feedback according to the Japanese pediatric asthma

Iio et al
control test [21]. Contents of this app for children aged 7 to 12
years and their caregivers were asthma knowledge (manga as
a Japanese-style comic regarding asthma, medication,
exercise-induced asthma, and stress management; quiz),
self-monitoring of medication and symptoms, and tailored
feedback according to the Japanese pediatric asthma control
test.

Figure 1. Examples of a mobile asthma app for children and their caregivers: screens commonly used for children <12 years old; setting screen (left),
childhood asthma control test (middle), and self-monitoring (right).

Study Design
A qualitative study was conducted, and data were analyzed
using thematic analysis [22]. As part of the study, we conducted
semistructured interviews, and their narratives were analyzed.

Recruitment
Children participants aged 0 to 12 years diagnosed with
persistent asthma by allergy specialists at the National Center
for Child Health and Development were recruited. The types
of persistent asthma, such as severity, treatment regimen, and
treatment duration, were not considered. Participants were
excluded if their involvement was deemed inappropriate by the
pediatrician because of their mental and physical conditions.
We used purposive sampling, which gathers information-rich
cases that manifest the phenomenon under investigation.
Participants who matched the inclusion criteria were selected
by their electronic medical record. Researchers approached
caregivers of children with asthma who regularly visit the
hospital through telephone. A total of 31 caregivers who met
the inclusion criteria by telephone were contacted. After
obtaining the temporary consent to participate in the study over
the telephone, caregivers and children with asthma provided
consents during the next outpatient visit.
http://mhealth.jmir.org/2020/8/e18506/
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Data Collection
We contacted pairs of children with asthma and caregivers.
Participants received a mobile phone to demonstrate the
prototype of the child asthma app and tried the app for 10 to 15
minutes in the interview room during their outpatient visit. After
the prototype app trial, each participant was interviewed once
for approximately 7 to 22 minutes (average 14 minutes).
Interviews were conducted in an outpatient private room by one
researcher, a nurse specializing in pediatric allergies from March
2019 to August 2019.
Data were gathered through semistructured interviews. An
interview guide that matched the study aim was prepared. The
researcher presented the interview guide and items to
participants. The first author (MI), a researcher trained to carry
out qualitative interviews, conducted all interviews. During
each interview, the interviewer encouraged participants to talk
freely about the proposed beneficial features of the app based
on their experiences and provided opportunities to express
features they felt had not been covered. The interviewer had no
prior relationship with the participants.
Demographic information of participants, such as age, sex, age
at onset of asthma, and relationship with caregivers, was
collected. Interview contents were assessed using 4 viewpoints
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18506 | p.184
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for each caregiver and children aged 7 to 12 years: (1) good
aspects of the app, (2) proposed beneficial features of child
asthma app, (3) notification (alert function) frequency and usage
frequency, and (4) specific improvements of the app. Additional
demographic information, such as age of asthma onset and
treatment duration, was also collected. The app trial was
conducted once for approximately 10 to 15 minutes before the
interview; thereafter, these viewpoints points were mainly
discussed to identify the portion of the app that needed
modification and grasp the proposed beneficial features of the
app. The interview guide was confirmed among 5 researchers
before the study. The interview was recorded using a digital
voice recorder after obtaining the assent of participants.

Data Analysis
All recorded data were transcribed verbatim in Japanese. A
thematic analysis was used to identify codes and themes
(subcategories and categories) from the qualitative data [20].
Thematic analysis can be used to develop a novel theoretical
framework and identify the common meanings and themes of
an existing model. The qualitative data were analyzed in 4
phases: (1) becoming familiar with the collected data, (2)
generating the codes and collating similar data for each code,
(3) naming content-characteristic words and grouping them as
categories, and (4) exploring themes agreed upon by 4 research
members who engaged in consensus decision making. Each
theme in this study was derived from interview data. Research
members included 2 pediatric nurses (MI and MN) and 3
pediatricians specializing in allergies (YM, KY, and MN). After
initial coding of each transcript, the researchers discussed and
identified a set of main themes, categories, and subcategories.

http://mhealth.jmir.org/2020/8/e18506/

XSL• FO
RenderX

Iio et al

Informed Consent/Assent and Ethical Considerations
The Japanese National Center for Child Health and Development
committee for ethics in research of social medicine (approval
number: 2028) and the university committee for ethics in
research involving human subjects approved this study.
Participants who met the inclusion criteria together with their
caregivers were informed verbally and in writing about the aim,
significance, and methods of the study. They were informed of
their rights as voluntary participants, including the right to
withdraw from the study, data anonymity, protection of
confidential information, handling and disposal of data, and the
possibility of results being published. After receiving this
information, participants 7 to 12 years old provided informed
written assent, and caregivers of all participants provided written
consent. COREQ guidelines [23] were followed.

Results
Participant Demographics
Out of the total 31 caregivers who were contacted by telephone,
4 caregivers of 1- to 12-year-old children (2 girls and 2 boys)
did not participate because they were unable to contact us by
telephone several times, and it was difficult to secure the time
of the outpatient visit. A total of 27 pairs of caregivers and
children were interviewed. Participant characteristics are shown
in Table 1. Participants were divided into the developmental
stage groups: children younger than 7 years old (n=10) and
children 7 to 12 years old (n=17). The majority of caregivers
were between the ages of 40 and 49 years. Two viewpoints in
the prototype of the child asthma app were identified: good
aspects of the app and proposed beneficial features for the app.
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Table 1. Participants’ characteristics.
Participant characteristics

Participants, n (%)

Patient

27 (100)

Developmental stage (years)
Preschool children
2-3

3 (11)

4-6

7 (26)

School-aged children
7-9

9 (33)

10-12

8 (30)

Sex
Boy

18 (67)

Girl

9 (33)

Age of onset (years)
0-2

14 (52)

3-5

9 (33)

6-8

4 (15)

a

Caregiver

26 (100)

Relationship
Mother

25 (96)

Father

1 (4)

Age (years)

a

30-39

8 (31)

40-49

17 (65)

50-59

1 (4)

Patients included 2 sets of siblings.

Good Aspects for Caregivers of Children younger than
7 Years Old With Asthma
General

caregivers of children younger than 7 years old with asthma
(Table 2). By grouping the categories, 4 themes (ie, confirmation
of asthma knowledge, child–caregiver interaction, app design,
and child’s interest) were identified.

Coding and classifying phases revealed 6 categories and 4
themes from 25 codes in good aspects of the app for the
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Table 2. Good aspects for children younger than 7 years old with asthma and their caregivers.
Themes and categories

Representative caregivers’ verbatim comment

Confirmation of asthma knowledge
Reconfirmation of asthma knowledge

“I was able to re-recognize my knowledge with the quiz.” [40s, mother of a 5-year-old
girl]

Acquisition of asthma knowledge

“I learned quiz knowledge.” [40s, mother of a 2-year-old girl]
“I heard from my pediatrician that I realized that I should be careful about daily life and
playing outside.” [40s, mother of a 5-year-old girl]
“I don't seem to have knowledge, or I know it, but there are things I don't know, so if it's
a quiz format, I think it's easy to understand and increase knowledge.” [40s, mother of a
5-year-old boy]

Child–caregiver interaction
Initiatives for parents and children

“Since the child still does not know about asthma, the app was good for the parent and
child to do it together.” [30s, mother of a 4-year-old girl]
“Although it is a difficult content such as the asthma mechanism, there is an illustration
and the child became aware of asthma.” [30s, mother of a 4-year-old girl]

Design
Ease of viewing the screen

“I thought app was easy to understand because of illustrations.” [40s, mother of a 5-yearold boy]
“The size of quizzes was good.” [30s, mother of a 6-year-old boy]

Presence of childhood asthma app

“The good thing was that there was an asthma app.” [40s, mother of a 2-year-old boy]

Child’s interest
Child’s interest

“The child just got interested in the body and bought a picture book, so I thought the app
would be fun in order to ask questions about the structure that rubs the coughing part.”
[40s, mother of a 4-year-old girl]

Theme 1: Confirmation of Asthma Knowledge
The coding and classifying phases revealed 2 categories in this
theme. Caregivers of children younger than 7 years old with
asthma reported good aspects including reconfirmation of
asthma knowledge and acquisition of asthma knowledge. They
reported that they learned and recognized asthma knowledge
through the app.
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Theme 2: Child–Caregiver Interaction
The coding and classifying phases revealed 1 category in this
theme. Caregivers of children younger than 7 years old with
asthma reported good aspects including initiatives for parents
and children. They reported that the picture book helped
ascertain asthma knowledge with the child younger than 7 years
old, creating a positive child–caregiver interaction (Figure 2).

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18506 | p.187
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Iio et al

Figure 2. Examples of features for children <7 years old with asthma and caregivers: main home screen (left) and asthma pictorial book with scratch
and search for asthma deterioration factors (middle and right).

Theme 3: Design
The coding and classifying phases revealed 2 categories in this
theme. Caregivers of children younger than 7 years old with
asthma reported good aspects including ease of viewing the
screen and presence of childhood asthma app. They reported
that viewing the screen was easy and the font size was good. In
addition, as the number of mobile child asthma apps is very
limited in Japan, having this newly developed app was a good
way to manage children’s asthma.

Theme 4: Child’s Interest
The coding and classifying phases revealed 1 category in this
theme. Caregivers of children younger than 7 years old with
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asthma reported good aspects including child’s interest. They
reported that it was good that children 7 years old could learn
with the caregiver as they began to be interested in how the
body functions.

Good Aspects for 7- to 12-Year-Old Children With
Asthma and Their Caregivers
General
The coding and classifying phases revealed 11 categories from
50 codes for good aspects of the app for 7- to 12-year-old
children with asthma and their caregivers (Table 3). By
grouping the categories, 5 themes were identified: new
knowledge, manga, child’s interest, app design,
self-management promotion, and app operability.
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Table 3. Good aspects for 7- to 12-year-old children and caregivers.
Themes and categories

Representative verbatim comment

New knowledge
Acquisition of asthma knowledge

“The quiz gave me the knowledge I expected.” [child aged 7, boy]

Specific explanation

“The app was easy to understand that I used to explain each difficult word.” [child aged
12, boy]

New discovery

“Even though I knew the app, there was a new discovery (I thought I would die only
through suffocation, but I knew that I usually suffer from a wound in the bronchi).” [child
aged 9, boy]

Manga
Manga

“I'm tired of writing alone, but I thought that manga was easy to understand.” [child aged
12, girl]
“Because the app for asthma knowledge was a manga, my child read it with interest.”
[40s, mother of a 7-year-old boy]
“Manga was interesting.” [child aged 10, boy]
“It was easy to understand because there was manga that understood asthma well.” [child
aged 9, boy]
Colored manga was easy for children to be interested in, and my child was also interested.
[40s, mother of a 10-year-old boy]

Child’s interest
Child’s interest

“My child was having fun.” [40s, mother of a 7-year-old boy]
“I thought I could play with the app.” [child aged 9, boy]
““My child likes playing with mobile phones, so I thought it would be interesting to do
something with mobile phones.” [40s, mother of a 7-year-old boy]

Trigger of self-management
Opportunities for child self-management

The child still does not want to manage it with a paper diary; therefore, the app is an opportunity to do it himself. [40s, mother of a 7-year-old boy]

Opportunities for parent-child communication

“While checking with karuta [Japanese card game], I thought that the app would allow
a proper communication between parents and children.” [30s, mother of a 9-year-old boy]

Design and operability
The color of the illustration

“The color is good and easy-to-read.” [child aged 10, boy]
“I thought the color of manga was really beautiful.” [40s, mother of a 7-year-old boy]

Character size

“The size of the characters and kanji [Japanese-characters] was fine.” [child aged 9, boy]
“I could read the size of the character at karuta.” [40s, mother of a 12-year-old girl]
“The size of the letters could be large even if small.” [child aged 10, boy]

Ordinariness

“The app was ordinariness.” [child aged 7, boy]

Easy input operation for monitoring

“Asthma diary had to be issued individually, but the app was easy to use.” [30s, mother
of an 8-year-old boy]
“The monitoring operation was easy.” [30s, mother of an 8-year-old boy]

Theme 1: New Knowledge
The coding and classifying phases revealed 3 categories in this
theme. Children aged 7 to12 years with asthma and their
caregivers reported good aspects including acquisition of asthma
knowledge, specific explanation, and new discovery. They
reported that the app had provided asthma knowledge and they
gained new information on childhood asthma.
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Theme 2: Manga (Japanese-Style Comic)
The coding and classifying phases revealed 1 category in this
theme. Children aged 7 to 12 years with asthma and caregivers
reported good aspects including manga about child asthma.
They reported that they enjoyed learning about asthma using
manga (Figure 3).
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Figure 3. Examples of the features of asthma knowledge for 7- to 12-year-old children: asthma quiz (left) and manga about stress management of
asthma (middle and right).

Theme 3: Child’s Interest
The coding and classifying phases revealed 1 category in this
theme. Children aged 7 to 12 years with asthma and their
caregivers reported good aspects including child’s interest.
Caregivers reported that children had fun with the app, and 7to 12-year-old children with asthma stated that they could play
with the app.

Theme 4: Self-Management Promotion
The coding and classifying phases revealed 2 categories in this
theme. Children aged 7 to 12 years with asthma and their
caregivers reported good aspects including opportunities for
child self-management and opportunities for parent–child
communication. Caregivers reported that the app provided
opportunities for the child’s self-management and
child–caregiver communication.

Theme 5: Design and Operability

reported good aspects including color of the illustration,
character size, ordinariness, and easy input operation for
monitoring. They reported that the color of the illustration about
manga and character size were good. Children aged 7 to 12
years with asthma stated that the app was not ordinary. In
addition, caregivers reported that the operation of asthma diary
and monitoring were easy.

Proposed App Features From the Perspective of Child
or Caregiver
General
The coding and classifying phases revealed 44 subcategories
and 12 categories from 214 codes in proposed beneficial features
for the app for children with asthma and their caregivers (Table
4). By grouping the categories, we explored 6 themes: asthma
knowledge, elements for continuity, universal design,
monitoring, and functions.

The coding and classifying phases revealed 4 categories in this
theme. Children aged 7 to 12 years with asthma and caregivers
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Table 4. Proposed beneficial features for the app in children with asthma and caregivers.
Themes and categories

Subcategory

Developmental stage
2-6

7-9

10-12

years

years

years

✓

✓

✓

Asthma knowledge
Asthma knowledge

Regular provision of asthma knowledge

Asthma knowledge in general
Specific behavior of management

✓

Regular provision of knowledge

✓

Newsletter

✓

Elements for continuous
Ideas that children can learn

Quiz

✓

Manga

Devices that can be used continuously

Devices that can be used by younger children

✓

Sound/video

✓

Amusement

✓

Character

✓

✓

✓

✓

✓

✓
✓

Game element

✓

Incentive for continuing

✓

✓

✓

Clear the stage/rank up
Increase self-efficacy

✓

Update the information

✓

✓

✓

Not game element

✓

Consideration of developmental stage
Devices that do not end with a single use

✓

Clarification of what is ahead

✓

✓
✓

Devices that can be used in the next step
✓

✓

Impossible by developmental stage

✓

✓

Illustration/color shade

✓

✓

Character input for 7-12 years old children Possible

Universal design
Universal design

✓

Visibility/readability
Notification
Notification function

Notification frequency

Necessity of reminder notification

✓

✓

Message notification function

✓

Every day at a fixed time

✓

✓

No notification required

✓

✓

Self-configuration

✓

✓

✓

✓

Notification once a week
Monitoring
Monitoring function

Function of symptom input

✓

✓

✓

Easy operation
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✓

Calendar function

✓

Remaining drug notification

✓

Remarks column settings

✓
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Subcategory

Developmental stage

Unnecessary

2-6

7-9

10-12

years

years

years

✓

✓
✓

Self-configurable monitoring items
Monitoring frequency

Daily input

✓

Entering all at once (eg, entering once a week)

✓

✓

✓

✓

✓

✓

✓

Functions
Used by 7-12 years old children alone

Use of apps by children alone

Operability and functions

Functions of the app

✓

Family (sibling or parent) function

✓

Response

✓

What does not take time

✓

Theme 1: Asthma Knowledge
The coding and classifying phases revealed 2 categories in this
theme. Children with asthma and caregivers reported proposed
beneficial features for the app including asthma knowledge and
regular provision of asthma knowledge. They had needs for
asthma knowledge in general knowledge and specific behavior
management and the regular provision of asthma knowledge.

Theme 2: Elements for Continuity
The coding and classifying phases revealed 3 categories in this
theme. Children with asthma and caregivers reported proposed
beneficial features of the app including ideas that children can
learn, devices that can be used continuously and character input
for 7- to 12-year-old children. They expressed the need for fun
elements for continuous use of the app, such as quiz, manga,
game element, clear the stage, and so on.

Theme 3: Universal Design
The coding and classifying phases revealed 1 category in this
theme. Children with asthma and caregivers reported proposed
beneficial features of the app including universal design. They
expressed the need for universal design, such as illustration or
color shade and visibility or readability, that were easy to use
for everyone, from children to adults.

Theme 4: Notification
The coding and classifying phases revealed 2 categories in this
theme. Children with asthma and caregivers reported proposed
beneficial features of the app including notification function
and notification frequency. They expressed the need for message
notification function and necessity of reminder notification
every day at the fixed time or once a week or no notification.

Theme 5: Monitoring
The coding and classifying phases revealed 2 categories in this
theme. Children with asthma and their caregivers reported
proposed beneficial features of the app including monitoring
function and monitoring frequency. They expressed the need
for the easy operation, remaining drug notification, and daily
input. In addition, a mother (in her 40s) of a 7-year-old boy
http://mhealth.jmir.org/2020/8/e18506/
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reported that monitoring with the app can be shared with the
pediatrician during their outpatient visit.

Theme 6: Functions
The coding and classifying phases revealed 2 categories in this
theme. Children with asthma and caregivers reported proposed
beneficial features of the app including use by 7- to 12- year-old
children alone and operability and functions. Children aged 7
to 12 years generally do not own a mobile phone; therefore,
they need to be able to use one. In addition, children with asthma
and their caregivers needed operability and functions, such as
family (sibling or parent) function among others.

Discussion
Principal Results
Four themes (confirmation of asthma knowledge, child-caregiver
interaction, app design, and child’s interest) comprising the
good aspects of the app were identified for children older than
7 years old with asthma and their caregivers. Moreover, 5
themes (new knowledge, manga, child’s interest, app design,
self-management trigger, and app operability) comprising the
good aspects of the app for 7 to 12 years old children with
asthma and their caregivers were also determined. In addition,
6 themes (asthma knowledge, elements for continuous, universal
design, monitoring, and functions) on the proposed beneficial
features of the app were identified for children with asthma and
their caregivers.

Proposed Beneficial Features for an mHealth Child
Asthma App
Children with asthma and their caregivers captured the features
of asthma knowledge as good aspects of the app. On the one
hand, they wanted elements of continuity in the app, such as
quiz, manga, and games, among others. Hospital outpatients
identified requiring more knowledge about the diseases through
the smartphone app [24]. In addition to providing asthma
knowledge, ways should be devised for 7- to 12-year-old
children with asthma and even their caregivers to learn asthma
knowledge while continuously accessing the app. Manga about
asthma in this study was highly acclaimed by 7- to 12-year-old
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children with asthma. The concept of entertainment education
[25], entertainment media that provide educational information
intended to increase psychological readiness toward the desirable
behavior change, such as television, digital games, and comics,
has potentially become an effective communication strategy to
implement the health message for the high-risk population [26].
Several educational programs have adapted manga as an
effective learning tool, known as an educational manga [27,28].
Additionally, previous studies [29,30] challenged the application
of manga or comic book for patient education targeting children.
By incorporating Japanese culture manga into the app, 7- to 12year-old children can easily accept new information that results
in high educational effects. Serious games without
entertainment, enjoyment, or fun as their primary purpose [31],
have emerged as a new generation of videogames meant to
provide education and training [32]. Although serious games
designed for asthma education have evolved with advances in
technology, results of their evaluation remained similar across
studies, with clear improvements in knowledge but little to no
change in behaviors and clinical outcomes [33]. Therefore,
although game elements were useful in terms of gaining asthma
knowledge, it was suggested that they were unsuitable for
self-management and behavior change.
Two themes that were good aspects of this app were the child’s
interest and design and operability, which were commonly
reported by 7- to 12-year-old children with asthma and their
caregivers. Additionally, findings on the proposed beneficial
features of the app suggested that children with asthma and their
caregivers wanted a universal design that could easily be used
by everyone. The design and development of a self-management
app included validation of app features through user-centered
design methods [34,35]. The patient-centered universal design
of the app should also be improved, and its feasibility
determined. Furthermore, caregivers of children with asthma
should also enhance the basic functions and operability, not
complex functions. Children aged 7 to 12 years with asthma
and their caregivers required notifications, reminders,
monitoring, and alerts. This supports the findings of previous
studies [36] on asthma management mHealth app for
adolescents. In addition, caregivers' needs for app monitoring
were to be able to share the monitoring content with their
pediatrician during their outpatient visits. The sharing of
symptom monitoring in children's daily lives promotes
communication between children with asthma and their
caregivers and pediatricians and maintains good relationships.
Moreover, sharing of monitoring content helps pediatricians
make treatment decisions by understanding the appearance of
detailed asthma symptoms of the children. The monitoring and
alerting functions should be developed not only for the ease of
use but also for the pace of the user. In future app improvements,
ways to set monitoring items and notifications by the users
themselves should be devised. In particular, 7- to 12-year-old
children with asthma wanted to keep records in monitoring
while having fun. As for the monitoring function of children
with asthma, incentives obtained by the child’s continuous
medication intake and input symptoms are necessary.
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Limitations
This study had several limitations. Findings derived from 27
children and 26 caregivers at one children’s hospital were used
to identify the proposed beneficial features of the app in children
with asthma and their caregivers and are limited to that
population. In addition, the majority of participants were boys
and the majority of caregivers were mothers. Pediatric asthma
has a high prevalence in boys in Japan, as is true worldwide.
Furthermore, although the number of double-income families
is increasing in Japan, mothers still attend the outpatient visit
of children. However, in Japan, patients who go to children’s
hospital are those with severe asthma and are likely to use the
app frequently for long term. Therefore, the results were useful
in understanding the needs of the target population: children
younger than 7 years old and 7 to 12 years old with asthma and
their caregivers. In addition, this study has clarified
caregiver-reported proposed beneficial features of the app that
in children younger than 7 years old were not as they reported.
Children less than 7 years old were having difficulty for
answering the questions accurately given their limited language
function and cognitive development; therefore, caregivers were
asked to answer their needs.
Additionally, since school-aged children aged 7 to 12 years
often do not have their own mobile phones, their caregivers’
mobile phones were used. However, as shown in the results of
this study, despite the child’s inconvenience in using the app,
using a caregiver’s mobile phone can lead to communication
and interaction between them and their caregivers. Furthermore,
the study did not determine whether the app changed the
participant’s behavior. Moreover, there are very few apps for
child asthma management in Japan; therefore, we did not include
questions in the interview on the topics of “why they would not
use an app” and “what they did not like.” We also did not
consider the 4 patients who declined to participate as being any
different from the participants. However, considering that the
app provides potentially more information is very important.
Finally, it would be worth reiterating that the app was only tried
for approximately 15 minutes at the time of the interview; the
conditions would be very different if they were used at home.
The next step should be to develop and complete the contents
and features of the app including the results of this study. To
continue the self-management behavior of asthma in children
with asthma and their caregivers, communication and
interactions between the child and caregiver should be enhanced
through the app. In addition, it is necessary to consider behavior
changes associated with the app usage.

Strengths and Future Research
One of the strengths of this study was that it included preschool
children aged 0 to 6 years and school going children aged 7 to
12 years who were not previously targeted by app developers.
Additionally, another strength was that it incorporated manga;
therefore, children with asthma and their caregivers could have
fun while learning about asthma. The app included monitoring
symptoms and medication, asthma control, and tailored
messages so that it could be used continuously rather than in a
single sitting.
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Based on the results of this study, the app was improved and
completed. The completed app is now undergoing formal
feasibility and usability testing in children with asthma and their
caregivers. Data collection from 2 to 12 years old children, such
as usage data of app features and their collection of behavior
changes, will help evaluate its feasibility, usability, and
operability. The process and content evaluation of the app will
help identify the contents for effective patient education in
preschool and school going children aged 0 to 12 years with
asthma and their caregivers.

Iio et al

Conclusions
Children with asthma and their caregivers perceived the good
aspects of the app about learning the asthma knowledge with
fun, including manga, child–caregiver interaction, contents that
interest children, and easy-to-read design such as colors.
Children with asthma and their caregivers wanted not only the
asthma knowledge but also the enhanced monitoring and
notification functions of the app, elements that could be
continuously used by children, and universal design that can
easily be used for everyone.
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Abstract
Background: Schizophrenia spectrum disorders (SSDs) are chronic conditions, but the severity of symptomatic experiences
and functional impairments vacillate over the course of illness. Developing unobtrusive remote monitoring systems to detect
early warning signs of impending symptomatic relapses would allow clinicians to intervene before the patient’s condition worsens.
Objective: In this study, we aim to create the first models, exclusively using passive sensing data from a smartphone, to predict
behavioral anomalies that could indicate early warning signs of a psychotic relapse.
Methods: Data used to train and test the models were collected during the CrossCheck study. Hourly features derived from
smartphone passive sensing data were extracted from 60 patients with SSDs (42 nonrelapse and 18 relapse >1 time throughout
the study) and used to train models and test performance. We trained 2 types of encoder-decoder neural network models and a
clustering-based local outlier factor model to predict behavioral anomalies that occurred within the 30-day period before a
participant's date of relapse (the near relapse period). Models were trained to recreate participant behavior on days of relative
health (DRH, outside of the near relapse period), following which a threshold to the recreation error was applied to predict
anomalies. The neural network model architecture and the percentage of relapse participant data used to train all models were
varied.
Results: A total of 20,137 days of collected data were analyzed, with 726 days of data (0.037%) within any 30-day near relapse
period. The best performing model used a fully connected neural network autoencoder architecture and achieved a median
sensitivity of 0.25 (IQR 0.15-1.00) and specificity of 0.88 (IQR 0.14-0.96; a median 108% increase in behavioral anomalies near
relapse). We conducted a post hoc analysis using the best performing model to identify behavioral features that had a
medium-to-large effect (Cohen d>0.5) in distinguishing anomalies near relapse from DRH among 4 participants who relapsed
multiple times throughout the study. Qualitative validation using clinical notes collected during the original CrossCheck study
showed that the identified features from our analysis were presented to clinicians during relapse events.
Conclusions: Our proposed method predicted a higher rate of anomalies in patients with SSDs within the 30-day near relapse
period and can be used to uncover individual-level behaviors that change before relapse. This approach will enable technologists
and clinicians to build unobtrusive digital mental health tools that can predict incipient relapse in SSDs.
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Introduction
Background
Schizophrenia spectrum disorders (SSDs) are complex chronic
conditions characterized by a diverse set of symptoms that
present themselves heterogeneously throughout the affected
population. Symptoms are typically categorized into 2 groups:
positive symptoms, which are an exaggeration of normal
function (eg, hallucinations, disorganized speech or thought)
and negative symptoms, described as a loss of normal function
(eg, lack of expressiveness, apathy, and asociality) [1]. Symptom
exacerbation in SSDs leads to a psychotic relapse. Relapse has
serious potential consequences, jeopardizing many aspects of
patients’ lives, including personal relationships and employment,
with an increased risk of patients causing harm to themselves
or others [2]. Previous research has estimated that the annual
direct medical cost of schizophrenia amounts to US $37.7 billion
within the United States, with an even larger indirect cost (US
$117.3 billion) [3]. Early detection of relapse could inform
time-sensitive clinical efforts that may reduce the severity of
relapses or prevent their occurrence altogether.
The heterogeneity of symptoms and the timing of symptom
exacerbation make detecting early warning signs of relapse
difficult. Relapse symptoms, unlike common first-episode
psychosis symptoms, can appear abruptly [2]. In-depth
interviews with patients with SSDs describing their prerelapse
symptoms show that symptom manifestation is extremely
idiosyncratic but often consistent within individuals. Each
individual may have their own unique relapse signature, and
identifying this signature could be the most effective manner
of detecting incipient relapse [4]. Traditional measures of relapse
come from clinician-administered rating scales that attempt to
quantify a patient’s current experience with an SSD [5,6].
However, it is often unlikely that patients present themselves
to a clinician when their symptoms begin to re-emerge or
worsen, particularly in an illness characterized by cognitive
disorganization, loss of insight, and inconsistent treatment
delivery systems where it can be difficult to access care [7]. To
prevent symptom exacerbation, tools need to be developed that
are able to detect early warning signs of relapse outside of the
clinic.
Over the past decade, improvements in sensing technologies
within smartphones, wearables, and other devices have created
new opportunities for remote measurement of mental health
symptoms [8,9]. Behavioral data collected with passive sensors
from smartphones offer unobtrusive methods to measure
trajectories of mental health and mental illness [10-13].
Smartphones can track a diverse set of behaviors and are owned
and utilized by most individuals with SSDs [14,15].
The CrossCheck system was the first smartphone-based tool
designed to collect passive sensing data as a method of tracking
https://mhealth.jmir.org/2020/8/e19962
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the symptoms of SSDs. The system combines passive sensing
with triweekly self-reported survey measures [16]. Using
CrossCheck, researchers were able to predict patient
self-reported ecological momentary assessments (EMAs) from
passive sensing data and combine both the passive sensing and
self-reported data to predict clinician-administered Brief
Psychiatric Rating Scale (BPRS) scores [17,18]. In addition,
researchers were able to detect significant changes in patient
smartphone social behavior during the 30 days preceding relapse
[19]. Although these analyses provide a foundation for
identifying symptom changes that contribute to relapse, it is an
open question whether we can predict specific time points of
symptom exacerbation that show a clear relapse signature.
Relapse is a rare event, and lack of available data near relapse
can make prediction problematic [20]. Anomaly detection is a
branch of data mining specifically for the prediction of peculiar,
infrequent events [21,22]. Traditional approaches for anomaly
detection within time series involve forecasting and use
statistical measures based on cumulative sums, moving averages,
and regression models that rely on predicting changes in the
underlying distribution of the time series [22]. Forecasting
human behavior is an extremely difficult problem, and
behavioral data from patients with schizophrenia do not
traditionally follow the circadian rhythms seen within a healthy
population [23,24]. Algorithms designed to learn complex
features within time series data are likely to have more success
in finding anomalies and detecting behaviors associated with
relapse.
More novel approaches to time series anomaly detection use
encoder-decoder neural network models to identify anomalies
in multivariate time series data. These algorithms have had
success in learning complex features, specifically in highly
irregular sensing data [25-27]. Unlike statistical approaches,
neural networks do not require assumptions about the underlying
distribution of the data and are often ideal compared with
classical machine learning techniques because they can provide
accurate predictions without the need for complex feature
engineering. However, there is a tradeoff. It can be difficult to
interpret the reasoning behind why neural networks make
specific predictions, leading to the common description that
neural networks are black box models. In medicine, specifically,
interpretability is important because clinicians need to justify
the risk of using new approaches; thus, it is challenging to
introduce neural network–based decision making into the clinical
workflow [28]. Machine learning researchers focused on model
interpretability have offered approaches to analyze models post
hoc, after model training, to uncover the relationships between
the input features to the network and the network prediction
[29]. To successfully implement a neural network–based
anomaly detection system within behavioral health, one needs
to not only show good results in detection but also provide a
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process for uncovering the underlying behaviors that lead to an
anomaly and provide a clinical translation for those behaviors.

Adler et al
2.

Related Work
Researchers have begun to utilize anomaly detection to predict
early warning sides of psychosis. A pilot study using a
combination of mobile sensing features and self-reported survey
responses was able to identify an increase in anomalies within
2 weeks of relapse in a small patient population [30]. Another
recent study utilized retrospective features extracted from
Facebook to create a classifier for detecting the 1-month period
before relapse and then analyzed the behaviors that were
significantly different within this period [31]. Developing an
algorithm to predict specific days of symptom exacerbation
before relapse using exclusively passive sensing data could
provide clinicians an unobtrusive method to measure SSD
symptoms without the need for patient self-reporting.

Contributions
This study makes the following contributions:
1.

We created a variety of encoder-decoder neural
network–based anomaly detection models to predict early
warning signs of psychotic relapse using passive sensing
data collected from a smartphone. To the best of our
knowledge, these are the first models designed to predict
early warning signs of relapse using exclusively passive
sensing data.

3.

We provided a post hoc analysis for clinical interpretation
of the detected anomalies within the context of SSDs and
demonstrated that our algorithm can detect
participant-specific relapse signatures.
We analyzed how variations in participant data can change
model performance to provide guidance for future
researchers in digital mental health for model and study
design.

Methods
CrossCheck System and Study
The CrossCheck system was an Android app combined with a
cloud-based data collection and storage platform. The app
continuously collected users' passive sensing data and prompted
participants every 2 to 3 days to self-report EMAs to track both
positive and negative symptoms of SSDs [17,32]. EMAs were
not utilized in our anomaly detection system owing to low
completion rates across relapse participants. Table 1 provides
an overview of the raw passive sensing data collected using
CrossCheck. Sensors also collected environmental data,
including ambient sound and light. The ambient sound was
utilized by the app to classify when conversations occurred near
the participant, but the raw sound and light data were not used
in this research. Refer to our previous work for more specific
information about the data collected during this study [16,17].

Table 1. Summary of passive sensing behavioral data collected throughout the study.
Behavior

Description

Derived hourly features

Acceleration

3-axis acceleration data were collected from a smartphone, sampled from Mean acceleration over the hour
50-100 Hz. Previous CrossCheck studies utilized the Android activity
recognition APIa, which classifies activity data as follows: on bicycle,
still, in vehicle, tilting, or unknown. In this study, we chose to use raw
acceleration features to make our anomaly detection system independent
of a specific activity recognition API platform

a

App use

CrossCheck recorded apps running on a user’s smartphone every 15 min Number of unique apps opened within an hour

Call

Phone calls can indicate social interaction and communication. We
tracked when incoming, outgoing, missed, rejected, and blocked calls
occurred

Conversation

Previous studies have investigated the link between conversations, human Number and duration of conversations
voice, and mental health [12,33,34]. We detected human voices and
conversational episodes using algorithms from our previous work [35]

Location

Previous research has shown that location can be associated with mental Time in primary, secondary, and all other locations as
health [12,13,36]. We tracked location information from users through well as total distance travelled in the hour
their smartphones

Screen activity

The amount of time users spend on their phones can be tracked to learn Number of times the phone was used as well as the
normal daily behaviors. The time users’ screens were on versus off was duration of use
recorded

Sleep

On each day, the sleep duration, onset, and wake time were detected.
These calculations occurred using a combination of information based
upon users' screen time, physical activity, ambient sound, and light
[12,37]

Sleep duration, onset. and wake time. As we estimated
only the longest sleep episode per day, this is technically a daily feature. We replicated these features
across all hours within a single day

Text

Text messages are another indicator of social interaction. We tracked
when texts were received, sent, drafted, left in a user's outbox, failed to
send, and were queued for sending

Number of received, sent, drafted, outbox, failed to
send, and queued messages

Number and duration of incoming, outgoing, missed,
rejected, and blocked calls

API: application programming interface.
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The CrossCheck study was a randomized controlled trial (RCT)
aimed at testing the efficacy of using passive sensing and
self-reported data to identify digital indicators of relapse. The
participants enrolled were randomized either into a smartphone
arm for passive sensing data collection or into a control arm to
receive treatment as usual. In this work, because our goal was
to predict early warning signs of relapse from collected passive
sensing data, we focused exclusively on the smartphone arm.
Participants enrolled in the study were given an Android
smartphone for 12 months and instructed to carry the device
with them and complete the EMA. Trained clinical assessors
met with participants to conduct a baseline assessment of
symptoms and functioning. Clinical assessors also conducted
follow-up assessments with participants during months 3, 6, 9,
and 12 of the study to administer the 7-item BPRS, which
measures psychiatric symptoms associated with SSDs [6,16].
Participants’ electronic medical records (EMRs) were also made
available to the clinical assessors. The following events, either
reported during assessment or recorded within the EMR, were
designated as relapse: psychiatric hospitalization, a significant
increase in psychiatric care (including more intensive or frequent
services, increased medication dosage, or additional medication
prescribed) coupled with an increase of 25% from the baseline
total BPRS score, suicidal or homicidal ideation with clinical
relevance, self-injury, or violent behavior resulting in harm to
another person or property [19]. The date of relapse, any notes
surrounding the relapse event, and the reason for designating
the event as a relapse were recorded. When corroborating
evidence surrounding the relapse was not available within the
EMR, clinicians worked with participants during the assessments
to gain more information regarding the relapse event.
Relapse is an acute event, but when the early warning signs of
relapse begin to surface is an open question. Consistent with
previous research on early warning signs of relapse, we defined
the 30-day period before relapse as the 30-day near relapse
period (NR30), and all data outside of this period were
considered days of relative health (DRH) [19,31,38].

Study Protocol
The CrossCheck study was approved by the Committee for
Protection of Human Subjects at the Dartmouth College and
the Institutional Review Board of the Northwell Health System.
The study was registered as a clinical trial (NCT01952041).

Participants
Participants were recruited into the RCT from several treatment
programs at a psychiatric hospital in New York. Participants
were recruited through flyers posted at the study site with the
research coordinator’s phone number. In addition, researchers
reviewed the hospital’s EMRs to identify potential participants.
A potential participant’s clinician was contacted by the
investigative team, and after describing the study to the patient,
clinicians referred patients interested in the study to the research
team.
Eligible participants met the following inclusion criteria: (1) a
chart diagnosis of schizophrenia, schizoaffective disorder, or
psychosis not otherwise specified, (2) 18 years of age, and (3)
an inpatient psychiatric hospitalization, daytime psychiatric
https://mhealth.jmir.org/2020/8/e19962
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hospitalization, outpatient crisis management, or short-term
psychiatric hospital emergency room visit within 12 months
before beginning the study. Individuals were excluded if they
had the following: (1) hearing, vision, or motor impairment that
would impede smartphone usage (determined using a
smartphone demonstration during screening), (2) a below sixth
grade reading level (determined using the Wide Range
Achievement Test–4th Edition), and (3) unable to provide
informed consent (using a competency screener) [16,39].
A total of 1367 individuals were initially assessed for eligibility
and 149 were enrolled in the study. Eligible individuals who
did not enroll were no longer receiving care at the hospital
(n=682), failed to meet the diagnostic criteria (n=131), did not
want to participate (n=129), or did not meet the severity criteria
(n=108). Of the 149 individuals enrolled, 62 were randomized
into the smartphone arm of the study [19]. Participants included
in this work (n=60) were required to have had at least 10 DRHs
collected by the smartphone app.

Feature Extraction and Data Cleaning
An advantage of using neural networks for machine learning is
that they have the ability to learn intricate features from raw
data [40]. We sought to create features for our learning algorithm
that were close to the raw data to exploit this fact. Hourly
features were created from the raw sensor data. A summary of
the hourly features used can be found in Table 1. In addition to
the passive sensing features, we included the day of the week
and the hour of the day as features in our model. The few
features that require more complex calculations are described
below.
Android phones track acceleration within a 3D x, y, and z
coordinate system. This produces 3 values for every acceleration
reading, namely a=(ax, ay, az). We computed the mean hourly
acceleration by taking the vector norm of each a within a
specific hour and averaging over the values.
We also tracked the longitude and latitude locations over time
for each participant. The locations for each participant were
clustered using the density-based spatial clustering of
applications with noise (DBSCAN) algorithm, implemented in
the scikit-learn library [41,42]. DBSCAN clusters samples of
high density together, requires a minimum number of samples
per cluster, and requires a maximum distance, ε, between points
to be specified as hyperparameters. We required a minimum of
10 samples per cluster and set ε=1 km. For each participant,
the 2 majority clusters were tagged as the participant's primary
and secondary locations, and all other data points were grouped
together into a third cluster. Finally, we calculated the distance
between each pair of longitude and latitude coordinates using
the Haversine formula [43]. We then summed the distances over
each hour.
Two types of missing data were identified. The first type of
missing data (type 1) occurred when there was a sensor reading
during an hour for one feature but there was no reading within
the same hour for another feature. We imputed missing data for
type 1 values with a “0,” indicating our belief that the
CrossCheck system was functioning during these hours, but an
individual did not partake in specific behaviors that the system
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records (eg, no texts were recorded within an hour). A second
type of missing data (type 2) was identified during hours where
all features were missing. We imputed features for the second
type of missing data utilizing the mean value of a given feature
for that hour. Location features (time spent in primary,
secondary, and other locations) were filled differently. We
assumed that the participant remained at their last recorded
location and filled the features accordingly.

memory (LSTM) network, as the GRUs counter the vanishing
gradient problem that occurs when training the vanilla RNNs,
and they converge faster during training than LSTM networks
[45]. After training the encoder-decoder models, our algorithm
learned participant-specific anomaly thresholds based on the
model reconstruction error. We discuss the architecture of the
encoder-decoder models in this section and describe the
thresholding procedure in the subsequent sections.

We assumed that by using mean filling for type 2 missing
values, we would direct our anomaly detection models to focus
on finding anomalies within the actual passive sensing data.
That being said, missing values, specifically type 2 missing
values, could have an implication for function. For example, if
a participant stopped using their phone and the smartphone app,
missing values could be an indication of asocial behavior, which
may precede relapse. We added an additional feature to the
model that indicated the percentage of features filled within a
given hour. If this feature was <1, the hour was filled using the
type 1 missing data procedure, but if the feature was equal to
1, the hour was filled using the type 2 missing data procedure.

We considered each participant’s data to be a time series of
varying length L, X={x(1),…,x(L)}, where each x(i) is a
multivariate data point, x(i)∈Rm. In our case, each x(i) represented
a set of hourly features for a single participant. We created
subsequences of data of length l starting at each i, i={i,…,L-l+1}.
Note that a given data point, x(i), could be potentially included
within each of the 1,…,L subsequences. For the FNN AD model,
we let l=1, and for the GRU Seq2Seq model, we let l=24.

Encoder-Decoder Models
We developed multiple algorithms to detect early warning signs
of relapse using passive sensing data. Patients with SSDs are
known to not experience normal circadian rhythms that are
typically found within a healthy population [23,24]. Thus, we
chose to apply a neural network approach to this problem that
has been used for multivariate anomaly detection in irregular
sensor data [25-27]. Specifically, we created a fully connected
neural network autoencoder (FNN AD) model and a gated
recurrent unit sequence-to-sequence (GRU Seq2Seq) model
that learned to reconstruct an input time series [44]. A GRU
network was used over a vanilla recurrent neural network (RNN)
and other popular RNN architectures, such as a long short-term
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The models were constructed as follows. This is also detailed
in Figure 1. The FNN AD model comprised 2 fully connected
encoder and decoder layers that compressed an input
subsequence to a lower dimension and then recreated the initial
subsequence. For the GRU Seq2Seq model, we first input a
subsequence of data into a single encoding layer of a
bidirectional GRU with a specified hidden unit size. A
bidirectional layer was used for the encoder because previous
research has shown that bidirectional layers improve the results
over unidirectional layers [46]. The last cell in the encoding
layer outputs a prediction for the next timestep, x’(l+1), and
encodes hidden information from the entire sequence, h(l+1).
We then passed this information as inputs into a unidirectional
GRU decoder layer that reconstructed the subsequence in
reverse order: {x’(l),…,x’(1)}.
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Figure 1. Encoder-decoder neural network architectures. (a) the architecture for the fully connected neural network autoencoder (FNN AD) model.
(b) the architecture for the GRU sequence-to-sequence (GRU Seq2Seq) model.

Model Training Procedure
We utilized a similar data-splitting and cross-validation
procedure as described in previous work [25-27]. The data for
each participant were first split into equal length nonoverlapping
subsequences, and the subsequences were placed into 1 of 4
data sets. Defining NR30 as the 30-day near relapse period and
DRH as days of relative health (ie, all days not in NR30), the
data were split into the following:
1.
2.

3.

4.

A training data set, comprising only DRH, called HR. These
training data are utilized to train each model.
A cross-validation data set, comprising only DRH, called
HCV. These cross-validation data are utilized to validate the
ability of the models to reconstruct sequences of new data.
A cross-validation data set, comprising DRH and NR30,
called NCV. These cross-validation data are used to tune the
anomaly detection component of our algorithm as described
in the following section.
A test data set, comprising both DRH and NR30, called NT.
The test data set are used to report the metrics of the
anomaly detection algorithm described in the Results
section.
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We also experimented with the percentage of relapse participant
data to include in each of these 4 data sets. Specifically, we
experimented with placing different percentages of DRH within
HR and HCV. We experimented with placing 0%, 20%, 40%,
60%, and 80% of relapse participants’ DRH into HR and HCV.
DRH for both relapse and nonrelapse participants were split
such that 80% of DRH were placed into HR and 20% into HCV.
Nonrelapse participant data were split entirely between HR and
HCV.
Monte Carlo cross-validation was used to examine the
robustness of the algorithm across different potential NCV and
NT. We stratified each Monte Carlo sample to place equal
amounts of NR30 data per participant within NCV and NT. The
Monte Carlo procedure was repeated over 100 iterations and
the median and IQR of the true-positive rate (TPR or sensitivity),
and false-positive rate (FPR) of the current Monte Carlo test
set NT were recorded.

Anomaly Detection System
We used the trained encoder-decoder models to reconstruct
HCV, NCV, and NT, producing H’CV, N’CV, and N’T. For a data
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point x(i) in each of these data sets and its reconstructed
counterpart x’(i), we calculated the absolute error of the data
points: e(i)=| x(i)- x’(i)|.
Within our algorithm, the full-time series was split into
subsequences of length l, and any point x(i) could appear in at
most l different subsequences. Thus, for a point x(i), there can
exist l different predictions, {x1’(i),…,xl’(i)}. We filtered our data
set to include only points that were predicted l times. The error
vectors for these data were considered to be normally
distributed, e(i)~N(μ,Σ), and the error between HCV and H’CV
was used to approximate (μ,Σ ) parameterizing the expected
error of our algorithm. We then calculated an anomaly score
s(i)∈R for error vectors between NCV, N’CV, and NT, N’T using
the Mahalanobis distance, which calculates the distance of a
point to a distribution as follows: s(i)=((e(i)-μ)T Σ-1(e(i)-μ))1/2 [47].
The average anomaly score for a single day was calculated from
the hourly scores, sd. The Mahalanobis distance from data in
NCV was used to optimize an anomaly threshold, τ, for each
participant over all sd for that participant. A day was tagged as
an anomaly if sd>τ or normal if sd≤τ.τ was chosen to maximize
the ratio between the TPR divided by the FPR, or TPR/FPR,
defining a true positive as an anomaly detected within NR30
and a false positive as an anomaly detected on a DRH.
Optimizing this ratio maximized the number of anomalies
detected during the NR30 when minimizing the number of
anomalies detected during DRH. This τ was applied to the
Mahalanobis distances from the held-out test sample, NT, and
the final results using the best τ for each participant's NT were
recorded.

Evaluation Metrics
We used the TPR/FPR ratio as an evaluation metric to rank
model performance. By maximizing this ratio, we subsequently
maximized the sensitivity and specificity of our models.
Sensitivity and specificity are metrics commonly used within
medicine to assess the strength of a diagnostic test [48]. The
sensitivity is equivalent to the TPR and the specificity is
equivalent to the true negative rate (or 1–FPR). Thus, by
maximizing the TPR/FPR, we found a model that maximized
both sensitivity and specificity.
Anomalies are rare events; thus, it is unlikely that every day
within NR30 would contain an anomaly. Clinically, we assumed
that an anomaly detection system for early warning signs of
relapse would be relevant as long as the anomalies were rare
(low sensitivity and high specificity), but increased
(TPR/FPR>1) within NR30. This increased signal could then
be used to find passive sensing features that distinguished
anomalies within NR30 from anomalies identified within DRH.
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Baseline Model and Evaluation
We used a k-nearest neighbors local outlier factor (LOF) model
as a baseline comparison against our neural network models
[49]. The LOF model estimated the local density around each
data point using a k-nearest neighbor algorithm and then
compared the local density of a given data point with the local
density of its neighbors. If the point was in a substantially less
dense area, it had a higher calculated LOF. We initially fit an
LOF model for each relapse participant utilizing HR with the
number of neighbors equal to 10, and we incremented the
number of neighbors by 1 until the mean and SD of the LOF
scores under HCV converged. We could then utilize the approach
described above to calculate anomalies by considering the
distribution of LOF scores obtained under HCV and learning an
appropriate anomaly threshold for NCV. The LOF model was
trained and tested using scikit-learn [42].
Neural network models were created using TensorFlow and
Keras libraries [50,51]. Models were trained until the validation
loss from HCV converged. We used cross-validation for all neural
network models to determine the optimal hidden layer size
(between 10 and 50 units), the percentage of DRH from relapse
participant data to include within HR and HCV (between 0% and
80%), and the τ that maximized the TPR/FPR ratio on NCV
(between 0 and 20). For the LOF model, we also optimized the
number of neighbors utilized for the local density within each
relapse patient.
We applied 2 forms of regularization to train the neural
networks. For both the GRU Seq2Seq and the FNN AD models,
we used early stopping to terminate model training when the
reconstruction error from HCV increased. In addition, we applied
dropout (rate=0.2) and recurrent dropout (rate=0.2) to the GRU
Seq2Seq model. Dropout masks, or drops, inputs randomly
within the network, whereas recurrent dropout adds this mask
between the recurrent layers at each timestep [52]. This exposed
the trained network to different permutations of the training
data to prevent overfitting. Batch normalization was briefly
used during model creation, but we found that batch
normalization did not improve anomaly detection performance
and was not used to train the final iteration of the models.

Results
Data Overview
We collected a total of 20,137 days of mobile sensing data from
60 patients with SSDs. Relapse events were recorded for 18 of
60 participants (30%) during the 1-year study, totaling 726 days
of data collected within any NR30 data (0.037% of the total
days of data collected). Table 2 provides a summary of the data
collected from the relapse and nonrelapse groups.
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Table 2. Summarized data characteristics for relapse and nonrelapse participants (continuous characteristics listed by median [IQR]).
Characteristics

Relapse

Nonrelapse

Patients, n

18

42

Age at beginning of study (years), median (IQR)

33 (23-47)

40 (26-50)

Female, n (%)

8 (44)

17 (40)

Number of days of data collected per participant, median (IQR)

335 (285-346)

295 (176-361)

Number of hours

2309 (1333-2551)

1785 (660-2871)

Percentage of total hours

25.73 (14.77-28.73)

27.17 (7.72-52.50)

Schizophrenia

9 (50)

17 (40)

Schizoaffective disorder

7 (39)

18 (43)

Psychosis NOSa

2 (11)

7 (17)

29 (23-33)

24 (21-29)

1-5

13 (72)

30 (71)

6-10

1 (6)

8 (19)

11-15

1 (6)

3 (7)

16-20

1 (6)

0 (0)

>20

1 (6)

1 (2)

Missing or declined

1 (6)

0 (0)

1 relapse event

14 (78)

N/Ac

2 relapse events

1 (5)

N/A

3 relapse events

3 (17)

N/A

Missing hours of data (type 2), median (IQR)

Diagnosis, n (%)

Assessment at baseline, median (IQR)
BPRSb (7-item) total
Lifetime hospitalizations, n (%)

Distribution of relapse events, n (%)

a

NOS: not otherwise specified.

b

BPRS: Brief Psychiatric Rating Scale.

c

N/A: not applicable.

Anomalies Increased Near Relapse
The highest performing cross-validation results for each model,
with hyperparameters, are shown in Table 3. All results are
listed using median (IQR) sensitivity and specificity. Across
all model architectures, the FNN AD model using 80% of the
data from DRH with 40 hidden units had the highest rank across
participants (9.28), achieving a median sensitivity of 0.25 (IQR
0.15-1.00) and specificity of 0.88 (IQR 0.14-0.96). LOF models

did not show predictive power (sensitivity 1.0 and specificity
0.0) and were not included in our results. Figure 2 shows the
resulting sensitivity and specificity achieved from models trained
on different percentages of DRH. Adding a larger percentage
of DRH to model training initially increased the sensitivity and
decreased the model specificity, but then decreased the
sensitivity and increased the specificity as more data were added.
Figure 2 shows that the anomaly rate increased before the NR30
period but then remained fairly constant among participants.

Table 3. Cross-validation results per model type within relapse participants listed by median (IQR).

a

Model

Rank

Days of relative health in train, % Hidden units

Sensitivity, median (IQR)

Specificity, median (IQR)

FNN ADa

9.28

80

40

0.25 (0.15-1.00)

0.88 (0.14-0.96)

GRU Seq2Seqb

12.72

80

50

0.29 (0.08-0.83)

0.86 (0.24-0.90)

FNN AD: fully connected neural network autoencoder.

b

GRU Seq2Seq: gated recurrent unit sequence-to-sequence.
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Figure 2. Overall model results, the anomaly rate of the best performing model across the near relapse (NR30) period and in (a-c) split by the DRH
used in model training. In (a-c), the bar heights describe the median value of the metric listed on the y-axis across study participants and the error bars
show lower and upper quartile values (25% and 75% percentiles of the data). In (a) and (b), local outlier factor (LOF) models are not shown as they did
not hold predictive power. (a) Sensitivity, or true positive rate, of the models and (b) specificity, or true negative rate. (c) Median number of DRH used
to train each model from each study participant. (d) Average (blue line) and 95% CI (gray shading) anomaly rate across relapse participants beginning
35 days before relapse using the best performing model (fully connected neural network autoencoder, 80% of DRH in train, 40 hidden units). DRH:
days of relative health.

Anomaly Detection System Identified Specific Near
Relapse Behaviors
Previous research has shown that individuals often report
symptom exacerbation, which could be used to predict the onset
of relapse [4]. Identifying participant-specific behaviors that
are consistent during relapse would give clinicians a potential
signature to identify when a patient needs clinical support. A
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XSL• FO
RenderX

total of 4 participants within our study relapsed multiple times.
We performed a post hoc analysis using our best-performing
algorithm across participants (FNN AD, 80% of DRH in train,
hidden unit size=40) to compare features on NR30 anomalous
days with DRH within multirelapse participants. We used Cohen
d to calculate the effect of continuous features on discriminating
an NR30 anomaly to any DRH and the OR for calculating
whether type 2 missing data appeared more frequently in NR30
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anomalies [53]. Figure 3 shows the distribution of the 5 features
with the largest effect per participant on differentiating detected

Adler et al
anomalies within NR30 from DRH.

Figure 3. The hourly features that had the greatest effect on differentiating identified anomalous days near relapse (NR30) from all DRH within the 4
multirelapse participants. We used the Cohen d to identify the 5 features that were the most differentiated. Each subfigure, (a-d), displays boxplots
comparing the distribution of these features on anomalous days within each NR30 period compared with all DRH. The center line in the boxplot is the
median value, the box limits are the IQR, and the whiskers are 1.5 x the IQR. Points outside of the whiskers are greater than or less than 1.5 x the IQR.
A lower IQR signifies that the median result is more generalizable. For example, in (a), we identified anomalies within 2 NR30 periods, described in
the figure as Near relapse 1 and Near relapse 2. The 2 left boxes on each plot show the distribution of the feature for anomalies detected within each of
these 2 NR30 periods and the right box shows the distribution of this feature on all DRH outside of the 2 NR30 periods. NR30: 30-day near relapse
period. DRH: days of relative health.

Notes surrounding each relapse, extracted from the participant’s
EMR or obtained during clinical visits, were compiled by a
team of trained clinical assessors. We used these notes as a
qualitative validation to understand whether the identified
features from our analysis were presented to clinicians. We now
briefly describe the results of each comparison for features that
were identified to have a large effect (Cohen d>0.8), medium
effect (0.5<Cohen d≤0.8), or the feature with the largest effect
if no features with a large or medium effect were identified [54].
The ORs indicated that type 2 missing data did not discriminate
anomalies within NR30 from DRH for multirelapse participants
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(OR<1 for all multirelapse participants). The features are
described in detail in the Methods section.

Multirelapse Participant 1
We did not identify a feature with a large or medium effect for
this participant. The conversation duration had the largest effect
(Cohen d=0.47), which increased before relapse, as shown in
Figure 3. Clinical notes from the first relapse event indicate that
the participant was hospitalized because she was tired of hearing
voices, which suggested that her neighbors were constantly
talking about her. Notes from the second relapse did not describe
any participant behavior.
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Multirelapse Participant 2
The participant’s mean acceleration (Cohen d=1.23), sleep end
time (Cohen d=0.90), and sleep duration (Cohen d=0.84) had
a large effect. Figure 3 shows that the mean acceleration
decreased in all 3 NR30 periods for this participant, whereas
the sleep duration and end time increased. Clinical notes from
the first relapse identified that the participant had been feeling
ill, specifically that his “brain was shaking.” On the second
relapse, the participant stated that he felt like he “was going to
die,” and was feeling depressed. The clinician wrote that the
patient “has had difficulty sleeping.” Notes regarding the third
relapse indicate that the participant had been disorganized,
physically aggressive toward his mother, and was barely
sleeping.

Multirelapse Participant 3
The participant’s sleep start time (Cohen d=1.35), number of
smartphone screen unlocks (Cohen d=1.34), sleep end time
(Cohen d=0.96), duration of conversations (Cohen d=0.95), and
number of incoming calls (Cohen d=0.81) had a large effect.
Figure 3 shows abnormal behavior in the sleep start and end
times for all relapse periods, but is inconsistent in the direction
of how the behavior differs from the median value across each
relapse. The number of screen unlocks, incoming calls, and
duration of conversations increased in both relapse periods.
Notes regarding the first relapse did not identify any specific
behavioral changes. Clinical notes from the second relapse
identified that the participant had been spending his days
“making music and beats” and was sleeping less at night, but
had increased sleep during the day. The notes also identified
the participant as having auditory hallucinations.

Multirelapse Participant 4
One feature, the number of conversations, had a medium effect
(Cohen d=0.62) for this participant. Figure 3 shows that the
number of conversations increased during all 3 relapse periods.
Notes from the first relapse did not describe any specific
behavioral differences in the participant. Clinical notes from
the second relapse indicated that the participant presented herself
to outpatient psychiatry with “signs of catatonia” and that the
participant had mostly stopped speaking, although she had

occasional spontaneous speech. We were not able to obtain
notes regarding the third relapse event.

Anomalies Contained Fewer Hours of Type 2 Missing
Data
We found that type 2 missing data did not have an effect on
distinguishing anomalies within NR30 for the 4 multirelapse
participants. We wanted to examine this question more broadly
to determine how missing data influenced all detected anomalies.
We conducted a one-sided Mann-Whitney U test to test the
following hypothesis: predicted anomalies contain a smaller
number of type 2 hours filled compared with all other days.
Individual participant factors were controlled for using
participant-specific Mahalanobis distance thresholds for anomaly
designation. Anomalies had a median of 0 (IQR 0-6) hours of
data filled using the type 2 missing data procedure, and all other
days had a median of 2 (IQR 0-16) type 2 hours of data filled.
The one-sided test was significant (U=514,546; P<.001),
indicating that anomalous days were significantly less likely to
contain type 2 missing data.

Variations in Relapse Participant Data Affected the
Quality of Anomaly Detection
We analyzed the participant-level anomaly detection results to
determine how variations in data quality affect the
generalizability of our model. Table 4 summarizes the results
of using linear regression to assess the significance between the
sensitivity and the specificity of the highest performing model
(FNN AD, 80% of DRH in train, hidden unit size=40) and the
data quality parameters. All data quality parameters were
significant (P<.001). Increasing the number of days of raw data
and the percentage of days within NR30 increased the sensitivity
of the model (ß=.60, 95% CI 0.48 to 0.72; ß=.73, 95% CI 0.49
to 0.97) but decreased the specificity of the model (ß=−.69, 95%
CI −0.81 to −0.57; ß=−.71, 95% CI −0.95 to −0.47). Increasing
the number of days per NR30 period and the number of relapse
events decreased the sensitivity of the model (ß=−.43, 95% CI
−0.52 to −0.34; ß=−.82, 95% CI −1.02 to −0.62) but increased
the specificity of the model (ß=.33, 95% CI 0.23 to 0.43; ß=.87,
95% CI 0.67 to 1.07).

Table 4. Linear regression results between sensitivity and specificity and different data parameters.
Parameters

Sensitivity

Specificity

Coefficient β

P value

Coefficient β

P value

Days of raw data

.60 (95% CI 0.48 to 0.72)

<.001

−.69 (95% CI −0.81 to −0.57)

<.001

Days per near relapse period

−.43 (95% CI −0.52 to −0.34)

<.001

.33 (95% CI 0.23 to 0.43)

<.001

Percentage of days near relapse

.73 (95% CI 0.49 to 0.97)

<.001

−.71 (95% CI −0.95 to −0.47)

<.001

Relapse events

−.82 (95% CI −1.02 to −0.62)

<.001

.87 (95% CI 0.67 to 1.07)

<.001

Intercept

.00 (95% CI −0.04 to 0.04)

>.99

.00 (95% CI −0.04 to 0.04)

>.99

Discussion
Principal Findings
In this study, we created the first model, exclusively using
passive sensing data from a smartphone, to predict behavioral
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anomalies that could indicate early warning signs of psychotic
relapse. Developing an anomaly detection system from
exclusively passive sensing data requires minimal effort for
data collection from the participant and could lead to more
objective and unobtrusive ways of monitoring symptoms of
SSDs. Our anomaly detection system achieved a median
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sensitivity of 0.25 (IQR 0.15-1.00) and specificity of 0.88 (IQR
0.14-0.96; a 108% increase in anomalies near relapse), indicating
that anomalies increased before relapse but were restricted to
specific days within the defined NR30 period. Once we
identified anomalous days within NR30, we demonstrated that
our methodology can be used to identify participant-specific
behavioral signatures that occur across multiple NR30. In the
future, anomaly detection models could be used to identify days
that contain these signatures and supervised learning approaches
could then be deployed to detect these signals as early warning
signs of relapse. Identifying patient-specific behaviors that
change exclusively before relapse could provide clinicians an
indicator to measure when patients are declining in health and
create time for early intervention.
Anomalies increased within NR30, but with low sensitivity.
We believe this low sensitivity could be owing to our choice of
an NR30 period or our decision to use the TPR/FPR ratio as a
validation metric for this work. We chose an NR30 period
because past research has shown that early warning signs of
relapse might begin to develop up to 1 month before the actual
relapse event [19,31,38]. Our low sensitivity indicated that only
specific days within this 30-day period were considered
anomalies, and training algorithms in the future to target these
specific days could increase sensitivity. Another approach to
increase sensitivity would be to shorten the number of days
included in the near relapse period. For example, previous work
using a combination of smartphone social behavior and
self-reported EMAs to detect anomalies before relapse identified
a 14-day near relapse period [30]. We observed an increased
anomaly rate 30 days before relapse (Figure 2), which remained
fairly constant; therefore, we did not further investigate
shortening the near relapse period. It is important to note that
the algorithm we used may result in a constant anomaly rate
during a near relapse period of any prespecified length as these
algorithms are trained to look specifically for behavioral
differences within these periods.
In addition, we used the TPR/FPR ratio for model selection
rather than directly optimizing for sensitivity or specificity.
Most machine learning algorithms use the area under the
receiver operating curve to assess the predictive power of a
model, which we did not feel was appropriate for our anomaly
detection algorithm. Anomaly detection, by definition, searches
for extremely rare events. To introduce this process into a
clinical workflow, we would need to strike a balance between
highlighting potential early warning signs of relapse without
overburdening the healthcare system with a high anomaly rate.
We felt this could be achieved using our modeling approach as
we showed an increase in anomalies before relapse without
sacrificing the specificity of our results.
To increase model sensitivity in this context, more clarity is
needed on what should constitute behaviors that can be used to
identify early warning signs of psychotic relapse. A process can
then be created where we first use anomaly detection to identify
candidate relapse signatures and then train supervised learning
algorithms to identify these signatures. This would, in turn, limit
the feature space to the behaviors per individual that were
differentiated before relapse. In addition, identifying these
specific signatures as a starting point for a positive signal would
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allow us to clarify whether false positives were merely noise or
hold clinical significance. In this study, a relapse event was
indicated for most of our participants by either a psychiatric
hospitalization or a significant increase in symptoms as reported
by clinician-administered BPRS. It is possible that symptoms
were exacerbated on days outside of NR30, and our system
detected these days as anomalies. This symptom exacerbation
was not given clinical oversight; thus, we had no way to validate
whether these anomalies should be considered true positives.
Days that contained more hours of type 2 missing data, in which
no passive sensing data for the entire hour existed, were
significantly less likely to be tagged as anomalies. Our approach
to using mean filling for type 2 data was based on 2
assumptions: (1) that we would like to prioritize behavioral
features collected from passive sensors for anomaly detection
and (2) that it is possible that a large quantity of missing data
might be a sign of asocial behavior and we should also account
for missing data with an additional feature that tracks the amount
of data missing over an hour. Previous work on anomaly
detection with missing data has analyzed the effects of various
data filling methods on anomaly detection results. With the
assumption that imputed data points should not be detected as
anomalies, the work found that this assumption can hold true
if the imputed values are located in high-density regions of the
feature distribution [55]. In this work, anomalies were
significantly less likely to contain missing values (P<.001),
indicating that the Mahalanobis distance per individual was less
for imputed hours and anomalies were more likely to include
non–type 2 data points. With this first assumption in mind, it
is possible that the potential effect of missing data on relapse
was ignored. For example, the missing data feature did not
distinguish anomalies within NR30 in the 4 multirelapse
participants. More research needs to be conducted on how
different missing data imputation procedures can affect mental
health symptom prediction algorithms.
We observed that increasing the amount of relapse participant
data used for model training did not always increase the resulting
sensitivity and specificity. Figure 2 shows that our model
performance increased in sensitivity and decreased in specificity
when we increased the percentage of DRH from relapse patients
used in model training from 0% to 40%. We then observed a
reverse trend (decreased sensitivity, increased specificity) when
we increased the amount of DRH from 40% to 80%. This
demonstrates that as models learned participant-level behaviors,
there was a threshold for the amount of data required for model
training (approximately 135 days from data from Figure 2)
before a model could begin to distinguish anomalous behaviors
within NR30. We also found that our anomaly detection system
is sensitive to the quality of the relapse participant data. Table
4 demonstrates that increasing the total percentage of NR30
days increased the sensitivity (ß=.73), but not if this increased
the average number of days within NR30 (ß=−.43), and
increased the total number of relapse events (ß=−.82).
Subsequently, having a higher number of relapse events
increased (ß=.87) the specificity of the model, but not if this
increased the percentage of days within NR30 (ß=−.71), and
increased the number of days of raw data (ß=−.69). Taken
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together, our results depended on identifying homogeneous
behavioral signals that occurred exclusively in NR30.
Given the importance of finding homogeneity in the signal, we
examined whether we could uncover consistent signals in
participants that might indicate SSD symptom exacerbation. It
can be difficult to introduce neural network models within
clinical practice owing to their black box nature, even though
they can achieve higher performance than classical machine
learning models [28]. In our work, interpretability is critical
because clinicians need to develop an understanding and trust
of an algorithm's decision-making process. We utilized a post
hoc notion of interpretability to identify participant-specific
features that differed during NR30 anomalies [29]. We chose
the effect size, a metric traditionally used to measure the strength
of a treatment in an RCT, to identify the most differentiated
features within NR30 [54]. We identified features with a
medium to large effect (Cohen d>0.5) in 3 of 4 multirelapse
patients. The features we identified encompass different aspects
of social behavior, sleep, and physical activity.
We searched the literature to interpret the behavior changes that
we identified within NR30. Our previous work identified that
smartphone social behavior decreased across participants before
relapse [19]. We examined smartphone social behavior at the
individual level. Multirelapse participant 3 increased their
smartphone social behavior before relapse, but, from contextual
notes, we discovered that this participant experienced auditory
hallucinations, potentially explaining the increased conversation
duration detected by the smartphone as well as other increased
smartphone social behaviors found. Multirelapse participant
4’s number of conversations increased with a medium effect
(Cohen d=0.62), contrasting the physician’s notes, which stated
that the participant was barely speaking and potentially
catatonic. Figure 3 shows that the elevated conversation signal,
whether from the participant or the environment, was unique
to anomalies within each of the 3 NR30 periods.
In addition, we detected that changes in sleeping behavior had
a large effect on 2 participants and decreased acceleration had
a large effect on 1 participant. Previous research has shown that
patients with SSDs are at a significantly higher risk of
developing a sleep disorder or worsened sleep near relapse
[56,57]. Multirelapse participant 2’s detected sleep duration
increased before relapse. In addition, the participant’s
acceleration decreased. Social withdrawal and physical inactivity
are common symptoms of SSDs. These symptoms interfere
with functioning, potentially leading to relapse, and relapse can
produce aggression [58,59]. The symptoms identified were
consistent with the clinician’s explanation of the second relapse
event for this participant, which described changes in sleep and
aggressive behavior. Thus, the features that were most
differentiated are consistent with past research identifying early
warning signs of relapse.
It is important to note that although we found differentiated
features for each participant that were consistent with the notes
surrounding relapse, the changes detected by the passive sensors
were not always consistent with the changes described in the
clinical notes. For example, we found that participant 2’s sleep
increased before relapse, with a large effect, whereas the
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clinician’s notes stated that sleep decreased. Similarly, for
participant 4, the number of conversations increased before
relapse with a medium effect, whereas the clinician’s notes
stated that the participant exhibited signs of catatonia. The
smartphone algorithms we used to detect conversation relied
on ambient sound to detect human voice and conversational
exchanges, but do not necessarily detect the voice of the
participant [34]. In addition, the sleep algorithm used detected
sleep based on a combination of phone usage, ambient light,
stationary behavior, and environmental silence, all features that
might occur when someone is still but not necessarily sleeping
[37]. When interpreting the result of a black box algorithm
clinically, we need to interpret the algorithm’s results in the
context of the technical capabilities of the passive sensing
system used before judging the outputs of the system literally.
Thus, although smartphones can find meaningful relapse
signatures, the interpretations of these signatures should be
corroborated with the patient and other qualitative information
to better understand the underlying behaviors that preceded
relapse.

Designing a Relapse Prediction System
We hope that this work moves researchers one step closer to
creating a clinical intervention system to predict early warning
signs of relapse that can be deployed within the clinical
workflow. We reviewed digital mental health and mobile health
(mHealth) literature to understand how such a system could be
deployed. The MONARCA system was created to help
individuals with bipolar disorder track disease symptom
trajectories using a combination of both passive sensor data and
self-assessment [10]. A field trial of the MONARCA system
demonstrated the difficulties in obtaining both patient and
clinician buy-in when forecasting mental health symptoms, as
patients were not convinced of the accuracy of the passive
sensing data and clinicians were unsure of steps to take if the
system forecasted symptom exacerbation [60]. Although the
possibility of a clinician having patient data at their fingertips
seems appealing, it is also a liability for clinicians if they have
24/7 monitoring capabilities and choose not to act when a patient
is potentially in danger [61]. One possible solution to this issue
is to introduce a clinical technology specialist into a patient’s
care team whose responsibility is to successfully introduce and
maintain technology-based services within the clinic [62]. It is
evident that there is a gap between technology intervention
creation and implementation.
Overall, acceptability will continue to play a large role in
implementing mHealth interventions. The PD_Manager mHealth
platform, a platform created to track symptoms of Parkinson's
disease using passive sensing, provides an example of an
mHealth tool where researchers specifically tested the
acceptability of the platform to patients and clinicians before
testing the effectiveness of the system [63]. To help increase
the acceptability of mHealth tools, digital mental health and
human computer interaction researchers are focused on solving
mHealth implementation hurdles using a user-centered design
framework, where technology is created and refined in an
iterative process that places the proposed interventions directly
in the hands of relevant stakeholders [64]. Creating the
technology behind a relapse prediction system is a small piece
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of the puzzle compared with the larger implementation
challenges that will be faced when deploying it.
Figure 4 presents an example framework for an SSD behavioral
monitoring and intervention system utilizing anomaly detection.
Many questions remain regarding implementing this system,
including the level of patient interaction with the system, how
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and when detected anomalies are presented to the clinician or
other relevant parties, and a defined procedure that an individual
should take to intervene in care when anomalies are detected.
The implications of this work can only be truly justified when
a system for detecting early warning signs of psychotic relapse
has been deployed within the clinical workflow.

Figure 4. Example of an anomaly visualization and clinical intervention system. The dashed black lines in (a) each represent an hourly feature trajectory
from the anomaly detection system, as identified on the y-axis, during a 30-day near relapse period (NR30). The gray line on each plot is the Mahalanobis
distance, which can be interpreted as an anomaly score that increases as we are more likely to detect an anomaly. The 2 vertical thick black lines on
each plot are detected anomalies. (b) Example of how this information could be utilized by a clinician or other individuals designated by the patient to
intervene during symptom exacerbation. The system would be tuned to send alerts only when a patient is in crisis and not overburden the clinician and
the healthcare system.

Limitations
The primary limitation of this study was the limited sample size.
Our study consisted of 60 participants with SSDs, including 18
participants who relapsed. Most participants did not relapse at
multiple points throughout the study and we could not assess
whether the features underlying anomalies were consistent with
relapse for those participants. To the best of our knowledge,
this is still the largest study utilizing anomaly detection to
predict early warning signs of relapse exclusively from
smartphone behavior.
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Comparison With Previous Work
Previous work using CrossCheck focused on identifying
symptom exacerbation by predicting participant responses to
the BPRS, a common tool for measuring symptoms of SSDs
[6,18]. CrossCheck data have also been used to identify
significant associations in smartphone social behavior between
the 30-day period before relapse and all other days [19]. We
showed that we can predict behavioral anomalies preceding
relapse events recorded with and without BPRS. In addition, to
the best of our knowledge, only one previous study has utilized
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anomaly detection to identify early warning of psychotic relapse
using a combination of smartphone data and self-reported
behaviors [30]. This study used a statistical approach to identify
near relapse anomalies within 3 participants. We expand this
work by showing that anomaly detection can be used to predict
an increase in anomalies before relapse on a larger data set of
18 participants. In addition, we derived features from passive
sensing data exclusively, creating an anomaly detection method
that does not rely on patient self-report.

Future Work
Future work should develop approaches to identify early
warning signs of relapse across larger and more diverse patient
populations with SSDs. These approaches could be tested across
different smartphone passive sensing apps such that they become
platform independent. In addition, researchers should train
models to detect patient-specific relapse signatures, which could
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increase model sensitivity. Finally, a tool should be codesigned
with clinicians and patients for remote monitoring of SSD
symptoms.

Conclusions
In summary, we created an anomaly detection model using
encoder-decoder neural networks to predict early warning signs
of psychotic relapse. Our model predicted an increase in
anomalies within the 30-day period preceding relapse. We
developed a methodology to uncover behaviors that change
before relapse, which could be used to identify patient-specific
relapse signatures. Finally, we discussed the implications of
this work and showed an example visualization of a remote
monitoring system for SSDs. We hope that this work advances
the field of digital mental health to create effective remote
monitoring systems for serious mental illness.
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Abstract
Background: Replacing occupational sitting time with active tasks has several proposed health benefits for office employees.
Mobile phones and motion sensors can provide objective information in real time on occupational sitting behavior. However, the
validity and feasibility of using mobile health (mHealth) devices to quantify and modify occupational sedentary time is unclear.
Objective: The aim of this study is to validate the new Walk@Work-Application (W@W-App)—including an external motion
sensor (MetaWearC) attached to the thigh—for measuring occupational sitting, standing, and stepping in free-living conditions
against the activPAL3M, the current gold-standard, device-based measure for postural behaviors.
Methods: In total, 20 office workers (16 [80%] females; mean age 39.5, SD 8.1 years) downloaded the W@W-App to their
mobile phones, wore a MetaWearC sensor attached to their thigh using a tailored band, and wore the activPAL3M for 3-8
consecutive working hours. Differences between both measures were examined using paired-samples t tests and Wilcoxon
signed-rank tests. Agreement between measures was examined using concordance correlation coefficients (CCCs), 95% CIs,
Bland-Altman plots (mean bias, 95% limits of agreement [LoA]), and equivalence testing techniques.
Results: The median recording time for the W@W-App+MetaWearC and the activPAL3M was 237.5 (SD 132.8) minutes and
240.0 (SD 127.5) minutes, respectively (P<.001). No significant differences between sitting (P=.53), standing (P=.12), and
stepping times (P=.61) were identified. The CCC identified substantial agreement between both measures for sitting (CCC=0.98,
95% CI 0.96-0.99), moderate agreement for standing (CCC=0.93, 95% CI 0.81-0.97), and poor agreement for stepping (CCC=0.74,
95% CI 0.47-0.88). Bland-Altman plots indicated that sitting time (mean bias –1.66 minutes, 95% LoA –30.37 to 20.05) and
standing time (mean bias –4.85 minutes, 95% LoA –31.31 to 21.62) were underreported. For stepping time, a positive mean bias
of 1.15 minutes (95% LoA –15.11 to 17.41) was identified. Equivalence testing demonstrated that the estimates obtained from
the W@W-App+MetaWearC and the activPAL3M were considered equivalent for all variables excluding stepping time.
Conclusions: The W@W-App+MetaWearC is a low-cost tool with acceptable levels of accuracy that can objectively quantify
occupational sitting, standing, stationary, and upright times in real time. Due to the availability of real-time feedback for users,
this tool can positively influence occupational sitting behaviors in future interventions.
Trial Registration: ClinicalTrials.gov NCT04092738; https://clinicaltrials.gov/ct2/show/NCT04092738
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Introduction

usefulness and viability, highlights the potential of such
technology on PA promotion [12].

Replacing sedentary time (ie, sitting, lying, or reclining postures
that involve an energy expenditure of ≤1.5 metabolic equivalent
units during waking hours) [1] with physical activity (PA) or
movement of any kind has proposed health benefits for adults
[2]. Positive associations have been reported with
cardiometabolic biomarkers, mortality risk reduction, and body
composition [3]. Many adults accumulate large amounts of daily
sitting time at work, with white-collar workers being the most
likely to engage in extensive occupational daily sitting [4].
Given that leveraging the time-inverse relationship between
sedentary behaviors (SB) and PA could achieve important public
health benefits [5], interventional efforts should target this
high-risk subgroup [6] in the setting where daily sitting mostly
occurs [5].

In this context, the Walk@Work-Application (W@W-App)
was developed to self-monitor occupational PA and SB with a
high level of validity. The W@W-App communicates with a
MetaWearC external sensor [19], attached via a band to the
thigh, to quantify occupational sitting, standing, and stepping
while offering real-time feedback on these behaviors, which is
an essential component for changing behaviors at the time and
place where they occur. This study examined the validity of the
W@W-App+ MetaWearC tool to quantify time spent in
occupational sitting, standing, and stepping against the current
gold-standard, device-based measure for postural behaviors.

Self-monitoring is a key element to increase individuals’
awareness of and empowerment toward behavior change [7].
For PA and SB, self-reported questionnaires have traditionally
been the most commonly employed tool in largescale population
studies due to their low cost, simplicity, and feasibility [8-11].
However, technological advances over the last 2 years have
enabled the use of device-based measures, such as
accelerometers, for self-monitoring PA and SB [8].
Evidence has identified mobile phones as a potential alternative
to accurately self-monitor PA and SB via inbuilt inertial sensors
[12-15]. However, battery life and mobile phone location have
been major issues that have compromised usability and
long-term monitoring. While external devices, such as
wearables, may have overcome such weaknesses [16], the most
popular devices are commercial motion sensors that use
acceleration data to recognize activity behaviors (ie, distance,
time, and intensity). Unfortunately, such measures struggle to
distinguish postures (ie, sitting and standing), primarily due to
wear position (ie, where the device is placed) and the use of
proprietary algorithms that do not accurately quantify such
behaviors [7].
Commercially available devices that examine SB through
postural positioning rather than lack of movement (ie,
acceleration) are scarcer [17]. However, devices that quantify
time spent sitting, standing, and light intensity PA are critical
when
self-monitoring
occupational
behaviors,
as
moderate-to-vigorous physical activity is less prevalent during
working hours or transport time to and from work [18].
Mobile phones alone struggle with postural identification due
to the nonattachment of phones to the body and the ubiquitous
nature of phone use [12]. However, the use of mobile phones
with external monitoring devices may have the potential to
become an accurate, cost-effective self-monitoring tool [12].
The range of novel and engaging mobile phone–based
intervention strategies, as well as the user’s perceptions on their
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Methods
Measurement Tools
The new W@W-App was developed from a previous version
[20], adding a commercially available sensor (MetaWearC;
MbientLab Inc) to gather postural and movement information.
The MetaWearC is a small sensor (24 mm × 6 mm; 5.6 g)
covered with a waterproof round case. The sensor is a triaxial
accelerometer with an amplitude range of ±16 g and a sampling
rate of 6.25 Hz. Key features of the MetaWearC sensor are
shown on the MbientLab web page [19]. Raw sensor data are
synchronized with the W@W-App software via a low-energy
Bluetooth system with a long battery life (>30 days) and a range
of up to 10-15 meters. The data are directly processed and
displayed in real time by the app on the phone and securely
stored on the backend server. Figure 1 depicts the W@W-App
(login page) and the MetaWearC sensor.
The algorithm for the W@W-App+MetaWearC (Figure 2) was
designed to analyze accelerometer output from the MetaWearC
sensor. The MetaWearC sensor is worn within a small bag inside
an elastic and adjustable band (Figure 1) that is attached to the
participant’s right thigh. The algorithm is based on two primary
requirements: (i) data can only be recorded during the defined
recording period (ie, working hours) and (ii) data can only be
collected when both the device and the software are connected
via Bluetooth. When these criteria have been met and the sensor
detects an acceleration, the step counter begins and the sitting
and standing counters are reset to 0. Stepping time is initiated
when the sensor identifies a balance between false positives (ie,
counting a step when the step has not happened) and false
negatives (ie, not counting a step when the step has occurred).
There are three sensitivity modes for the step detector: normal,
sensitive, and robust. These modes balance sensitivity (false
negatives) and robustness (false positives). Normal mode is
used in most applications as it provides a balance between false
positives and false negatives. An example of a false positive
would be the detection of a step while an individual is in a sitting
position, possibly as a result of stretching one’s leg.
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Figure 1. (A) Initial W@W-App interface and (B) the MetaWearC sensor with the waterproof case and the thigh band.

Figure 2. Flow diagram illustrating the algorithm for decision-rules used by the W@WApp + MetaWearC sensor to determine sitting, standing and
stepping time.

The recognition of postures (sitting and standing) is based on
the angle of the z-axis, where 0 indicates a completely vertical
posture (standing) and 1 indicates a completely horizontal
posture (sitting). When the sensor detects a value higher than
0.8 in the z-axis, the sitting counter is initiated while the standing
counter remains to 0. When the sensor detects a value equal to
or lower than 0.8 in the z-axis, the standing counter begins while
the sitting counter returns to 0. If either the sitting or standing
counters reach 75 readings (approximately every 2 seconds),
this indicates that the sensor has not detected stepping during
those 75 readings, and therefore the step counter stops and
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assumes that the user is either sitting or standing depending on
which of these counters reaches 75.
Finally, if there is a difference greater than 15 minutes between
the time counters for the W@W-App-MetaWearC (stepping,
sitting, and standing) and the elapsed time, a weighted
adjustment is completed. Normally, this difference is due to
temporal disconnections of the sensor if it is kept more than 20
meters away from the mobile phone. For example, if the
W@W-App-MetaWearC has counted for 100 minutes (75
minutes stepping, 10 minutes standing, and 15 minutes sitting),
but the real time elapsed is 115 minutes, the weighted adjustment

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e15338 | p.218
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
will correct the W@W-App-MetaWearC to 86 minutes stepping,
12 minutes standing, and 17 minutes sitting.
The activPAL3M (PAL Technologies Ltd) is referred to as the
gold-standard, device-based measure for postural recognition
in free-living conditions [21]. The activPAL3M was employed
as the criterion measure for sitting, standing, and stepping times.
The activPAL3M (25 mm × 45 mm × 5mm; 9g) was placed in
a waterproof nitrile sleeve and attached on the midline of the
anterior aspect of the participant’s thigh using a transparent film
(10 cm × 10cm of hypoallergenic Tegaderm Foam Adhesive
Dressing).

Participants and Procedures
Office workers from the University of Vic-Central University
of Catalonia (UVic-UCC) who owned a mobile phone (Android
version 6.0.0/iOS version 10.0.0 or higher) were invited to
participate in the study. A convenience sample was recruited
(N=23). All volunteers provided written informed consent prior
to participation. This study was conducted within a Spanish
national project (W@WApp-Diab; PI17/01788) led by the
UVic-UCC. Ethical approval was obtained by the research ethics
committee of the Research Institute of Primary Care Jordi Gol
(IDIAP).
Participants installed and configured the W@W-App, following
guidance provided by the researchers: (i) registration on the
Walk at Work web platform [22], (ii) user verification through
email, (iii) W@W-App installation and initialization, (iv)
recording day and time period configuration (ie, between 3 and
8 working hours), and (v) recognition of the MetaWearC sensor
via Bluetooth. In adherence to the European Union General
Data Protection Regulation, participants could read the private
policy of the W@W-App, which is written using clear and
straightforward language, on the Walk at Work website [22].
In addition, participants provided affirmative consent prior to
using the W@W-App when they voluntarily registered on the
web platform.
Researchers initialized the activPAL3M and the
W@W-App+MetaWearC and placed both devices on the
midpoint (ie, one over the other) of the anterior aspect of the
thigh of the same leg to avoid measurement bias due to
asymmetric leg positions and movements. To ensure that the
timestamp of the W@W-App+MetaWearC and the activPAL3M
aligned for data analysis, they were initialized from the same
PC.
Participants wore the W@W-App+MetaWearC and the
activPAL3M sensor in occupational free-living conditions for
3-8 hours. They were required to keep their mobile phone within
a 5-meter radius throughout the measurement period (ie,
participants were asked to keep their mobile phones with them
at all times).

Variables and Statistical Analysis
The variables recorded and quantified by the
W@W-App+MetaWearC were time spent in sitting and standing
postures and time spent stepping. These variables were extracted
from the W@W-App software. For the activPAL3M, files were
processed via the activPAL Professional Software (version
https://mhealth.jmir.org/2020/8/e15338
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7.2.32) upon completion of data collection. Data were then
exported to a Microsoft Excel (Microsoft Excel 2016; Microsoft
Corporation) file format, providing data on sitting, standing,
and stepping in 15-second epochs. This enabled the
quantification of the number of minutes spent sitting, standing,
and stepping. In addition, the time spent sitting and standing
were added together to quantify stationary time, while the
amount of time spent standing and stepping were added together
to compute upright time. Total recording time (ie, minutes) from
both devices was calculated by summing the amount of time
spent sitting, standing, and stepping.
Descriptive characteristics (mean [SD] and median [IQR]) were
used to describe the data. Differences between the
W@W-App+MetaWearC and the activPAL3M were examined
using paired-samples t tests and Wilcoxon signed-rank tests.
Pearson correlation coefficients were used to determine the
strength and direction of association between variables
quantified by the two measures when the data were normally
distributed. Spearman rank-order correlation coefficients were
employed when data were not normally distributed. The
concordance correlation coefficient (CCC), using Lin’s approach
[23], was used to examine the level of agreement between the
W@W-App+MetaWearC variables and the activPAL3M
determined variables. The CCC values were interpreted using
the categorization recommended by McBride [24].
Bland-Altman plots with mean bias and limits of agreement
(LoA) were constructed to examine the agreement between the
W@W-App+MetaWearC variables and the activPAL3M
determined variables using similar approaches reported
previously [25]. Equivalence was determined using two
one-sided paired t tests (90% CI) for the mean difference
between the W@W-App+MetaWearC variables and the
activPAL3M determined variables [26]. Equivalence was
supported if the CI for the mean difference was within 15% of
the activPAL3M-determined time spent sitting, standing, and
stepping. The equivalence region was arbitrarily defined, as
limited biologically and analytically relevant criteria can be
defined for the equivalence regions for sitting, standing, and
stepping. Less conservative equivalence regions were also tested
in case the equivalence was not supported for the 10% level.
Additional tests to determine the region of equivalence were
completed using increments of 5%. This approach was selected
to provide a clear estimation of the accuracy of the
W@W-App+MetaWearC [27]. Measures were expected to
differ by no more than 30 minutes for sitting, 11 minutes for
standing time, and 4 minutes for stepping. All statistical analysis
was conducted using IBM SPSS Statistics 25 (IBM Corporation)
and Microsoft Excel (Microsoft Corporation).

Results
In total, 23 office workers participated in the study, whereby
activity behavior information was recorded by both measures
during workplace free-living conditions between October and
November 2018. After excluding 3 participants because of
technical problems with the mobile phone, data from 20
participants were included in the analyses (age: mean 39.5 years,
SD 8.1, range 27-60; 16 [80%] women). A total of 115 hours
of data was recorded, with an average of 5 hours per participant.
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Of all participants, 13 used an Android smartphone (Samsung,
n=5; BQ Aquaris, n=4; Xiaomi, n=2; Xperia, n=1; and Huawei,
n=1) with an operational system version ranging from 6.0.1 to
8.0.0. The other 7 participants employed an iPhone 6 or iPhone
7 with an operational system version higher than 10.3.3.
Descriptive characteristics for variables of interest from the
W@W-App+MetaWearC and the activPAL3M, as well as the

statistical differences between the two measures for each
variable, are described in Table 1. The median recording time
for the W@W-App+MetaWearC was 237.50 (SD 132.75)
minutes, while the activPAL3M median recording time was
240.00 (SD 127.50) minutes. No significant differences between
the W@W-App+MetaWearC and the activPAL3M were
observed for sitting time (P=.53), standing time (P=.12), and
stepping time (P=.54).

Table 1. Descriptive characteristics and statistical significance (P value) of the differences between the W@W-App+MetaWearC and the activPAL3M
for minutes spent in different activity behaviors (N=20).

a

Variable

W@W-App

activPAL3M

P value

Recording time (min), median (IQR)

237.5 (132.8)a

240.0 (127.5)a

<.001

Sitting time (min), median (IQR)

191.0 (132.0)a

180.5 (124.3)a

.53

Standing time (min), mean (SD)

70.3 (38.1)

75.4 (36.1)

.12

24.0 (10.5)

.61

a

Stepping time (min), median (IQR) or mean (SD)

22.0 (24.0)

Stationary time (min), median (IQR)

223.5 (147.3)a

227.0 (138.0)a

.002

Upright time (min), mean (SD)

47.7 (23.6)

49.7 (21.8)

.25

Data presented as median (IQR) due to nonnormality.

The W@W-App+MetaWearC showed strong to very strong
correlations with activPAL3M-determined activity variables.
CCCs identified substantial agreement between the two
measures for sitting (CCC=0.98, 95% CI 0.96-0.99), moderate

agreement for standing (CCC=0.93, 95% CI 0.81-0.97), and
poor agreement for stepping (CCC=0.74, 95% CI 0.47-0.88).
The correlation coefficients, CCC values, and associated 95%
CI are shown in Table 2.

Table 2. Correlation coefficients (r), concordance correlation coefficients (CCC), and 95% CIs between the W@W-App+MetaWearC and the activPAL3M
for minutes spent in different activity behaviors (N=20). All P<.001.
Variable

r (95% CI)

CCC (95% CI)

Recording time (min)

0.89 (0.73-0.95)

0.99 (0.99-0.99)

Sitting time (min)

0.97 (0.92-0.99)

0.98 (0.96-0.99)

Standing time (min)

0.93 (0.83-0.97)

0.92 (0.82-0.97)

Stepping time (min)

0.74 (0.44-0.89)

0.74 (0.47-0.88)

Stationary time (min)

0.96 (0.90-0.98)

0.99 (0.99-1.00)

Upright time (min)

0.95 (0.88-0.98)

0.95 (0.87-0.98)

The mean bias and LoA from the Bland-Altman analysis are
provided in Table 3. The Bland-Altman plots, which compare
the mean sitting, standing, stepping, stationary, and upright
times measured by the W@W-App+MetaWearC and the
activPAL3M are presented in Figures 3 and 4. The
Bland-Altman plots present a graphical description of the means
for sitting, standing, stepping, stationary, and upright times as
measured by the W@W-App+MetaWearC and the activPAL3M
against the difference of the time spent in each of these
behaviors between both measures. For sitting, a smaller mean
bias was observed (–1.66 minutes) with a relatively wide LoA
(–30.37 to 27.05). The equivalence procedure indicated that the
90% CI for the mean difference was 0.2 and 20.8 and was within
the 15% equivalence region (–30.0 to +30.0 minutes). The
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estimates obtained from the two measures were considered
equivalent for sitting time. The largest observed mean bias for
a specific behavior was observed for standing time (–4.85
minutes; LoA –31.31 to 21.62). The 90% CI for the mean
difference was –10.5 and 0.3 and was within the 15%
equivalence region (–11.0 to +11.0 minutes). The estimates
obtained from the two measures were considered equivalent for
standing time. For stepping time, a small mean bias was
observed (1.15 minutes; LoA –15.11 to 17.41). However, the
equivalence procedure indicated that the 90% CI for the mean
difference was –4.5 and 2.1, which was not significantly within
the 15% equivalence region (–4.0 to +4.0 minutes). The
estimates obtained from the two measures were not considered
equivalent for stepping time.
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Table 3. Mean bias and limits of agreement (LoA) for sitting, standing, and stepping times.
Variable

Mean bias

Lower LoA

Upper LoA

Recording time (min)

–5.37

–13.56

2.81

Sitting time (min)

–1.66

–30.37

27.05

Standing time (min)

–4.85

–31.31

21.62

Stepping time (min)

1.15

–15.11

17.41

Stationary (min)

–6.52

–20.81

7.78

Upright time (min)

–1.85

–15.76

12.06
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Figure 3. Bland-Altman plots of absolute agreement for (A) sitting, (B) standing, and (C) stepping, derived from the W@W-App+MetaWearC with
the equivalent outcome derived from the activPAL3M.
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Figure 4. Bland-Altman plots of absolute agreement for (A) stationary time (sitting+standing) and (B) upright time (standing+stepping), derived from
the W@W-App+MetaWearC with the equivalent outcome derived from the activPAL3M.

When combining variables, stationary time significantly differed
between the two measures (P=.002), while no differences were
observed for upright time (P=.25). However, stationary and
upright times were strongly correlated with the criterion measure
(activPAL3M) (P<.001). Time spent on stationary activities
was underestimated with a mean bias of –6.52 minutes, with a
relatively small LoA (–20.81 to 7.78 minutes). The 90% CI for
the mean difference was 1.3 and 12.4 and was within the 15%
equivalence region (–41 to +41 minutes). The estimates obtained
from the two measures were considered equivalent for stationary
time. A mean bias of –1.85 minutes was identified for time
spent upright, with a relatively small LoA (–15.76 to 12.06
minutes) compared to the noncombined postural/activity
variables. The equivalence procedure indicated that the 90% CI
https://mhealth.jmir.org/2020/8/e15338
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for the mean difference was –0.9 and 4.8 and was within the
15% equivalence region (–7.0 to +7.0 minutes). The estimates
obtained from the two measures were considered equivalent for
upright time.

Discussion
Principal Findings
This study examined the validity of the
W@W-App+MetaWearC to measure occupational sitting,
standing, and stepping times in a free-living workplace
environment.
Our
findings
indicated
that
the
W@W-App+MetaWearC is a valid tool for self-monitoring
occupational sitting, standing, stationary, and upright times,
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demonstrating moderate to very strong validity when compared
to the criterion measure (activPAL3M). However, the analysis
demonstrated that the findings for stepping from the
W@W-App+MetaWearC are not equivalent to those from the
activPAL3M.
Although a small mean bias of 1.15 minutes for stepping was
observed between the W@W-App+MetaWearC and the
activPAL3M, poor agreement, wide CIs and nonequivalence
would suggest that the W@W-App+MetaWearC should not be
recommended for use in detecting stepping time. However, it
is quite plausible that these observations can be attributed not
only to variance from the W@W-App+MetaWearC tool but
also variance in the activPAL3M device. The activPAL3M is
primarily used to examine postural position, namely sitting and
standing, and has demonstrated high levels of accuracy in the
detection of these behaviors in lab-based and free-living
conditions [28], justifying its use as a device-based comparison
for the measurement of sitting and standing times. However,
lower levels of validity for the activPAL3M have been
highlighted for stepping time and step count, particularly during
activities of daily living. Therefore, future research should aim
to utilize more accurate methods of movement when validating
the W@W-App+MetaWearC tool. It should be acknowledged
that W@W-App+MetaWearC performs relatively well in the
detection of steps in free-living conditions when compared with
findings from other commercially available activity monitors
[29,30].
For stationary time (ie, sitting and standing), the
W@W-App+MetaWearC demonstrated high levels of accuracy
when compared with previous validation studies employing a
range of activity monitors [31]. This is likely due to the ability
of the W@W-App+MetaWearC to detect sitting and standing
postures based on thigh acceleration. Recent studies have
developed and validated self-monitoring devices that also
provide real-time feedback on an integrated display, including
the SitFit [32] or through a mobile phone app via Bluetooth
synchronization such as the VitaBit [33] and Chair&App [34].
Similar to the findings presented here, the SitFit and Chair&App
devices reported that sitting time was highly accurate when
compared to the activPAL3M in free-living conditions.
However, the W@W-App+MetaWearC reported a lower mean
bias (W@W-App+MetaWearC) in comparison to other studies
(SitFit). In contrast, the VitaBit device did not accurately
distinguish between sitting and standing in free-living conditions
but was accurate in the detection of movement. These findings
are unsurprising, since the device used as the comparison
measure (ActiGraph) struggles to accurately distinguish sitting
and standing behaviors [35]. Both the SitFit and the VitaBit
were designed to be worn in the pocket of a user’s trousers,
which may be a usability barrier when wearing clothes without
pockets. Chair&App, as well as the W@W-App, focused on
office-based jobs, but Chair&App used a regular office chair
equipped with pressure sensors instead of a thigh-attached
device. That may remove compliance issues related to recording
time but standing, stepping, and sitting away from one’s personal
desk cannot be captured. The W@W-App has demonstrated
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high levels of validity for sitting, standing, stationary, and
upright times, while the wearer’s location and attachment site
may increase compliance with wearing a self-monitoring tool
in the workplace.
The W@W-App+MetaWearC is a novel tool that simulates the
activPAL3M activity monitor in accurately recognizing postural
position at the workplace. The output from the
W@W-App+MetaWearC tool for sitting, standing, stationary,
and upright times were identified as equivalent to the current
gold-standard, device-based postural measure, the activPAL3M.
This suggests that this self-monitoring tool, which provides
real-time feedback to users, is worthwhile for use in
interventions that aim to reduce sitting behavior in the
workplace. Self-monitoring is vital for increasing individuals’
awareness and empowerment toward behavior change [7]. This
may result in a more accurate, affordable, and accessible device
than those currently available, enabling the more cost-effective
inclusion of SB self-monitoring as a function of SB interventions
in the future.

Strengths and Limitations
The strengths of this study include (i) the examination of the
complete range of occupational sedentary and activity behavior
types (sitting/lying, standing, and stepping), (ii) the examination
of the validity of these measures in occupational free-living
conditions, and (iii) the use of a gold-standard, objective
measurement device to determine the validity of the
W@W-App+MetaWearC.
The present study is not without limitations. Although the
activPAL3M has been described as the gold standard for
measuring sitting time [21] and is an acceptable field-based
measure for activity behaviors in youth and adult populations
[36,37], it is not the gold standard for comparison of stepping
time. This should then be considered when interpreting the
Bland-Altman plots, as these are designed to support the
comparison of a new measure to a previous gold standard. The
relatively small sample size with a large percentage of females
(16/20) and the homogeneity of the workplace setting (ie, all
sampled from a university context) might differ from the general
office population. Furthermore, the data gathered included an
average of 5 hours per subject, providing a limited timeframe.
Additionally, the wide range of operating systems and hardware
available added complexity to app development and subsequent
validation.

Conclusions
The W@W-App+MetaWearC self-monitoring system
demonstrates high levels of accuracy in determining postural
position. This tool is a low-cost alternative tool for the
examination of occupational sitting and standing times. It has
demonstrated high levels of validity in detecting postural
position and provides real-time feedback to users. Future
research should examine the interventional effect of utilizing
this system as a self-monitoring tool for modifying activity
behaviors in office-based workers.
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Abstract
Background: With the increasing use of mobile devices to access the internet and as the main computing system of apps, there
is a growing market for mobile health apps to provide self-care advice. Their effectiveness with regard to diet and fitness tracking,
for example, needs to be examined. The majority of American adults fail to meet daily recommendations for healthy behavior.
Testing user engagement with an app in a controlled environment can provide insight into what is effective and not effective in
an app focused on improving diet and exercise.
Objective: We developed Rams Have Heart, a mobile app, to support a cardiovascular disease (CVD) intervention course. The
app tracks healthy behaviors, including fruit and vegetable consumption and physical activity, throughout the day. This paper
aimed to present its functionality and evaluated adherence among the African American college student population.
Methods: We developed the app using the Personal Health Informatics and Intervention Toolkit, a software framework. Rams
Have Heart integrates self-reported health screening with health education, diary tracking, and user feedback modules to acquire
data and assess progress. The parent study, conducted at a historically black college and university-designated institution in
southeastern United States, consisted of a semester-long intervention administered as an academic course in the fall, for 3
consecutive years. Changes were made after the cohort 1 pilot study, so results only include cohorts 2 and 3, comprising a total
of 115 students (n=55 intervention participants and n=54 control participants) aged from 17 to 24 years. Data collected over the
study period were transferred using the secure Hypertext Transfer Protocol Secure protocol and stored in a secure Structured
Query Language server database accessible only to authorized persons. SAS software was used to analyze the overall app usage
and the specific results collected.
Results: Of the 55 students in the intervention group, 27 (49%) students in cohort 2 and 25 (45%) in cohort 3 used the Rams
Have Heart app at least once. Over the course of the fall semester, app participation dropped off gradually until exam week when
most students no longer participated. The average fruit and vegetable intake increased slightly, and activity levels decreased over
the study period.
Conclusions: Rams Have Heart was developed to allow daily tracking of fruit and vegetable intake and physical activity to
support a CVD risk intervention for a student demographic susceptible to obesity, heart disease, and type 2 diabetes. We conducted
an analysis of app usage, function, and user results. Although a mobile app provides privacy and flexibility for user participation
in a research study, Rams Have Heart did not improve compliance or user outcomes. Health-oriented research studies relying on
apps in support of user goals need further evaluation.
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Introduction
Background
By 2025, nearly three-fourth of all internet users will access the
web exclusively by mobile phone. Young people, in particular,
show heavy usage: 53% own a smartphone by 11 years of age,
and 84% of teenagers own a smartphone [1]. This increasing
reliance on mobile phones has sparked the creation of self-help
health apps, known as mobile health (mHealth) [2]. They aim
to improve public health by supporting patient-led self-care
[3,4]. They provide interactive, educational modules, and around
4 million versions can be readily downloaded through both the
Google Play and Apple platforms [5]. They can be used for
fitness tracking to address obesity, journal writing to address
diabetes or mental health, and tracking other areas of concern,
such as the menstrual cycle [6,7]. App developers see a growing
youth market.
A popular mHealth focus is on fitness and diet tracking [6,7].
Fewer than 18% of American adults meet the daily
recommendations for fruit and vegetable servings, and only
one-third engage in the recommended amount of physical
activity each week [8]. Although the transition from adolescence
to young adulthood can be crucial in shaping weight-related
behavior and lasting health patterns [9], only 10% of young
adults entering college (18 to 30 years of age) are likely to
adhere to dietary guidelines [10]. Studies also report a significant
decrease in physical activity and an increase in sedentary
behavior in this period [11]. Methods to address these health
concerns include the promotion of healthy nutritional and dietary
habits and physical activity [12-14].
The risk of obesity and high blood pressure (BP) is especially
pronounced in minorities, leading to negative health outcomes
when not detected early [15]. The incidence rate of diabetes
among African Americans (AAs) is approximately twice that
among non-Hispanic whites. Risk factors for cardiovascular
disease (CVD) in college students include obesity and physical
inactivity, which are disproportionately higher among AAs
[16,17], and studies have shown that AA college students do
not consistently engage in physical activity [18,19]. In a study
conducted at a historically black college and university (HBCU),
average BP was higher among AA students than their
non-Hispanic white counterparts [20]. Whereas studies of the
obesity epidemic have increased in recent years, few target AA
college students.
To address this gap, we used the Personal Health Informatics
and Intervention Toolkit (PHIT) framework to support a CVD
risk factor intervention. mHealth apps have demonstrated
success in improving medication adherence and supporting
mental health interventions [21-23]. In particular, self-care
methods have shown promising results in helping with
depression and anxiety and encouraging a healthier lifestyle
[24,25]. The Rams Have Heart mobile app targets healthy
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behaviors, tracking fruit and vegetable consumption, and
physical activity throughout the day. It was not designed to
actively support behavior change per se but to monitor the
adaptation of concepts from the CVD-oriented college course.
This study aimed to present the functionality of the Rams Have
Heart mobile app and evaluated its usability and adherence in
a vulnerable student population.

Methods
Ethics Approval
This study was approved by the Winston-Salem State University
institutional review board (IRB). In addition, the Research
Triangle International (RTI) Committee for the Protection of
Human Subjects approved the RTI’s role in the analysis of
deidentified data.

Study Design and Population
This secondary analysis aimed to evaluate the usability and
acceptability of the Rams Have Heart app, a tool developed as
part of a larger pilot study to test an evidence-based CVD
intervention in a susceptible demographic-AA college students.
This study was conducted at an HBCU in southeastern United
States, where 73.6% of the student body is AA [20]. After the
university’s IRB reviewed and approved the study, the IRB at
the supporting contracting institution approved its study
personnel’s access to the deidentified data for analysis. The
CVD course was made available to students during the fall
semester for 3 consecutive years; participants in each iteration
are referred to as cohorts 1, 2, and 3. Cohort 1 was essentially
in a pilot study, as the course and app were evolving, and a
variety of revisions were made before starting cohort 2.
Therefore, the study population, analyses, and results are limited
to cohorts 2 and 3.
A total of 109 students participated across cohorts 2 and 3. Of
these, 55 (50.4%) were assigned to the intervention group, who
took the CVD risk-reduction course and were directed to use
the Rams Have Heart app, and 54 (49.5%) were assigned to the
control group, who took the traditional health course and did
not use the app. All were full-time students at the institution,
aged from 17 to 24 years. Cohort 2 was under study from fall
2017 to spring 2018, and cohort 3, from fall 2018 to spring
2019. The main course activity took place during the fall
semester.

App Development
Personal Health Informatics and Intervention Toolkit
Rams Have Heart was developed using PHIT, a
software-development
framework
geared
toward
research-oriented mobile apps [21,22]. PHIT apps comprise 5
primary elements: (1) user interactions involving forms, diaries,
cognitive tasks, and games; (2) optional sensor data acquisition
and processing; user-interaction scheduling, notification, and
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management; and data visualization; (3) configuration and
control scripts, virtual advisor processing, and activity and
intervention logic; (4) database, privacy, and security support;
and (5) study assets, such as educational materials and
audiovisual media.

executed on both Android and iOS devices perform on
smartphones and tablets and can be adapted for desktop
platforms.

PHIT interactive instrument modules and configuration settings
were implemented using extensible markup language and a
custom language called PHITScript to construct program logic
and activate such app functions as dynamically altering menus,
controlling data collection, or scheduling notifications. The
framework runtime loaded such modules and settings to render
the mobile app dynamically tailored to the user and adaptable
to the study protocol. The architecture has contributed reusable
data collection and intervention modules to a growing library
for mobile app studies.

App Startup and BMI Calculation

Apps using the PHIT framework run on the user’s device
without an active internet connection. Raw and derived data are
tagged with the protocol, participant, and other contextual
information, encrypted, and stored locally in the app space.
Whenever the internet is available, data are uploaded to a
study-specific server via the secure https protocol. Individual
and aggregate data can then be off-loaded via a
password-protected portal for review and analysis. PHIT is
based on Apache Flex and Adobe Integrated Runtime (AIR)
technology, both open source and widely used for mobile game
development. By using Apache Flex AIR, PHIT-based apps

Rams Have Heart Mobile App
Rams Have Heart integrated health screening with dietary and
exercise education, food consumption and activity tracking, and
graphic feedback showing progress. A simple, user-friendly
home screen menu (Figure 1) listed app functions—tracking
diaries, health information, personal feedback, and support
modules—with an illustrative icon, a function label, and a brief
descriptive statement to aid understanding.
When first running the app, the study participants entered their
assigned identifier (ID) twice for verification. It was displayed
on the blue home screen header above the function list for easy
reference. All data records were tagged with this ID, and no
personally identifiable information (PII) was saved. The research
investigators maintained a study roster linking the ID to student
contact information, and any other PII (offline and separate
from the app), and any app-acquired data.
Next, participants were asked to set a time when notifications
reminding them to keep up with dietary, activity, and evening
diary entries would be posted (Figure 1). The daily reminders
function was also listed on the home screen menu, allowing
users to cancel or reschedule them to suit their needs.

Figure 1. Home screen menu for the Rams Have Heart app (a) and screens for selecting (b) and setting (b) daily diary reminders.

The final startup task was to enter self-reported personal data
(ie, sex, age, height, weight) and save them for subsequent BMI
calculations. Participants then needed only to enter their weight
periodically to recalculate BMI and observe progress (Figure
2). Should any other personal data change (eg, age) during the
https://mhealth.jmir.org/2020/8/e15156
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study, it could be re-entered via the home screen menu. To
support participant understanding, a series of graphic materials
on BMI and its interpretation were available for reference
(Figure 2).
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Figure 2. BMI data entry and calculator (a), along with sample screens (b, c) from the five-slide set of BMI educational materials.

Dietary and Physical Activity Diaries
The primary function of the app was to support the daily
recording of fruit and vegetable consumption and physical
activity. The fruit and vegetable diary provided simple tap entry
for up to four servings at each meal or when snacking across
the day (Figure 3) for a range of 0 to 32 servings of fruits and
vegetables per day. Servings data could be entered throughout
the day or by recall at the end of the day and revised any time
during the day. At the top of the screen, a color-coded progress
bar advances toward a maximum of 10 servings. The green zone
indicates whenever participants achieved at least six total
servings, with a yellow transition to the 4 to 6 serving range. A
graphic cluster of fruits and vegetables marks progress toward
meeting the daily goal of 6 fruit or vegetable servings.
The physical activity diary used a similarly simple design,
providing 5 levels of vigorous activity, moderate activity, and
walking (Figure 3) across each day. The concept was modeled
on the International Physical Activity Questionnaire (IPAQ).
Participants could enter these data immediately after completing
the activities or by recall later in the day and update or edit them
at any time on the current day. At the top of the screen, a
color-coded progress bar shows the cumulative weighted
minutes of physical activity across the day. Weighted minutes
were calculated using an IPAQ-adapted formula as follows:

As new entries were made, the progress indicator advanced
toward a maximum of 60 weighted min. The green zone
indicated whenever participants achieved at least 45 weighted
min, with a yellow transition for at least 30 weighted min. A
graphic icon of a runner was used to indicate cumulative effort
compliance.
Diary trend charts provided feedback to help students meet
personal goals throughout the study intervention (Figure 3). A
concise single screen presented a 3-week history of diary entries,
allowing users to reflect on their eating and physical activity
behaviors. This approach also aimed to support behavior change
and encourage compliance with a daily diary entry.
During the first year of our study, participants frequently did
not provide diary data every day. As they may have simply
forgotten to make entries on a certain day, we revised the app
for cohorts 2 and 3 to allow them to catch up. They could now
fill in data for days they missed or forgot to enter for up to two
days via recall. We added a form that appeared when participants
entered either diary, asking whether the next entries will record
(1) the current day or (2) 1 day or (3) 2 days earlier (Figure 4).
Once the day was selected, either the fruit and vegetable dairy
(Figure 4) or the physical activity diary (Figure 4) was presented.
Labeling at the top of the diary screens was changed to remind
the participant that recall data were to be entered for the
specified day.

Weighted minutes = (2.0 × vigorous minutes) + moderate
minutes + (0.5 × walking minutes)
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Figure 3. Example diary entry screens for daily tracking of fruit & vegetable consumption (a) and physical activity (b). Trend charts provide feedback
on behavior goals over three weeks of recent entries (c).

Figure 4. Users may catch up on missed diary entries for one or two days behind schedule (a). Labeling is changed to remind users that recall data are
to be entered for specified day (b, c).

The first-time participants entered either the diary module, a
series of slides would explain how to fill in the ensuing diary
entries and reinforce the educational content and its relationship
to the CVD risk–reduction course (Figures 5 and 6). Once
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reviewed, they could be disabled for the participants’ future
data entry, but they were always available as reference materials
via a simple button tap.
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Figure 5. Explanation of levels of activity effort to support quality diary entries.

Figure 6. Explanation of fruit and vegetable serving size to support quality diary entries, along with educational materials supporting healthy eating
choices and behaviors.

Data Storage, Privacy, and Security
Participants were provided with a unique ID to link all acquired
data to that individual. They also entered a self-defined, secret,
4-digit Personal Identification Number (PIN) to prevent access
by other individuals. When the app is in use, its screen will
deactivate after a set period (eg, 2 min) of no interaction, and
a screen cover displayed to hide current data or activity. Once
deactivated, the secret 4-digit PIN must be entered to unlock
the screen and allow the participant to continue.
All acquired and calculated data were stored locally in an
encrypted Structured Query Language (SQL)ite database within
the mobile app. Data reflecting app function, such as date-entry
time stamps and the length of time spent entering diary
information, were also saved to the secure in-app database. Each
time the users exited a diary, they were offered the opportunity
https://mhealth.jmir.org/2020/8/e15156
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to upload the acquired data to the secure central study data server
or to defer it. The app then returned the user to the home screen
menu.
As data were stored locally on the device, the Rams Have Heart
app operated offline, without requiring a continuous cellular or
internet connection. Data were stored using a 128-bit advanced
encryption standard algorithm with no PII. Whenever Wi-Fi
internet access was available, they could be uploaded to a
central, secure server to reduce the use of the participants’
cellular data plans. They were transferred using the secure https
protocol and stored in a secure SQL server database, which was
only accessible to authorized persons via user ID and password
authentication.
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Results
Study Cohort
Upon study entry, participants completed a paper questionnaire
to collect demographic data. Of the total 109, 104(95%)

Krzyzanowski et al
completed the questionnaire; 83 (76%) were women, and 26
(24%) were men (Table 1). Most were 18 years old (76/109,
69.7%), the common age for first-year college students. Over
half (56/109, 51.3%) had a normal BMI (18.5-24.9 kg/m2; Table
1).

Table 1. Demographic characteristics of participants (N=109).
Demographicsa

Values, n (%)

Age (years)
17

8 (7.3)

18

76 (69.7)

19

13 (11.9)

20

8 (7.3)

≥21

4 (3.6)

Male

26 (23.8)

Sex

Female

83 (76.1)
2

BMI (kg/m )

a

Underweight (<18.5)

3 (2.7)

Normal (18.5-24.9)

56 (51.3)

Overweight (25.0-29.9)

28 (25.6)

Obese (≥30.0)

22 (20.1)

Data represent cohort 2 and cohort 3 combined. Data were collected from separate questionnaires external to the mobile app.

The demographic composition of the entire participant
population and those in the intervention group did not differ
significantly (Table 2). Of the 55 participants in the intervention

group, 27 (49%) in cohort 2 and 25 (45%) in cohort 3 used the
Rams Have Heart app at least once.

Table 2. Demographic characteristics of the intervention group (N=55).
Demographicsa

Values, n (%)

P valueb

17

4 (7)

.51

18

37 (67)

.62

19

4 (7)

.84

20

7 (13)

.15

≥21

3 (5)

.31

Male

19 (35)

.08

Female

36 (65)

.92

Underweight (<18.5)

2 (4)

.38

Normal (18.5-24.9)

29 (53)

.43

Overweight (25.0-29.9)

16 (29)

.32

Obese (≥30.0)

8 (15)

.82

Age (years)

Sex

BMI (kg/m2)

a

Data represent cohort 2 intervention and cohort 3 intervention combined. Data were collected from separate questionnaires external to the mobile app
and are representative of the original pool of participants who provided diary data.
b

P value refers to the significance of the difference between the entire population of cohorts and the intervention population (Table 1).
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Use of Information Slides
For each module that requested manual user entry, participants
could opt to view a brief introductory presentation, explaining,
for example, what a serving of fruit looks like or the different
levels of physical activity (ie, moderate vs vigorous). Of the 52
participants who used the app more than once, about 26 (50%)

Krzyzanowski et al
watched it the first time they visited the fruit and vegetable
intake module, and 22 (42%) watched the physical activity
module (Table 3). They could also watch it again whenever
they visited the module. Throughout the entire study period, 37
participants (71%) watched the fruit and vegetable intake
introductory presentation, and 34 (65%) watched the physical
activity introductory presentation at least once (Table 3).

Table 3. Viewership of information slides (N=52).
Modulea

Values, n (%)

Fruit and vegetable intake
Watched before the first entry

26 (50)

Watched at least once

37 (71)

Physical activity

a

Watched before the first entry

22 (42)

Watched at least once

34 (65)

Data were calculated based on participant ID and a true or false record of viewing the module in the dataset.

App Use Over the Study Period
The study ran from late September 2017 to spring 2018 for
cohort 2 and September 2018 to spring 2019 for cohort 3, with
the course conducted in the fall semester and follow-up data
collection in the spring. Both cohorts received frequent in-class
reminders to adhere to the data collection; they were encouraged
to upload data during class and offered an incentive after the

fall 2017 semester ended. Cohort 2 participants gradually tapered
their use of the app until around day 68 when 78% stopped,
corresponding to the final exam week. Cohort 3 also displayed
a sharp drop in the days just before the final exam week;
participants recording fruit and vegetable diary entries fell from
16 to 5, and those recording their physical activity from 10 to
2 (Figure 7). App use did not increase afterward.

Figure 7. The number of active participants recording diary entries over the course of the study (a) active participants providing activity diary entries
and (b) active participants providing diary entries of fruit and vegetables. The study day of drop-off was determined by the latest date of data entry for
each module.

On average, the time participants took to record their fruit and
vegetable intake was 16.3 seconds, and 10.1 seconds for activity
(Figure 8). On average, they entered their recall data a full day
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late (Figure 9). Most entered their data for both diaries in the
afternoon (1-3 PM). This trend was similar for recall data
(Tables 4 and 5).
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Figure 8. Average time participants took to enter a diary entry. Error bars represent Upper Confidence Level of the Mean (UCLM) and Lower Confidence
Level of the Mean (LCLM). The average time was calculated by pooling all entries across all participants.
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Figure 9. Average time participants took to enter a diary entry after the actual diary date. Error bars represent UCLM and LCLM. The average time
was calculated by pooling all entries across all participants.
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Table 4. Time of day data were recorded.

a

Time point

Fruit and vegetable intake n (%)a, N=1968

Activity n (%)a, N=1449

Midnight to 1 AM

114 (5.79)

120 (8.28)

1 AM to 2 AM

83 (4.22)

62 (4.28)

2 AM to 3 AM

120 (6.10)

95 (6.56)

3 AM to 4 AM

81 (4.12)

52 (3.59)

4 AM to 5 AM

66 (3.35)

56 (3.86)

5 AM to 6 AM

55 (2.79)

41 (2.83)

6 AM to 7 AM

19 (0.97)

17 (1.17)

7 AM to 8 AM

20 (1.02)

12 (0.83)

8 AM to 9 AM

5 (0.25)

3 (0.21)

9 AM to 10 AM

0 (0.00)

1 (0.07)

10 AM to 11 AM

1 (0.05)

1 (0.07)

11 AM to noon

11 (0.56)

10 (0.69)

Noon to 1 PM

42 (2.13)

30 (2.07)

1 PM to 2 PM

293 (14.89)

165 (11.39)

2 PM to 3 PM

269 (13.67)

208 (14.35)

3 PM to 4 PM

150 (7.62)

88 (6.07)

4 PM to 5 PM

67 (3.40)

58 (4.00)

5 PM to 6 PM

55 (2.79)

35 (2.42)

6 PM to 7 PM

86 (4.37)

60 (4.14)

7 PM to 8 PM

96 (4.88)

79 (5.45)

8 PM to 9 PM

69 (3.51)

56 (3.86)

9 PM to 10 PM

87 (4.42)

61 (4.21)

10 PM to 11 PM

108 (5.49)

81 (5.59)

11 PM to midnight

71 (3.61)

58 (4.00)

Percentages indicate the proportion of entries recorded for the time period indicated. Data indicate all entries.
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Table 5. Time of night data were recorded.

a

Time point

Fruit and vegetable intake (%)a (N=1024)

Activity (%)a (N=801)

Midnight to 1 AM

43 (4.20)

53 (6.62)

1 AM to 2 AM

39 (3.81)

30 (3.75)

2 AM to 3 AM

42 (4.10)

37 (4.62)

3 AM to 4 AM

41 (4.00)

24 (3.00)

4 AM to 5 AM

38 (3.71)

36 (4.49)

5 AM to 6 AM

35 (3.42)

29 (3.62)

6 AM to 7 AM

14 (1.37)

12 (1.50)

7 AM to 8 AM

13 (1.27)

9 (1.12)

8 AM to 9 AM

3 (0.29)

2 (0.25)

9 AM to 10 AM

0 (0.00)

1 (0.12)

10 AM to 11 AM

1 (0.10)

1 (0.12)

11 AM to noon

7 (0.68)

6 (0.75)

Noon to 1 PM

28 (2.73)

21 (2.62)

1 PM to 2 PM

178 (17.38)

111 (13.86)

2 PM to 3 PM

131 (12.79)

103 (12.86)

3 PM to 4 PM

81 (7.91)

58 (7.24)

4 PM to 5 PM

37 (2.61)

30 (3.75)

5 PM to 6 PM

33 (3.22)

22 (2.75)

6 PM to 7 PM

43 (4.20)

33 (4.12)

7 PM to 8 PM

48 (4.69)

44 (5.49)

8 PM to 9 PM

35 (3.42)

32 (4.00)

9 PM to 10 PM

47 (4.59)

35 (4.37)

10 PM to 11 PM

49 (4.79)

43 (5.37)

11 PM to midnight

38 (3.71)

29 (3.62)

Percentages indicate the proportion of entries recorded for the time period indicated. Data indicate only entries entered as recall data.

Healthy Behavior Adaptation
Using the data entered on fruit and vegetable intake and activity
level, we tracked individual and general trends over the study
period. Note that the n of data (the total number of participants)
was not constant and might skew the analysis of the results.
Regression analysis showed that fruit and vegetable intake, as

well as minutes and metabolic equivalents (METS) of activity
(Figure 10) were all P<.001, indicating a positive correlation
between days into the study and the measure studied. Activity
levels in both minutes and METS decreased over time (Figure
10). Fruit and vegetable intake trended slightly upward as the
study progressed (Figure 10).

Figure 10. Diary entry values recorded over the study period: (a) activity data (in minutes) over time; (b) activity data (in METS) over time; (c) fruit
and vegetable servings over time. METS: metabolic estimates.
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We ran an analysis of variance (ANOVA) using the Tukey
two-tailed t test to determine whether the pooled data for cohorts
2 and 3 changed from week to week (Figure 11). The only
significant finding (P=.03) occurred between weeks 1 and 2,
with an average increase of 1.8 fruit and vegetable servings

Krzyzanowski et al
(average consumption for week 1=3.24, SD 3.50 and week
2=5.05, SD 4.15), but we found no significant change when
comparing week 1 to week 3 (Table 6). Throughout the course
of the study, average fruit and vegetable servings and minutes
and METS of activity fluctuated (Figure 8).

Figure 11. Analysis of variance of diary entries grouped per study week: (a) activity data (in minutes) over time; (b) activity data (in METS) over time;
(c) fruit and vegetable servings over time. METS: metabolic estimates.
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Table 6. Trend of fruit and vegetable and activity results over time.
Study weeka

Fruit and vegetable

P value

Activity (min)

P value

Activity (metabolic equivalents)

P value

2 and 1

1.8089

.03

13.074

.94

12.06

>.99

3 and 2

−1.0330

.97

−9.476

>.99

−33.44

>.99

4 and 3

0.1032

>.99

6.675

>.99

24.01

>.99

5 and 4

−0.8430

>.99

0.188

>.99

1.38

>.99

6 and 5

1.2351

.95

−6.796

>.99

−24.25

>.99

7 and 6

0.4428

>.99

17.207

.63

62.44

.84

8 and 7

0.5558

>.99

−12.434

.98

−55.25

.95

9 and 8

−0.7438

>.99

2.348

>.99

10.20

>.99

10 and 9

1.0697

>.99

0.315

>.99

4.21

>.99

11 and 10

0.6354

>.99

−14.137

>.99

−48.68

>.99

12 and 11

−4.9688

.98

−39.324

>.99

−174.16

>.99

13 and 12

−0.5000

>.99

15.000

>.99

66.50

>.99

14 and 13

−1.0000

>.99

17.500

>.99

63.50

>.99

15 and 14

5.0000

>.99

−14.375

>.99

−46.13

>.99

16 and 15

−1.3333

>.99

11.875

>.99

51.73

>.99

17 and 16

−0.0952

>.99

6.818

>.99

25.85

>.99

18 and 17

4.4286

.99

16.753

>.99

75.12

>.99

19 and 18

−2.5000

>.99

−37.071

>.99

−148.47

>.99

20 and 19

0.5000

>.99

12.000

>.99

61.00

>.99

21 and 20

−1.3000

>.99

−5.500

>.99

−25.90

>.99

22 and 21

0.1333

>.99

−12.773

>.99

−59.25

>.99

23 and 22

5.9667

.50

3.523

>.99

26.80

>.99

24 and 23

−7.3714

.07

0.000

>.99

−13.00

>.99

25 and 24

4.7381

.80

−0.893

>.99

7.11

>.99

26 and 25

−2.6667

>.99

−2.545

>.99

−16.79

>.99

27 and 26

—b

—

—

—

—

—

28 and 27

—

—

—

—

—

—

29 and 28

—

—

—

—

—

—

30 and 29

−1.6500

>.99

−115.217

>.99

−26.40

>.99

31 and 30

0.4000

>.99

−5.000

>.99

−33.00

>.99

31 and 1

4.7624

>.99

−42.361

>.99

−221.49

>.99

a

Numbers represent the difference between means calculated using ANOVA with the Tukey studentized range (honestly significant difference) test,
pooling data from cohort 2 and cohort 3.
b

Data not available.

Discussion
With the rise of mobile phone technology, several apps have
been developed to tackle health problems. Many enable
self-monitoring to achieve health-related goals and are promoted
by medical practitioners to improve patient health [21,22,26].
Although Rams Have Heart featured modules similar to those
used by other health-related mobile apps—for example, one
counting daily fruit and vegetable servings—it was designed
with a research question in mind. We did not assess whether
https://mhealth.jmir.org/2020/8/e15156
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participants were using any other apps for dietary or exercise
improvement but based on the low adherence to our protocol,
even as part of a college course, we deemed it unlikely.
Rams Have Heart aimed to monitor the adaptation of concepts
from the CVD-oriented college course, not to actively support
behavioral change. The app might have done more to support
participant adherence, but the larger objective was to design a
stand-alone course that would improve the cardiovascular health
of students with or without this or any other app. Therefore, the
app’s functionality is centered on its ability to collect data for
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further analysis of its usability and methods for improvement
but, more importantly, achievement of course goals.
Studies of participant retention have suggested using mobile
devices to collect data rather than burdening participants with
phone calls or in-person appointments [27]. Flexibility is a key
to promoting user engagement but can also lead to forgetfulness
[28]. After the cohort 1 pilot study, increasing in-class reminders
to use the app and adding incentives resulted in the longer
adherence found in cohorts 2 and 3. Retention methods specific
to the cohort are sometimes necessary in longitudinal studies
[29]. In years 2 and 3, providing in-class reminders and time to
upload data increased participant retention and the number of
entries. Studies reviewing health research using mobile apps
have shown that the average retention period is around 25.62
(SD 18.41) weeks, and participants who stick with the app over
the long term typically have a strong incentive, such as a serious
health problem [23]. Programmatic incentives include virtual
rewards, such as accomplishment badges [30] and the ability
to share on social media accounts [31-33], as well as more
tangible rewards [34]. In spring 2018, our study introduced a
monetary incentive: an Amazon gift card to the student who
had the highest number of diary entries at the end of each month
for the period after the course ended to the 6-month follow-up.
However, only 1 student continued to provide entries.
Introducing the incentive late in the process was not very
effective.
As part of the diary modules, students could first watch
informational slides. Although most skipped them when they
first recorded a diary entry, 71% watched the fruit and vegetable
servings presentation at least once, and 65% watched the activity
presentation at least once. The physical activity module did not
require much explanation, asking merely for activity time in
minutes. College students are less likely to understand serving
sizes and numbers of servings [35-37], which may account for
the higher viewership of this presentation.
On average, fruit and vegetable serving entries took 5 seconds
longer than the activity diary entries (Figure 8), possibly because
they involved more rows—fruits and/or vegetables consumed
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at breakfast, lunch, dinner, and as snacks—or 8 rows as
compared with only 3 rows for activity (Figure 3). However,
this difference did not affect the average time of recall data
entry (Figure 9) nor account for the difference in the number
of participants inputting diary entries over the study period for
either the fruit and vegetable serving diary or the activity diary
(Figure 7).
All of the diary data were acquired using the app either in near
real time or the app-supported recall within 1 or 2 days. No data
were acquired via nondigital means, such as a paper diary.
Although the student participants often failed to make daily
diary entries, no attempt was made to estimate and fill in missing
entries.
We saw no significant improvement in average fruit and
vegetable servings or activity in minutes or METS when
comparing the last week of the study to the first week (Table
6). Mobile apps with self-reported health assessments (eg,
calorie counting and food diaries) rely on user input to provide
useful feedback on improvements or when to seek professional
help. When these measures are used for research data collection,
accuracy and a large data pool are required [38]. In this study,
most participants did not continue to record their food intake
and activity levels because other life events, such as the end of
the semester and the start of final exams, took precedence [39].
Other retention methods, such as text messages, might have
improved the frequency of entries and reduced the number of
dropouts.

Conclusions
Rams Have Heart was developed to enhance fruit and vegetable
intake and physical activity for a student demographic
susceptible to obesity, heart disease, and type 2 diabetes. As
part of the study, we conducted an analysis of the functionality
and usage of a health-related mobile app. Although Rams Have
Heart provides privacy and flexibility for user participation in
a research study, it did not improve participant retention or user
outcomes. This finding calls for further evaluation to determine
more effective retention methods.
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Abstract
Background: Physical inactivity is globally recognized as a major risk factor for morbidity, particularly the incidence of
noncommunicable diseases. Increasing physical activity (PA) is therefore a public health priority. Engaging in active transportation
(AT) is a viable approach for promoting daily PA levels. Mobile health interventions enable the promotion of AT to a larger
population. The Smart City Active Mobile Phone Intervention (SCAMPI) study was a randomized controlled trial designed to
evaluate the ability of a behavior change program delivered via a smartphone app to motivate participants to increase their PA
by engaging in AT.
Objective: This qualitative study aims to examine the acceptance and user experience of the app promoting AT that was used
in the SCAMPI trial (the TRavelVU Plus app).
Methods: A total of 17 residents of Stockholm County (13 women; age range 25-61 years) who completed the 3-month app-based
behavioral change program (delivered through the TRavelVU Plus app) in the SCAMPI randomized controlled trial during 2018
agreed to participate in a semistructured telephone-based interview. These participants were well representative of the whole
intervention group (n=127) in terms of baseline characteristics such as age, sex, and area of residence. The interviews were
audiorecorded, transcribed verbatim, and analyzed using an inductive qualitative content analysis.
Results: The content analysis revealed 2 themes and 4 subcategories. The first theme, “main motivators: monitoring and
messages,” highlighted that monitoring AT and being able to set weekly goals using the app were the primary motivators reported
by study participants. The second theme, “acceptable but modifiable,” reflects that the app was well accepted and effectively
encouraged many participants to use more AT. Nevertheless, there were functions in the app that require modification. For
example, while the semiautomated travel tracking feature was appreciated, participants found it time-consuming and unreliable
at times.
Conclusions: This study contributes novel insight into adults’ experiences of using a mobile app to promote the use of AT. The
results showed that the app was well accepted and that self-monitoring and goal setting were the main motivators to engage in
more AT. The semiautomated tracking of AT was appreciated; however, it was also reported to be energy- and time-consuming
when it failed to work. Thus, this feature should be improved going forward.
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Introduction
Over 30% of the global population is physically inactive [1].
This is alarming, as physical inactivity is one of the greatest
risk factors for mortality worldwide [2] and contributes to the
development of most noncommunicable diseases [3]. Therefore,
promoting physical activity (PA) is a public health priority [4].
In Sweden, there has been a pronounced decline in mean
cardiorespiratory fitness in adults between 1995 and 2017, and
the proportion of people with low cardiorespiratory fitness has
almost doubled [5]. One factor potentially associated with this
fitness loss is preferred mode of transportation; over the past
two decades, the use of active transportation (AT) has decreased
while motorized transportation use has increased [6].
Municipalities over the world have tried different strategies,
including banning cars from their city centers and redesigning
urban streets in order to increase walking and cycling to ensure
individuals can transport themselves actively and become
healthier [7]. As health benefits can occur even with modest
improvements in PA levels [8], engaging in AT is an effective,
impactful way to increase the total amount of PA [3,9].
Moreover, AT has been inversely associated with
noncommunicable diseases, including obesity, type 2 diabetes,
cardiovascular disease, and falls [10-12]. However, changing
people’s behaviors toward AT is especially challenging because
external factors influence travel mode, such as convenience and
weather conditions [13]. This is particularly true in Sweden and
other Nordic countries, where winters are long, cold, dark, and
snowy [14]. Thus, new and innovative approaches to changing
the attitudes and behaviors regarding AT are needed. In this
project, AT was defined as walking or biking parts of or the
entire way to a destination.
The extensive development of information and communication
technologies characteristic of modern society enables
interventions to reach large populations [15]. The benefits of a
mobile health (mHealth)–based intervention are that it can be
delivered at scale and at any time, can be tailored to meet
peoples´ needs, and is more cost-effective than face-to-face
counseling [16]. Specifically, mHealth programs have already
proven to be useful in promoting PA and weight loss [17,18].
Despite their utility, it is important to understand how people
perceive and use mHealth interventions in order to improving
the effectiveness, engagement, and acceptance of existing and
future mHealth apps. Increasingly, studies are now including
an assessment of user perceptions. For example, Dennison et
al explored user perceptions of mobile apps for behavior change
among healthy young adults and showed that users expected
apps to be accurate, legitimate, secure, and able to record and
track behavior and goals [19]. Participants also expected health
https://mhealth.jmir.org/2020/8/e19380
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apps to require minimal effort to operate [19]. Another study
examined the design and content elements of health apps that
facilitate or impede usage from the user perspective [20]. Their
findings are largely similar to Dennison et al [19], with the
addition of participants requesting individually tailored
information to meet their needs. Additionally, two studies
described user perceptions of mobile apps in the health care
sector, one for medication management among older adults [21]
and one regarding the acceptability of an app for diabetes
self-management [22]. Through assessing users’ perceptions of
mHealth apps, it is possible to improve the design of future
mHealth interventions that are effective and accepted by end
users [20]. To date, no study that we are aware of has explored
user perceptions of an app aiming to promote AT.
Recently, the main results from the Smart City Active Mobile
Phone Intervention (SCAMPI) randomized controlled trial
(ClinicalTrials.gov NCT03086837) [23] were published [24].
The SCAMPI trial aimed to evaluate the effectiveness of a
3-month behavior change program delivered through a mobile
phone app to promote AT (TRavelVU Plus app) on
moderate-to-vigorous PA. The results showed that there was a
moderate effect of the intervention on moderate-to-vigorous
PA at 6 months after baseline, which corresponded to around
30% of the weekly recommendation [24]. In this qualitative
study, we examine the acceptance and user experience of the
app used to promote AT in the SCAMPI trial (ie, the TRavelVU
Plus app).

Methods
Study Design and Recruitment
The SCAMPI trial was conducted between September 2017 and
September 2018 in Stockholm County, Sweden (N=254) [23].
Full details on the trial’s design and methods, as well as the
main intervention results, are published elsewhere [23,24].
Briefly, all participants downloaded the TRavelVU app and
used it for baseline and follow-up measurements of their AT.
The TRavelVU app automatically registered participants’ use
of transportation (time, duration, and mode) using GPS
coordinates. In the evening, participants were asked to review
and, if necessary, manually revise travel and locations in the
app (ie, the recordings of travel were semiautomated). Travel
behaviors were presented graphically for daily, weekly, and
monthly AT use. After baseline measurements, participants
were randomized into either the control (n=127) or intervention
group (n=127). Participants allocated to the intervention group
received the TRavelVU Plus app, which included a behavior
change program grounded in Bandura’s social cognitive theory
and the principles of social ecology [25,26]. The behavior
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
change program comprised a weekly goal-setting function and
feedback on the weekly goal to inspire additional AT. Messages
also provided encouragement to engage in AT and offered
strategies to do so. Detailed descriptions of the TRavelVU and
the TRavelVU Plus apps are available in the study protocol
[23].
After completing the intervention, participants in the
intervention group were contacted by email and asked to
participate in a semistructured telephone-based interview
regarding their experiences using the app. Participants received
information about the purpose of the interview and were
informed that participation was voluntary. In total, 17
participants agreed to participate, and a telephone interview was
scheduled with each. The 17 participants interviewed were
representative of the intervention group, with the majority of
them being women (13/17, 76%), having a mean age of 51 (SD
11) years, having a university degree (10/17, 59%), and spending
on average 59 (SD 21) minutes per day in moderate-to-vigorous
PA. None of these results were statistically different (P values
ranging from .16 to .89) from the corresponding results for the
entire intervention group (n=127), of which the majority of
participants were women (78/127, 61.4%), with a mean age of
47 (SD 11), a university degree (80/127, 63.0%), and a mean
moderate-to-vigorous PA of 60 (SD 28) minutes per day.
Furthermore, the entire intervention group and the participants
in the interviews lived in similar residential areas (urban) of
Stockholm County. At baseline, there was a wide range in their
use of active transportation, as reported previously [24], and no
difference between the entire group and the participants in this
qualitative study (intervention group: n=127; mean AT 58
min/day, SD 29; qualitative study: n=17; mean AT 55 min/day,
SD 22; P=.68). Informed consent was obtained at the start of
the interview. The study and the consent procedures were
approved by the regional ethical board in Stockholm (January
11, 2017: dnr 2016/2403-31 and March 22, 2018: dnr
2018/615-32).

Data Collection
To explore the study participants´ perceptions of the TRavelVU
Plus app, a semistructured interview guide was developed. This
guide included questions regarding the app’s layout and
function, as well as the feasibility and acceptability of using the
app. We explicitly asked whether participants had experienced
problems with the app and if they had suggestions for
improvements. To maximize the amount and depth of the data
collected in the interview, follow-up questions were posed, such
as “Could you tell me more?” The interviews lasted between
16 and 30 minutes, were audiorecorded, and were transcribed
verbatim. ES, a research assistant, conducted all interviews.

Data Analysis
The interviews were analyzed using an inductive qualitative
content analysis inspired by Graneheim and Lundman [27].
Initially, the transcribed interviews were carefully read several
times by A-KL and SR for greater understanding of the material.
The text was then divided into meaning units guided by the aim
of the study. The meaning units were coded close to the original
text. The codes were compared, contrasted, and sorted into
preliminary subcategories and themes. After rereading the
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interviews, to verify that no important information had been
omitted, 2 themes containing 2 subcategories were created.
A-KL and SR have extensive experience in qualitative research,
and they were primarily responsible for the analysis; however,
all authors contributed to the final result. The authors have
different backgrounds and areas of expertise, such as
physiotherapy (A-KL, SR), physical activity and public health
nutrition (ES, CA, ML), and clinical nutrition (AE). This variety
of experiences and perspectives increases the likelihood of
providing a more nuanced interpretation of the results [28]. In
accordance with Graneheim and Lundman [27], quotations were
included to strengthen the credibility of the study.

Results
The analysis resulted in 2 themes with 2 subcategories each to
describe participants’ perceptions of using the TRavelVU Plus
app.

Main Motivators: Monitoring and Messages
Monitoring AT and setting weekly goals in the app were
perceived to be the main motivators to use AT, for example, by
choosing transportation options other than a car. A majority of
participants also reported being motivated by the daily messages,
which served as reminders to engage in AT. However, at the
time of the interview, they could not always remember the actual
content of the messages.

Going for Goals
Two of the most appreciated features of the app were the
self-monitoring function and the ability to set a weekly AT goal.
Participants highlighted how goal setting served as a motivator
for behavioral change or for maintaining their current level of
AT. Some participants set goals that they could easily reach
and, therefore, did not become more active than before. In
contrast, others challenged themselves and strived to constantly
improve their behavior. When the set goal became within reach,
it especially triggered some participants to use more AT to
ensure that the goal was achieved. For participants who had not
set challenging enough goals or fell too far behind with no
chance of recovering, the goal-setting function was not perceived
to be motivating. A feedback message was sent to participants
who had not reached their goal by the end of the week. Some
participants reported that this feedback on the set goal was
provided too late and suggested that, instead, messages should
be sent earlier in the week; then the messages would motivate
participants to reach their goal, as it was seen by some
participants as a competition against themselves. In addition,
some participants suggested including a platform for connecting
with other app users, sharing their progress, and maybe even
competing against each other.
The weekly goal setting affected me a lot since it made
me more physically active and gave me a sense of
pride. I made sure to reach my goal, especially if I
was very close to achieving it. [Woman, 45 years old,
interview 6]
Receiving feedback and getting graphical statistics on their
transportation mode increased participants’ awareness of their
behavior and inspired several participants to make better
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decisions and use AT more often. For example, participants
reported that they checked the map of the route they had walked
during the day and reflected on possible longer or shorter routes.
Additionally, the graphics were used to see whether they could
have saved time or somehow been more physically active. Even
though some reported that the app made them more active,
especially through promoting AT despite poor weather or other
discouraging circumstances, many said that the app had little
or no effect on their PA level. These participants were usually
highly active prior to using the app or affected by external
factors, such as large quantities of snow or slippery roads during
the intervention, long transportation distances that obviate the
use of AT, or practical things, such as dropping children off at
preschool.
I think it is good to become more aware of my modes
of transportation … If I walk about 10,000 steps a
day, then I am satisfied, but if I also see that I take
the car for 5 minutes, 10 times a day, then I realize
that I could have walked even more. It provides more
insights about how you travel during a day. [Woman,
25 years old, interview 3]

Messages: Encouraging or Just a Frustration?
The app posted encouraging messages, to which participants
had varying responses. Some expressed that messages affected
their transportation choices and, therefore, found them useful.
Participants with intentions to change their behavior also viewed
the messages as helpful and effective reminders to engage in
more AT, for example, by getting off the bus earlier and walking
the remaining part of the way to their destination. They found
that the messages prevented them from getting stuck in habits
and forgetting about other alternatives.
In contrast, other participants reported that the messages made
them feel bad for not using AT or not being physically active.
Some participants found the messages to be somewhat annoying,
especially when messages were similar or repeated. Others
appreciated that the messages had a positive tone. Practical
messages, for example, with information on how to take care
of your bicycle, were brought up as helpful. Participants also
said that it was motivating to receive facts on the health-related
aspects of PA. One participant was especially inspired by a
message about sedentary behavior that included information on
the importance of breaking up sedentary portions of the day and
how one could spread PA throughout the day rather than doing
it all at once (eg, in the evening).
One of the most useful things was the messages that
contained inspiration and suggestions on how to
change behavior. Perhaps not the most fun, but the
most useful, because then I realized that I have not
done any active travel today. It made me think,
perhaps I should get off the bus earlier and walk the
rest of the way. [Woman, 61 years old, interview 7]

Acceptable but Modifiable
Taken together, the interviews indicated that the app was
generally well accepted by the participants and that it had
encouraged many to use more AT and public transportation.
The participants graded the app overall an average of 3.5 on a
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scale from 0 to 5 (range 2.0-4.5). Nevertheless, the participants
also identified several issues and areas for improvement.

Semiautomated Registration: Heaven and Hell
Most participants appreciated the app’s semiautomated
registration of their transportation activity. However, registration
was also the feature with the most reported problems. The app
sometimes erroneously changed the mode of transportation, for
example, when passing by a subway station. Additionally,
transportation would sometimes incorrectly change modes, for
example, from driving to biking, if the velocity suddenly
changed from a relatively high speed to a lower one (eg, due to
traffic). Some participants said it sometimes felt as if the app
was just guessing their mode of transportation. They expressed
that occasionally it would register a route as a straight line
between A and B, which was probably due to the lack of GPS
points in some areas. Resolving these issues by correcting the
route and mode of transportation required a lot of work,
according to the participants. One of the participants did not
appreciate that the app could track your whereabouts and
therefore deleted it as soon as the intervention was over.
Participants expressed different experiences with respect to the
workload required to manually change the registered data in the
app. Some participants expressed it was difficult and
time-consuming, while others found it annoying but manageable.
Some participants reported that having to correct the registration
became boring and that the corrections were, at times, less
accurate. The app’s ability to automatically choose an activity
connected to a certain place was considered both a strength and
a weakness. For example, if the same activity was always
performed at one place, the feature was helpful, but when
visiting a place where several activities could be performed,
this default function required participants to spend more time
on corrections than it would have taken them to register the
activity themselves.
The app gave me some trouble and sometimes it was
difficult to use. It has been random, sometimes it made
correct assumptions and sometimes not. Sometimes
it took 15 minutes to correct registrations and
sometimes it just worked. Sometimes it says that I do
not have a network connection even though I do, and
without it the app does not work. [Man, 63 years old,
interview 2]
I think the app learned how to register my travels
well. You did not need to do everything all over again
every time, except maybe change the travel mode to
bus instead of bike, but that was really easy to do.
[Man, 56 years old, interview 8]

Tailored Transportation
To increase the effectiveness of the app, many participants
suggested that it should be more tailored to the individual to
better address their specific needs and circumstances. Some
participants wanted the app to not register travel modes that
they never used or were not able to use (eg, not register a train
ride if that was never an option in the area). One participant
suggested that displaying the most used travel modes and the
most frequently visited places at the top of the list in the app
would make it more user-friendly. Some also suggested hiding
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options that were never used (eg, remove motorbike as an option
if the participant did not own one). Another example was more
individually tailored messages. Some participants received
messages about taking the subway even though it was not a
travel option in their area or about riding a bike when they had
no access to one. Some messages included season-specific
information not suitable all year, which was highlighted
specifically by many as relevant to improve. Some expressed
that they wanted to turn off the messages and instead use the
app for an overview of their travels (ie, time use statistics). One
participant requested messages about traffic conditions, for
example, when the subway was not working or a traffic accident
had occurred, or real-time route optimization information, such
as “If you get off the bus now you will reach your destination
sooner.” Other participants requested more startling information
to catch their attention, like how health is affected by a mere
20 minutes of AT.
I would have graded the app higher if it was possible
to adjust it to my preferences. I do not bike, and I
have received a lot of information about cycling, and
I do not take the bus, but the app often suggested that
I travelled by bus when it registered my travels. [Man,
47 years old, interview 1]
Some participants stated that they might have used the app more
frequently if the statistics displayed were more appealing to
them and if the app were more interactive. For example, many
expressed that the app would have been more informative if it
included measurement of total PA, since much of their activity
never got included in the statistics, and some participants wanted
to see their calorie expenditure as well. Participants also
suggested connecting the TRavelVU Plus app to other apps,
like Runkeeper (Asics Corp) or Moves (Facebook Inc), to
summarize the amount of total PA. Some indicated that the app
would benefit from a different start screen (eg, one that displays
how much of a participant’s goal remains). Some participants
had trouble finding the feature used to set weekly goals if they
did not do it shortly after receiving the descriptive message with
a link to the goal-setting function. Along the same lines, some
participants found only being able to set a goal for the upcoming
week on Sundays and no later to be limiting. Moreover, several
participants reported wishing that they had set more goals than
they actually did and suggested incorporating a function that
forced you to choose whether you wanted to set a goal or not
for that week, which thereby served as a reminder to set a goal,
ideally in a timely fashion.
I would have liked an app that includes a wide variety
of health measurements. Now there are apps for
movement and apps for eating, but if you got them all
in one app I would use it a lot more. If the app
included other health components, I could have set
goals that were more attractive to me. [Woman, 25
years old, interview 3]

Discussion
This study explored healthy adults’ perceptions of using a
smartphone app developed to promote the use of AT as a means
to increase daily PA.
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Principal Findings
Overall, results showed that the app was perceived as acceptable
by study participants and was able to motivate them to choose
active rather than motorized forms of transportation. Similar to
the results published by Peng et al [20], the participants
appreciated the semiautomated collection of AT data. However,
as this function sometimes failed, participants had to make
corrections in the app, and this was perceived as unnecessarily
time-consuming and caused undue frustration. In this context,
it is relevant to note that Dennison et al [19] found that
self-monitoring, goal setting, and receiving feedback were
important features, as long as the input effort required was not
perceived as too burdensome. The participants in that study
reported that automated, accurate, and detailed data registration
programs were still highly needed. Indeed, a high-detail feature
for the automatic recognition of AT was included in this study.
However, our results indicated that some refinement is required
to improve the accuracy level, which is an important topic for
future research.
Understanding the mechanisms underlying health behavior
changes inspired by a mobile app is relevant to connecting to
the theories that the intervention is grounded in and the behavior
change techniques included. Hoj et al [29] describe an
association between self-reported app engagement and impact
on the theory-based mechanism of behavior change. Our results
indicate that self-monitoring their transportation mode increased
participants’ awareness of their behavior. This is consistent with
the transtheoretical model, which describes health behavior
change as occurring through multiple stages, of which awareness
is the first stage [30]. Self-monitoring is also one of 3 steps in
the behavior change process, according to Bandura’s social
cognitive theory [31]. This is important, as the quantitative
outcome of this project showed an increase in
moderate-to-vigorous PA at the 6-month follow-up [24]. By
creating awareness, the app might have initiated a process of
behavior change that was first seen after 6 months.
According to the participants, the most motivating features of
the app were goal setting and self-monitoring, which correspond
to the second step, judgment, in Bandura’s [31] theory. Goal
setting and self-monitoring are valuable in supporting and
sustaining health behavior changes using mobile app
interventions [19,20]. Our study adds to the evidence of the
importance of putting extra effort into reaching a goal; however,
some participants also reported losing motivation if they
perceived the goal to be unreachable or easily achievable without
changing their behavior. This is comparable to the results from
a recent meta-analysis that concluded that goal setting robustly
affects behavioral changes when the goal is specific and
challenging enough [32]. The authors [32] also emphasized that
goal setting is favored at the group level, where it is set and
monitored publicly (preferably by another person). Along this
line of thought, the participants in our study suggested that the
app should allow and encourage connections between its users,
a feature that could promote behavior change, as someone else
is also monitoring the progress. Thus, in summary, the
goal-setting and self-monitoring features should be kept in future
versions of the TRavelVU Plus app. In addition, a feature that
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allows participants the option to share their goals and
achievements with other participants could be added.
The SCAMPI study aimed to promote AT among healthy adults
to increase their PA. However, participants reported that they
might have used the app more frequently if it had included
statistics concerning their general health or all their types of PA
(including physical exercise). This could be important to
consider when designing behavior change interventions with a
focus on AT. Goal setting is important when changing behavior,
and the goals must correspond to participants’ expectations [32].
Otherwise, it might affect both the use and the perception of
the app. Thus, for future versions of the TRavelVU app, as well
as for other similar tools, the ability to monitor other types of
PA (eg, gym classes, running) should be considered as an
additional feature.
In the present study, participants who intended to increase their
PA perceived messages as motivating, as they reminded them
to use more AT. This is in line with Prestwich et al [33], who
described increased PA in participants who intended to change
their behavior and received motivating text messages compared
with a control group that did not receive reminders or did not
have any intention of changing their behavior. Also, McDermott
et al [34] found that combining self-monitoring with other
behavior change techniques, such as information, more
effectively promotes PA and healthy eating than interventions
based on self-monitoring alone. Self-monitoring and reminders
are valued features and possibly explain the results in Karppinen
et al’s [35] study on healthy habit formation. The participants
in our study called for more tailored information in the messages
promoting AT, as unnecessary information only irritated them.
This is similar to the results published by Peng et al [20], which
concluded that participants requested more personalized
information. In addition, Peng et al [20] noted that the inclusion
of tailored information and increased personalization can
encroach on privacy protection issues and feel invasive to some
users. This was also observed in our study, as one participant
expressed concerns about the app collecting information on his
travel habits and uninstalled the app as soon as the intervention
was over, while others explicitly recommended including more
personalized information. Maintaining the delicate balance
between personalization and anonymity is a challenge facing
the entire field of mHealth. With increasing numbers of
commercially available apps for PA entering the market, users
are required to share more personal and contextual data (eg,
geolocation), which makes the balance between personalization
and anonymity problematic. More research is required to
understand how best to manage this balance.

Lindqvist et al

Strengths and Limitations
Qualitative evaluations of novel intervention methods are
critical, as user experience and acceptance are key in ensuring
widespread adoption and implementation and in guiding the
design of future interventions. Here we present a qualitative
evaluation of the SCAMPI trial that further explains and
complements the quantitative main findings of the study [24].
Given that participation in this follow-up study was voluntary,
it is possible that the participants willing to be interviewed had
a more positive attitude toward the project and the app than
those who were unwilling to participate further by being
interviewed. Therefore, we asked them to highlight problems
and identify areas for improvement in the app, which allowed
us to paint a more nuanced picture of their perceptions. As
reported in our main outcome paper [24], a major strength of
the SCAMPI trial was that participants were invited from a
random sample drawn by Statistics Sweden. Nevertheless, as
is common in research, participants in the entire intervention
group (n=127) and participants in this qualitative evaluation
(n=17) had higher educational attainment (10/17, 59% had a
university degree) than the nonresponders. Moreover,
participants were already active prior to joining the study,
spending on average 59 (SD 21) minutes per day in
moderate-to-vigorous PA; this level of interest in PA may have
affected the result of this study. For instance, it is possible that
individuals already engaging in PA may also be users of activity
apps. Thus, future studies should also include populations that
are more sedentary. Finally, this study was limited by having
only 17 out of the 127 original participants participate in the
interviews. However, we ensured that this subpopulation was
representative of the original group and found that a sample of
this size was sufficient to generate interviews that contained a
rich, broad variety of experiences.

Conclusions
This article contributes novel information about healthy adults’
experiences using an app that promotes AT as a means toward
increased PA. The results showed that the app was acceptable
and that participants who were ready to make a behavior change
were motivated by self-monitoring, goal setting, and receiving
reminder messages to use AT. In addition, all participants
reported that the app increased their awareness of their travel
habits, which is the initial step required for behavior change to
occur. Taken together, our results showed that the app’s features
were appreciated by its users, who also identified modifications
that would improve the usability of future versions of the app.
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Abstract
Background: High dietary sodium intake is a significant public health problem in the United States. High sodium consumption
is associated with high blood pressure and high risk of cardiovascular disease.
Objective: The aim of this study was to evaluate the effect of a just-in-time adaptive mobile app intervention, namely,
LowSalt4Life, on reducing sodium intake in adults with hypertension.
Methods: In this study, 50 participants aged ≥18 years who were under treatment for hypertension were randomized (1:1,
stratified by gender) into 2 groups, namely, the App group (LowSalt4Life intervention) and the No App group (usual dietary
advice) in a single-center, prospective, open-label randomized controlled trial for 8 weeks. The primary endpoint was the change
in the 24-hour urinary sodium excretion estimated from spot urine by using the Kawasaki equation, which was analyzed using
unpaired two-sided t tests. Secondary outcomes included the change in the sodium intake measured by the food frequency
questionnaire (FFQ), the 24-hour urinary sodium excretion, blood pressure levels, and the self-reported confidence in following
a low-sodium diet.
Results: From baseline to week 8, there was a significant reduction in the Kawasaki-estimated 24-hour urinary sodium excretion
calculated from spot urine in the App group compared to that in the No App group (–462 [SD 1220] mg vs 381 [SD 1460] mg,
respectively; P=.03). The change in the 24-hour urinary sodium excretion was –637 (SD 1524) mg in the App group and –322
(SD 1485) mg in the No App group (P=.47). The changes in the estimated sodium intake as measured by 24-hour dietary recall
and by FFQ in the App group were –1537 (SD 2693) mg and –1553 (SD 1764) mg while those in the No App group were –233
(SD 2150) mg and –515 (SD 1081) mg, respectively (P=.07 and P=.01, respectively). The systolic blood pressure change from
baseline to week 8 in the App group was –7.5 mmHg while that in the No App group was –0.7 mmHg (P=.12), but the
self-confidence in following a low-sodium diet was not significantly different between the 2 groups.
Conclusions: This study shows that a contextual just-in-time mobile app intervention resulted in a greater reduction in the
dietary sodium intake in adults with hypertension than that in the control group over a 8-week period, as measured by the estimated
24-hour urinary sodium excretion from spot urine and FFQ. The intervention group did not show a significant difference from
the control group in the self-confidence in following a low sodium diet and in the 24-hour urinary sodium excretion or dietary
intake of sodium as measured by the 24-hour dietary recall. A larger clinical trial is warranted to further elucidate the effects of
the LowSalt4Life intervention on sodium intake and blood pressure levels in adults with hypertension.
Trial Registration: ClinicalTrials.gov NCT03099343; https://clinicaltrials.gov/ct2/show/NCT03099343
International Registered Report Identifier (IRRID): RR2-10.2196/11282
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Introduction
High sodium intake is a significant public health problem in the
United States [1]. The current federal guidelines advocate a
daily sodium intake of less than 2300 mg/day [2]. However, the
average sodium intake for Americans is approximately 3460
mg/day [3]. In a meta-analysis of 177,025 patients, higher
sodium intake was associated with higher risk of stroke (relative
risk 1.23, 95% CI 1.06-1.43) and a trend toward higher risk of
cardiovascular diseases (relative risk 1.14, 95% CI 0.99-1.32)
[4]. Interventions that lower sodium intake can decrease blood
pressure levels and cardiovascular outcomes [5-8]. Implementing
these interventions can be complex as it involves food
manufacturers, restaurant chains, and community organizations.
Smartphones and mobile apps offer a scalable and pervasive
opportunity to provide an intervention to individuals who
frequently eat at restaurants or shop for high-sodium foods at
grocery stores. Over half of the Americans consume 1-3
restaurant meals per week and 23% of the Americans consume
4 restaurant meals per week [9,10]. People who eat at restaurants
frequently and buy high-sodium foods at grocery stores are the
prime targets for this intervention, as about 77% of the sodium
intake in the average American diet originates from processed
and restaurant foods. We have developed a mobile app named
as LowSalt4Life, which is an intervention aimed at reducing
the sodium intake. Using smartphone sensors, the mobile app
can detect when the patient arrives home or enters a restaurant
or a grocery store and the restaurant or the grocery store that
the patient has entered. This app provides a highly adaptive
intervention wherein tailored messages are provided exactly
when the patient needs help, also known as “just-in-time,” and
with the precise information needed for that location, also known
as “contextual.” Just-in-time adaptive interventions have the
potential to dramatically improve patient behaviors in a variety
of clinical settings [11].
The purpose of this pilot study was to evaluate the effectiveness
of this mobile app intervention in providing contextual
just-in-time adaptive push messages on dietary sodium intake
and in improving the patient’s confidence in following a
low-sodium diet.

Methods
Trial Design
The method of this trial has been published previously [12].
This clinical trial was a single-center, prospective, open-label
randomized controlled trial that was conducted from June 2017
to March 2019. Participant recruitment was performed at
Michigan Medicine, formerly the University of Michigan Health
System, through the university recruitment platform and by
sending letters to over 7000 patients who met our study criteria.
Participants were randomized into the mobile app group (App
group) or usual care group (No App group) in a 1:1 manner and
http://mhealth.jmir.org/2020/8/e16696/
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stratified by gender using the University of Michigan Consulting
for Statistics, Computing, and Analytics Research randomization
instrument. Participants randomized to the App group received
a 30-minute in-person training session and were educated to
use the mobile app for 8 weeks by the study coordinator. The
training session included information on how to use the mobile
app. Participants randomized to the No App group received the
standard of care at the University of Michigan. The University
of Michigan guideline for hypertension management
recommends modification of dietary sodium intake to less than
2400 mg/day. This study was approved by the University of
Michigan Medical School Institutional Review Board (approval
received on April 4, 2017), and all the participants provided
written informed consent. This trial was listed at
ClinicalTrials.gov (NCT03099343, received March 28, 2017)
and was sponsored by the Agency for Healthcare Research and
Quality (R21 HS024567).

Participants in This Study
Patients older than 18 years diagnosed with hypertension, on
antihypertensive therapy for at least 3 months, and using an
iPhone were included. Patients were excluded if they had
chronic kidney disease (CKD), heart failure, systolic blood
pressure >180 mmHg, diastolic blood pressure >110 mmHg,
insulin-requiring diabetes mellitus, or were taking loop diuretics,
corticosteroids, or nonsteroidal anti-inflammatory medications.
CKD was defined as known kidney damage (structural or
functional abnormalities) or estimated glomerular filtration rate
less than 60 ml/min/1.73 m2 (CKD stage 3, 4, or 5). The
participants who provided the initial consent completed the
Block Food Frequency Questionnaire (FFQ, NutritionQuest
Inc) [13], and those with estimated baseline dietary sodium
intake of less than 2300 mg/day were excluded before
randomization. On October 1, 2018, the estimated dietary
sodium intake for exclusion was changed to less than 2000
mg/day, with patients consuming 2000-2300 mg/day allowed
to participate if the estimated sodium to kilocalorie ratio was
greater than 1, as estimated by the FFQ. This change led to 4
patients being recruited that did not meet our initial study
inclusion criteria. The 110-item Block FFQ was electronically
self-administered and it recorded commonly consumed foods
to estimate the nutrient and energy intake.

Intervention
The mobile app intervention method has been published
previously [12]. Briefly, the intervention began with a baseline
assessment of foods containing high sodium levels by using the
Block Sodium Screener (NutritionQuest Inc). Participants
selected alternatives to their 5 high-sodium foods and geotagged
the places in which these foods were consumed or purchased
(home, restaurant, or grocery store). In addition to these
geolocations, a cloud-based web service was used to predict
when the participant was entering a grocery store, restaurant,
or home. Contextual just-in-time adaptive messages were
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e16696 | p.256
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provided to promote behavior change when a participant entered
a grocery store, restaurant, or home. These messages were push
notifications, which were tailored to the user’s confidence in
following a low-sodium diet and linked to content in the mobile
app. The mobile app showed the participant-selected alternatives
to their 5 high-sodium foods, curated a list of low-sodium meal
options at restaurants, provided users the capability to search
restaurant menus that were prioritized by low sodium contents

Dorsch et al
and/or the ability to scan the universal product codes of the
grocery store items to find similar food options containing lower
sodium contents. A standard nutrition database (Nutritionix)
was used to provide the nutrition information at the grocery
stores and restaurants through an application programming
interface (API). Figure 1 shows an example of a push
notification and product search in the app.

Figure 1. Example of a LowSalt4Life push notification and product search in the app.

Outcomes
The change in the dietary sodium intake was measured by both
subjective and objective measures. Twenty-four-hour dietary
recall data were collected and analyzed using the Automated
Self-Administered 24-hour (ASA24) dietary assessment tool,
version 2016, developed by the National Cancer Institute,
Bethesda [14]. The ASA24 is an electronic 24-hour recall

website that allows participants to self-administer the survey in
a user-friendly manner. In addition to the Block FFQ 2014, a
sodium screener survey was performed. This screener generates
a score from the quantity and the frequency of consumption of
high-sodium foods in the participant reports. The ASA24, FFQ,
and sodium screener were administered at baseline and in week
8 of the study. Figure 2 shows the details of the timeline and
all the outcomes.

Figure 2. Study timeline and outcomes. ASA24: Automated Self-Administered 24-hour dietary food recall; FFQ: food frequency questionnaire;
SCFLDS: Self-care Confidence in Following a Low-sodium Diet Scale.
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The urinary excretion of sodium was measured by the 24-hour
urinary collection method for monitoring the sodium intake.
Participants were instructed to collect all urine voids for 24
hours and return them for analysis for sodium excretion by using
the standard University of Michigan laboratory processes. The
method of collection from the participants was written in our
study procedures and reviewed with the participants prior to
the baseline in-person visit. Participants were mailed the
supplies, a collection worksheet, and an instruction letter for
collecting the 24-hour urine samples. The study coordinator
reviewed the collection sheet and the 24-hour urine samples
with the participants during the 2 in-person visits. The
Knuimann strategy was used to assess the completeness of the
24-hour urine collection, which uses urinary creatinine values
and body weight [15]. Twenty-four-hour urine excretion was
collected at baseline and after 8 weeks. In addition, the estimated
24-hour urinary sodium excretion was accomplished with a
morning spot urine excretion of sodium at baseline and after 8
weeks. The Kawasaki formula was used to estimate the 24-hour
sodium urinary excretion from a fasting morning urine sample
[16]. The estimated 24-hour urine excretion of sodium calculated
from spot urine was the primary endpoint because 24-hour urine
collection can be difficult and inconvenient for participants,
thereby leading to a lack of data and decreased statistical power.
All urine sodium measurements were done on the same day.
The 7-item Self-care Confidence in Following a Low-sodium
Diet Scale (SCFLDS) was used to quantify the participant’s
confidence in following a low-sodium diet. It evaluates the
patient’s confidence in the ability to select and prepare foods
with low sodium contents [17]. The SCFLDS was given at
baseline and week 8 of the study.
Blood pressure was measured on a biweekly basis by the
participant. Participants were trained to take 3 blood pressure
readings at each time point by using the standard American
Heart Association guideline–based recommendations on how
to measure blood pressure at home [18]. An average of 3
measurements was used as the participants’ blood pressure for
that time point. Participants used their own automated blood
pressure monitor at home for the study.
Mobile app data were collected to determine the extent to which
the mobile app was used. The number of push notifications
received by each participant and the use of the search functions
for nutrition information was collected through the Nutritionix
API. The Nutritionix API data is in aggregate and is not
patient-specific. “Autocomplete” represents a search when
typing in the app. “Universal Product Code Lookup” is the
scanning function in the app. “Hits” represents the overall
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number of patient interactions with the nutrition information.
Participants in the App group were also asked to complete a
survey about their experience using the mobile app.

Statistical Analysis
Baseline demographics were compared using a two-sided t test
or chi-square with Fisher’s exact test, where appropriate, with
the resulting P values for the tests. The primary endpoint was
the estimated 24-hour urinary excretion of sodium from spot
urine, which was estimated using the Kawasaki equation. Based
on the data in the patients with hypertension, we expected the
24-hour urinary excretion of sodium to decline from 3400 (SD
1200) mg/day to 2400 (SD 1200) mg/day in the App group and
a decline from 3400 (SD 1200) mg/day to 3300 (SD 1200)
mg/day in the No App group [6]. A sample size of 24 patients
(12 in each group) and 32 patients (16 in each group) would
offer 80% and 90% power, respectively, for a 35% reduction
in sodium intake. To account for patient dropout or incomplete
follow-up, a total sample of 50 patients was identified as the
study target enrollment. A two-sided unpaired t test was used
to compare the change in each measure of sodium intake over
time in the App versus No App groups.
Although not powered to determine the impact, other measures
important for reducing sodium intake were evaluated. The
Wilcoxon rank-sum test was used for continuous measures that
were not distributed normally. The change in the self-confidence
in following a low-sodium diet was analyzed using the two-sided
t test. Repeated measures analysis of variance was used to
determine the change in the blood pressure over time in each
group. P values less than .05 were considered statistically
significant. Data were represented as mean (SD) or number (%),
unless otherwise noted. All analyses were performed using SAS
software (version 9.4, SAS Institute, IBM Corp).

Results
Fifty patients were enrolled and randomized in the clinical trial
(24 in the App group and 26 in the No App group). Figure 3
shows the CONSORT diagram for this clinical trial. There were
no significant differences between the 2 groups, except for the
SCFLDS. The mean age was 56.6 (SD 10) years in the App
group and 58.2 (SD 11) years in the No App group (P=.58),
and the baseline systolic blood pressure was 129.1 (SD 20)
mmHg in the App group and 128.3 (SD 14) mmHg in the No
App group. The measures of the sodium intake at baseline were
similar between the 2 groups. All baseline measurements are
represented in Table 1.
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Figure 3. CONSORT flow diagram. ASA24: Automated Self-Administered 24-hour dietary food recall; FFQ: food frequency questionnaire; SCFLDS:
Self-care Confidence in Following a Low-sodium Diet Scale.
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Table 1. Baseline demographic data.
Variable

App group (n=24)

No App group (n=26)

P value

Age (years), mean (SD)

56.6 (10)

58.2 (11)

.58

Females, n (%)

14 (58)

16 (61)

.82

Race, n (%)

.86

Caucasian

19 (79)

21 (81)

African American

2 (8)

3 (12)

Asian

2 (8)

1 (4)

Other

1 (4)

1 (4)

Ethnicity, n (%)

a

>.99

Latino

0 (0)

1 (4)

Non-Latino

24 (100)

25 (96)

Previous MIa, n (%)

2 (8)

0 (0)

.22

DMb, n (%)

0 (0)

1 (4)

>.99

Stroke or TIAc, n (%)

0 (0)

1 (4)

>.99

Systolic BPd (mmHg), mean (SD)

129.1 (20)

128.3 (14)

.87

Diastolic BP (mmHg), mean (SD)

84.4 (12)

81 (8)

.23

SCre (mg/dL), mean (SD)

0.88 (0.1)

0.89 (0.2)

.90

Kawasaki-estimated 24-h urine sodium (mg), mean (SD)

4026 (1514)

3798 (1463)

.59

24-h urine sodium (mg), mean (SD)

3607 (1755)

3561 (1924)

.93

FFQf sodium (mg/day), mean (SD)

3995 (2119)

3660 (1314)

.51

ASA24g sodium (mg/day), mean (SD)

5127 (3118)

3877 (1773)

.09

Sodium screener (points), mean (SD)

30.3 (11)

31.4 (8)

.70

SCFLDSh (points), mean (SD)

20.9 (5)

18.4 (3)

.04

MI: myocardial infarction.

b

DM: diabetes mellitus type 2.

c

TIA: transient ischemic attack.

d

BP: blood pressure.

e

SCr: serum creatinine.

f

FFQ: food frequency questionnaire.

g

ASA24: Automated Self-Administered 24-hour dietary food recall.

h

SCFLDS: Self-care Confidence in Following a Low-sodium Diet Scale.

The change in the estimated 24-hour urinary sodium excretion
calculated from spot urine from baseline to 8 weeks was –462
(SD 1220) mg in the App group and 381 (SD 1460) mg in the
No App group (P=.03). The change in the sodium intake
measured by the 24-hour urine was –637 (SD 1524) mg in the
App group compared to –322 (SD 1485) mg in the No App
group (P=.47). The change in the estimated sodium intake
measured by the ASA24 was –1537 (SD 2693) mg in the App
group compared to –233 (SD 2150) mg in the No App group
(P=.07). The change in the estimated sodium intake by FFQ
was –1553 (SD 1764) mg in the App group compared to –515
(SD 1081) mg in the No App group (P=.01). Figure 4 shows
the change in the estimated sodium intake from baseline to 8
weeks. The sodium intake measurement values at baseline and
at 8 weeks are presented in Multimedia Appendix 1. The change
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in the sodium screen score in the App group was –9.5 (SD 9)
points compared to –4.7 (SD 9) points in the No App group
over the 8 weeks (P=.07). Over time, there was no difference
in the change in the self-confidence between the 2 groups (App
group 0.08 [SD 5] vs No App group –1.1 [SD 4]; P=.38).
Analysis of the individual questions did not demonstrate a
change in the confidence in reading food labels, shopping at
grocery stores, or choosing low-sodium meal options at
restaurants.
Over the 8 weeks of the study, participants in the App group
had 7.5-mmHg reduction in systolic blood pressure (129 mmHg
to 121.5 mmHg) compared to a 0.7-mmHg reduction in the No
App group (128.4 mmHg to 127.7 mmHg; P=.12) based on the
least squares means. Figure 5 demonstrates the change in the
systolic and diastolic blood pressure levels over time.
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Figure 4. Change in the estimated sodium intake from baseline to 8 weeks. Kawasaki is the 24-h urinary excretion of sodium estimated from spot urine,
which was estimated by the Kawasaki equation. This was the primary outcome of the study.

Figure 5. Blood pressure over time. The graph shows mean (SE) generated by least-squared means. DBP: diastolic blood pressure; SBP: systolic blood
pressure.

Over the 8 weeks of the study, participants received a median
of 126 (IQR 75-186) push notifications: 6 (IQR 3-12) while
arriving at the grocery store, 41 (IQR 9-60) while arriving at a
restaurant, and 73 (IQR 37-96) while arriving home. Females
received a median of 7.5 (IQR 4-15) notifications when arriving
at a grocery store compared to 3 (IQR 1-9) notifications received
by the males (Wilcoxon P=.07). Females received a median of
41 (IQR 9-60) notifications when arriving at a restaurant
compared to 34 (IQR 4-61) notifications received by the males
(Wilcoxon P=.70). There was substantial use of the nutrition
information within the mobile app throughout the study.
However, the individual participant-level data was not available.
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XSL• FO
RenderX

The number of overall hits reached 1535 in June 2018.
Autocomplete reached 836 searches in June 2018. Universal
product code lookup was used 20-40 times per month during
the clinical trial. Figure 6 shows the nutrition information
searches in the mobile app during the clinical trial. In the survey
of the 24 participants who used the app, 19 (79%) agreed that
they found the app useful, 19 (79%) agreed that they used the
information in the app in their daily life, 17 (71%) agreed that
the information they received in the app was important to them,
and 20 (83%) agreed the app was easy to use. Only 3 (13%)
participants found the app confusing and 1 (4%) found the app
difficult to understand.
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Figure 6. Mobile app usage for nutritional information. UPC: universal product code.

Discussion
In this pilot study, we found that LowSalt4Life, a just-in-time
adaptive mobile app intervention that recommends lower dietary
sodium food alternatives at home, restaurants, and grocery
stores, holds promise in reducing the dietary sodium intake and
systolic blood pressure. We demonstrated that compared to the
control, the intervention group had a greater reduction in the
dietary sodium intake over 8 weeks, as measured by the
estimated 24-hour urinary sodium excretion from spot urine
and FFQ. However, we did not observe a statistically significant
difference between the 2 groups with regard to the
self-confidence of the individuals in following a low-sodium
diet, 24-hour urinary sodium excretion, dietary intake of sodium
measured by 24-hour dietary recall or systolic blood pressure
over 8 weeks. Although some of these measurements were not
statistically significant, the measures of dietary sodium intake
and systolic blood pressure showed clinically significant
improvements in the intervention group compared to those in
the control group. We believe the mechanism of the intervention
is identifying high-sodium foods and providing lower sodium
alternatives to those foods at the time of eating or purchasing
the food. In a recent study on consumer understanding of sodium
intake and food labeling, only half of the grocery store customers
were able to correctly use the sodium label information to
choose low-sodium foods [19]. The American Heart Association
guideline for the dietary approach to prevent and treat
hypertension states that “any meaningful strategy to reduce salt
intake must involve the efforts of food manufacturers and
restaurants” [20].
We are currently witnessing broad social changes in how
individuals expect to find and use information about their health.
According to the Pew Research Center’s Internet and American
Life Project, 73% of the households have broadband service
and 81% of the Americans (53% of them >65 years) have a
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smartphone [21], which supports the need for mobile app–based
interventions for health care. In a recent systematic review of
mobile health interventions to lower sodium intake, only 6 were
randomized controlled clinical trials and only 2 of those trials
were mobile app interventions published in English [22].
SaltSwitch (New Zealand) is a mobile app focused on supporting
users to find food options with low sodium levels at grocery
stores [23]. SaltSwitch provides low-sodium alternatives for
items scanned at grocery stores but is not personalized for the
user’s requirements of high-sodium foods; moreover, it does
not provide a push notification on entry to remind the user to
scan the items and does not provide contextual food information
at restaurants. The 4-week randomized controlled trial in 66
patients with cardiovascular disease demonstrated that those
randomized to the SaltSwitch intervention group purchased
foods with low sodium levels more often when compared to the
control, but the intervention did not reduce urinary sodium
excretion or blood pressure over time. Another study randomized
30 adults to the MyFitnessPal app for food logging to receive
sodium content feedback or a paper journal of food logging for
sodium content feedback for 4 weeks [24]. Although the
MyFitnessPal app provided personalized dietary information
about the sodium content of the foods, specific recommendations
on what food substitutions could be done at different locations
were lacking. The change in the predicted urinary sodium
excretion from a spot urine test over 4 weeks was significantly
greater in the MyFitnessPal group (–838 [SD 1093] mg)
compared to that in the paper journal group (236 [SD 1333]
mg). These mobile apps, in addition to our study app, show that
mobile app–based interventions can improve patient health
behaviors over a short time. The major difference between
LowSalt4Life and these interventions is the just-in-time adaptive
intervention that we deployed. The just-in-time adaptive
intervention is a novel approach that makes mobile interventions
“smarter” by incorporating real-time data streams to generate
tailored notifications and then deliver these notifications at key
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moments when there is a high likelihood of success. Just-in-time
adaptive interventions have shown efficacy in multiple treatment
domains, including smoking cessation, alcohol abuse, and
mental health treatment [25,26].
Interestingly, the participants’ confidence in following a
low-sodium diet was different at baseline and was not affected
by the intervention. There was no difference between the groups
over time for specific questions from the survey about the
grocery stores and restaurants. This supports the theory that the
intervention does not affect patient self-confidence; in fact, the
participants in our study were somewhat confident to very
confident in following a low-sodium diet at baseline.
Improvement in confidence may have been difficult, given such
high confidence at the baseline. However, this confidence did
not appear to be warranted, illustrating the unmet need for
additional assistance with an intervention. It could also be that
the participants require a longer duration of the intervention to
feel more self-confident. Our intervention period was relatively
short—only 8 weeks.
Our study had the following limitations. First, there were
baseline differences in the confidence in following a low-sodium
diet. It is unclear if this difference in confidence is clinically
significant, but nevertheless, future research studies should
investigate this finding further. Second, several of the sodium
intake measures did not demonstrate statistically significant
changes. However, all the measures of sodium intake present
methodological challenges [27], and the trend toward
improvement in the App group was consistent. Subjective
measurements such as FFQ and 24-hour dietary recall have

Dorsch et al
recall bias. Urinary measurements of sodium intake have high
levels of random errors due to day-to-day variations. Third, all
participants were required to have an iPhone, and enrollment
was performed at 1 institution. This could have led to skewed
socioeconomic backgrounds in our study compared to the
general population diagnosed with hypertension. Fourth, the
clinical trial was set up as an App versus No App study wherein
the control group did not receive the app. This could have led
to a lack of an attention control group. Participants could have
felt left out of the intervention arm and not engaged enough in
the study. However, the No App group participants did
consistently participate by providing blood pressure
measurements, dietary survey responses, and urinary collections
over the 8-week study. To minimize potential bias, future studies
could be designed with an attention control, sequential multiple
assignment randomization, or microrandomization in the control
group.
In conclusion, our randomized controlled 8-week pilot study in
adults with hypertension showed that a contextual just-in-time
mobile app intervention resulted in a greater reduction in dietary
sodium intake as measured by the estimated 24-hour urinary
sodium excretion from spot urine and FFQ compared to that in
the control. The intervention group did not show statistically
significant differences from the control in the self-confidence
in following a low-sodium diet, 24-hour urinary sodium
excretion, or dietary intake of sodium as measured by the
24-hour dietary recall over 8 weeks. A larger clinical trial is
warranted to further elucidate the effects of the LowSalt4Life
intervention on sodium intake and blood pressure.

Acknowledgments
This trial is registered at ClinicalTrials.gov (NCT03099343, received March 28, 2017). This research is funded by the Agency
for Healthcare Research and Quality (R21 HS024567).

Authors' Contributions
MPD, MLC, ADP, FB, PC, CW, LCA, and SLH contributed to the design/implementation of the research, analysis/interpretation
of the results, and writing of the manuscript.

Conflicts of Interest
None declared.
Multimedia Appendix 1
Estimates of dietary sodium intake at baseline and week 8.
[DOCX File , 14 KB - mhealth_v8i8e16696_app1.docx ]

References
1.

2.
3.

Mugavero KL, Gunn JP, Dunet DO, Bowman BA. Sodium reduction: an important public health strategy for heart health.
J Public Health Manag Pract 2014;20(1 Suppl 1):S1-S5 [FREE Full text] [doi: 10.1097/PHH.0b013e3182aa659c] [Medline:
24322810]
U.S. DOHAHSAUDOA. 2015-2020 Dietary Guidelines for Americans. 8th Edition. URL: http://health.gov/dietaryguidelines/
2015/guidelines/ [accessed 2019-06-01]
Sebastian RS, Wilkinson Enns C, Steinfeldt LC, Goldman JD, Moshfegh AJ. Monitoring sodium intake of the US population:
impact and implications of a change in what we eat in America, National Health and Nutrition Examination Survey dietary
data processing. J Acad Nutr Diet 2013 Jul;113(7):942-949. [doi: 10.1016/j.jand.2013.02.009] [Medline: 23567248]

http://mhealth.jmir.org/2020/8/e16696/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e16696 | p.263
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
4.
5.

6.

7.

8.

9.
10.

11.

12.

13.
14.

15.

16.

17.

18.

19.
20.

21.
22.

23.

24.

Strazzullo P, D'Elia L, Kandala N, Cappuccio FP. Salt intake, stroke, and cardiovascular disease: meta-analysis of prospective
studies. BMJ 2009 Nov 24;339:b4567 [FREE Full text] [Medline: 19934192]
Sacks FM, Svetkey LP, Vollmer WM, Appel LJ, Bray GA, Harsha D, et al. Effects on blood pressure of reduced dietary
sodium and the Dietary Approaches to Stop Hypertension (DASH) diet. DASH-Sodium Collaborative Research Group. N
Engl J Med 2001 Jan 4;344(1):3-10. [doi: 10.1056/NEJM200101043440101] [Medline: 11136953]
Taylor RS, Ashton KE, Moxham T, Hooper L, Ebrahim S. Reduced dietary salt for the prevention of cardiovascular disease:
a meta-analysis of randomized controlled trials (Cochrane review). Am J Hypertens 2011 Aug;24(8):843-853. [doi:
10.1038/ajh.2011.115] [Medline: 21731062]
Cook NR, Cutler JA, Obarzanek E, Buring JE, Rexrode KM, Kumanyika SK, et al. Long term effects of dietary sodium
reduction on cardiovascular disease outcomes: observational follow-up of the trials of hypertension prevention (TOHP).
BMJ 2007 Apr 28;334(7599):885-888 [FREE Full text] [doi: 10.1136/bmj.39147.604896.55] [Medline: 17449506]
He FJ, Pombo-Rodrigues S, Macgregor GA. Salt reduction in England from 2003 to 2011: its relationship to blood pressure,
stroke and ischaemic heart disease mortality. BMJ Open 2014 Apr 14;4(4):e004549 [FREE Full text] [doi:
10.1136/bmjopen-2013-004549] [Medline: 24732242]
Mattes RD, Donnelly D. Relative contributions of dietary sodium sources. J Am Coll Nutr 1991 Aug;10(4):383-393. [doi:
10.1080/07315724.1991.10718167] [Medline: 1910064]
Smith LP, Ng SW, Popkin BM. Trends in US home food preparation and consumption: analysis of national nutrition surveys
and time use studies from 1965-1966 to 2007-2008. Nutr J 2013 Apr 11;12:45 [FREE Full text] [doi:
10.1186/1475-2891-12-45] [Medline: 23577692]
Nahum-Shani I, Smith SN, Spring BJ, Collins LM, Witkiewitz K, Tewari A, et al. Just-in-Time Adaptive Interventions
(JITAIs) in Mobile Health: Key Components and Design Principles for Ongoing Health Behavior Support. Ann Behav
Med 2016 Sep 23. [doi: 10.1007/s12160-016-9830-8] [Medline: 27663578]
Dorsch MP, An LC, Hummel SL. A Novel Just-in-Time Contextual Mobile App Intervention to Reduce Sodium Intake in
Hypertension: Protocol and Rationale for a Randomized Controlled Trial (LowSalt4Life Trial). JMIR Res Protoc 2018 Dec
07;7(12):e11282 [FREE Full text] [doi: 10.2196/11282] [Medline: 30530462]
Block G, Woods M, Potosky A, Clifford C. Validation of a self-administered diet history questionnaire using multiple diet
records. J Clin Epidemiol 1990;43(12):1327-1335. [doi: 10.1016/0895-4356(90)90099-b] [Medline: 2254769]
Subar AF, Kirkpatrick SI, Mittl B, Zimmerman TP, Thompson FE, Bingley C, et al. The Automated Self-Administered
24-hour dietary recall (ASA24): a resource for researchers, clinicians, and educators from the National Cancer Institute. J
Acad Nutr Diet 2012 Aug;112(8):1134-1137 [FREE Full text] [doi: 10.1016/j.jand.2012.04.016] [Medline: 22704899]
Murakami K, Sasaki S, Takahashi Y, Uenishi K, Watanabe T, Kohri T, et al. Sensitivity and specificity of published
strategies using urinary creatinine to identify incomplete 24-h urine collection. Nutrition 2008 Jan;24(1):16-22. [doi:
10.1016/j.nut.2007.09.001] [Medline: 17996421]
Kawasaki T, Itoh K, Uezono K, Sasaki H. A simple method for estimating 24 h urinary sodium and potassium excretion
from second morning voiding urine specimen in adults. Clin Exp Pharmacol Physiol 1993 Jan;20(1):7-14. [doi:
10.1111/j.1440-1681.1993.tb01496.x] [Medline: 8432042]
Heo S, Moser DK, Lennie TA, Payne-Emerson H, Welch JL, Weaver M. Development and testing of the feasibility and
acceptability of a tailored dietary intervention in patients with heart failure. J Cardiovasc Nurs 2015;30(3):213-221. [doi:
10.1097/JCN.0000000000000148] [Medline: 24695076]
Whelton PK, Carey RM, Aronow WS, Casey DE, Collins KJ, Dennison HC, et al. 2017
ACC/AHA/AAPA/ABC/ACPM/AGS/APhA/ASH/ASPC/NMA/PCNA Guideline for the Prevention, Detection, Evaluation,
and Management of High Blood Pressure in Adults: A Report of the American College of Cardiology/American Heart
Association Task Force on Clinical Practice Guidelines. Hypertension 2017 Nov 13. [doi: 10.1161/HYP.0000000000000065]
[Medline: 29133356]
Grimes CA, Riddell LJ, Nowson CA. Consumer knowledge and attitudes to salt intake and labelled salt information.
Appetite 2009 Oct;53(2):189-194. [doi: 10.1016/j.appet.2009.06.007] [Medline: 19540891]
Appel LJ, Brands MW, Daniels SR, Karanja N, Elmer PJ, Sacks FM, et al. Dietary approaches to prevent and treat
hypertension: a scientific statement from the American Heart Association. Hypertension 2006 Feb;47(2):296-308 [FREE
Full text] [doi: 10.1161/01.HYP.0000202568.01167.B6] [Medline: 16434724]
Pew RC. Mobile Technology and Home Broadband 2019. Internet & Technology. 2013. URL: https://www.pewinternet.org/
2019/06/13/mobile-technology-and-home-broadband-2019/ [accessed 2019-08-01]
Ali SH, Luo R, Li Y, Liu X, Tang C, Zhang P. Application of Mobile Health Technologies Aimed at Salt Reduction:
Systematic Review. JMIR Mhealth Uhealth 2019 Apr 17;7(4):e13250 [FREE Full text] [doi: 10.2196/13250] [Medline:
30994467]
Eyles H, McLean R, Neal B, Jiang Y, Doughty RN, McLean R, et al. A salt-reduction smartphone app supports lower-salt
food purchases for people with cardiovascular disease: Findings from the SaltSwitch randomised controlled trial. Eur J
Prev Cardiol 2017 Dec;24(13):1435-1444. [doi: 10.1177/2047487317715713] [Medline: 28631933]
Ipjian ML, Johnston CS. Smartphone technology facilitates dietary change in healthy adults. Nutrition 2017 Jan;33:343-347.
[doi: 10.1016/j.nut.2016.08.003] [Medline: 27742102]

http://mhealth.jmir.org/2020/8/e16696/

XSL• FO
RenderX

Dorsch et al

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e16696 | p.264
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
25.
26.

27.

Dorsch et al

Naughton F. Delivering "Just-In-Time" Smoking Cessation Support Via Mobile Phones: Current Knowledge and Future
Directions. Nicotine Tob Res 2017 Mar;19(3):379-383. [doi: 10.1093/ntr/ntw143] [Medline: 27235703]
Ben-Zeev D, Brenner CJ, Begale M, Duffecy J, Mohr DC, Mueser KT. Feasibility, acceptability, and preliminary efficacy
of a smartphone intervention for schizophrenia. Schizophr Bull 2014 Nov;40(6):1244-1253 [FREE Full text] [doi:
10.1093/schbul/sbu033] [Medline: 24609454]
Cobb LK, Anderson CAM, Elliott P, Hu FB, Liu K, Neaton JD, American Heart Association Council on LifestyleMetabolic
Health. Methodological issues in cohort studies that relate sodium intake to cardiovascular disease outcomes: a science
advisory from the American Heart Association. Circulation 2014 Mar 11;129(10):1173-1186. [doi:
10.1161/CIR.0000000000000015] [Medline: 24515991]

Abbreviations
API: application programming interface
ASA24: Automated Self-Administered 24-hour dietary recall
CKD: chronic kidney disease
FFQ: food frequency questionnaire
SCFLDS: Self-care Confidence in Following a Low-sodium Diet Scale

Edited by C Dias; submitted 15.10.19; peer-reviewed by T Elfassy, S Payne, D Khokhar, R Luo, E Bellei, L Huang; comments to
author 25.11.19; revised version received 20.01.20; accepted 16.06.20; published 10.08.20.
Please cite as:
Dorsch MP, Cornellier ML, Poggi AD, Bilgen F, Chen P, Wu C, An LC, Hummel SL
Effects of a Novel Contextual Just-In-Time Mobile App Intervention (LowSalt4Life) on Sodium Intake in Adults With Hypertension:
Pilot Randomized Controlled Trial
JMIR Mhealth Uhealth 2020;8(8):e16696
URL: http://mhealth.jmir.org/2020/8/e16696/
doi:10.2196/16696
PMID:32663139

©Michael P Dorsch, Maria L Cornellier, Armella D Poggi, Feriha Bilgen, Peiyu Chen, Cindy Wu, Lawrence C An, Scott L
Hummel. Originally published in JMIR mHealth and uHealth (http://mhealth.jmir.org), 10.08.2020. 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.

http://mhealth.jmir.org/2020/8/e16696/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e16696 | p.265
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Chung et al

Original Paper

Mobile App Use for Insomnia Self-Management in Urban
Community-Dwelling Older Korean Adults: Retrospective
Intervention Study
Kyungmi Chung1,2,3, PhD; Seoyoung Kim4, MA; Eun Lee3,5, MD, PhD; Jin Young Park1,2,3, MD, PhD
1

Department of Psychiatry, Yonsei University College of Medicine, Yongin Severance Hospital, Yonsei University Health System, Yongin, Republic
of Korea
2

Center for Digital Health, Yongin Severance Hospital, Yonsei University Health System, Yongin, Republic of Korea

3

Institute of Behavioral Science in Medicine, Yonsei University College of Medicine, Yonsei University Health System, Seoul, Republic of Korea

4

Nowon Eulji Medical Center, Eulji University, Seoul, Republic of Korea

5

Department of Psychiatry, Yonsei University College of Medicine, Severance Hospital, Yonsei University Health System, Seoul, Republic of Korea

Corresponding Author:
Jin Young Park, MD, PhD
Department of Psychiatry, Yonsei University College of Medicine
Yongin Severance Hospital
Yonsei University Health System
Department of Psychiatry, Yongin Severance Hospital
363, Dongbaekjukjeon-daero, Giheung-gu
Yongin, 16995
Republic of Korea
Phone: 82 2 2228 0972
Fax: 82 2 2227 6558
Email: empathy@yuhs.ac

Abstract
Background: As an evidence-based psychotherapy for treating insomnia, cognitive behavioral therapy for insomnia (CBT-I),
which helps people with sleep problems to change their unhelpful sleep-related beliefs and habits, has been well-established in
older adults. Recently, the utilization of mobile CBT-I apps has been getting attention from mental health professionals and
researchers; however, whether mobile CBT-I apps are usable among older users has yet to be determined.
Objective: The aims of this study were to explore the relationships between subjective sleep quality and subjective memory
complaints and depressive symptoms; to explore the relationship between perceived difficulty in mobile app use and usability of
the mobile phone–based self-help CBT-I app, named MIND MORE, in urban community-dwelling Korean older adults; to
compare changes in subjective sleep quality from pre-intervention to post-intervention, during which they used the mobile app
over a 1-week intervention period; and evaluate adherence to the app.
Methods: During the 2-hour training program delivered on 1 day titled “Overcoming insomnia without medication: How to
use the ‘MIND MORE’ mobile app for systematic self-management of insomnia” (pre-intervention), 41 attendants were asked
to gain hands-on experience with the app facilitated by therapists and volunteer workers. They were then asked to complete
questionnaires on sociodemographic characteristics, subjective evaluation of mental health status (ie, depression, memory loss
and impairment, and sleep problems), and app usability. For the 1-week home-based self-help CBT-I using the app
(post-intervention), 9 of the 41 program attendants, who had already signed up for the pre-intervention, were guided to complete
the given questionnaires on subjective evaluation of sleep quality after the 1-week intervention, specifically 8 days after the
training program ended.
Results: Due to missing data, 40 of 41 attendants were included in the data analysis. The main findings of this study were as
follows. First, poor subjective sleep quality was associated with higher ratings of depressive symptoms (40/40; ρ=.60, P<.001)
and memory complaints (40/40; ρ=.46, P=.003) at baseline. Second, significant improvements in subjective sleep quality from
pre-intervention to post-intervention were observed in the older adults who used the MIND MORE app only for the 1-week
intervention period (9/9; t8=3.74, P=.006). Third, apart from the program attendants who did not have a smartphone (2/40) or
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withdrew from their MIND MORE membership (3/40), those who attended the 1-day sleep education program adhered to the
app from at least 2 weeks (13/35, 37%) to 8 weeks (2/35, 6%) without any further contact.
Conclusions: This study provides empirical evidence that the newly developed MIND MORE app not only is usable among
older users but also could improve subjective sleep quality after a 1-week self-help intervention period.
(JMIR Mhealth Uhealth 2020;8(8):e17755) doi:10.2196/17755
KEYWORDS
sleep hygiene; cognitive behavioral therapy; sleep initiation and maintenance disorders; telemedicine; mobile apps; treatment
adherence and compliance; health education; health services for the aged; community mental health services; health care quality,
access, and evaluation

Introduction
Background
Insomnia and sleep disturbance symptoms negatively influence
mental health-related quality of life and functional abilities in
older adults, with the perception of nonrestorative and
poor-quality sleep [1]. According to the finding of a systematic
review and meta-analysis of population-based prospective cohort
studies [2], insomnia increases the risk of incident all-cause
dementia in elderly individuals. Poor sleep quality may result
in increased mortality and psychiatric comorbidities in both
nondemented and demented elderly, causing stress for their
caregivers [3]. Greater sleep disturbance has been correlated
with more severe impairments in cognitive function in two
cohort groups, particularly patients with Alzheimer disease and
even healthy, nondemented elderly; furthermore, both groups
with sleep problems experienced more depressive symptoms
[4]. Persistent insomnia also appears to be a risk factor for onset
of depression in the elderly [5]. With the rapid growth of the
aging population in South Korea, sleep problems have
increasingly been recognized as an important public health
concern among community-dwelling older Korean adults. In
particular, the prevalence of insomnia is estimated to be at least
32% in the elderly Korean population aged ≥60 years, with a
significantly higher prevalence in women than in men [6,7].
The prevalence rates of insomnia in patients with subjective
memory impairment, mild cognitive impairment, and dementia
were 23.2%, 19.6%, and 31.0%, respectively, in a community
sample of elderly Korean individuals aged ≥65 years [8].
Additionally, more than 50% of patients with insomnia report
depressive symptoms [7]. Given the high prevalence of late-life
insomnia worldwide, there is a need to better understand the
associations between sleep quality and individual psychiatric
comorbidities such as cognitive dysfunction and depression.
As approximately one-third of Korean older adults experience
insomnia [7], its treatment is of great importance for both
patients with insomnia and those who are concerned about their
sleep-related health behaviors — to effectively manage sleep
problems and improve sleep quality as well as prevent or reduce
late-life disability [9]. It is important to consider long-term
outcomes of any treatments for late-life insomnia even after
treatment discontinuation as well as short-term outcomes during
treatment administration because insomnia is often recurrent or
persistent [10]. A number of previous studies have revealed that
cognitive behavioral therapy for insomnia (CBT-I) alone was
more effective than pharmacotherapy alone or combined
http://mhealth.jmir.org/2020/8/e17755/
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treatment after treatment administration and discontinuation
[10-15]. Although pharmacotherapy is well-known as the most
frequently recommended intervention for insomnia, moderate
efficacy has been shown while sleep medications were being
used, and changes in sleep quality returned to baseline after
discontinuing the medications [12,16]. In addition, the long-term
use of sedative-hypnotics is contraindicated due to the diverse
and unwanted adverse effects such as falls, nausea, confusion,
dizziness, headache, daytime drowsiness, abuse and dependence,
memory impairment, or rebound insomnia [12,13,17]. To deal
with the potential adverse effects of sleep medicines, short-term,
intermittent use or an alternative intervention based on CBT-I
is recommended in older adults. Considering that psychological
approaches produce sustained outcomes without the risk for
tolerance or side effects related to pharmacologic approaches
[13,15], CBT-I can be regarded as a more appropriate,
evidence-based,
first-line
treatment
option
than
pharmacotherapy, with clinically meaningful effect sizes.
Defined as a multimodal therapy delivered in person, a
combined CBT-I intervention, which incorporates at least 2 of
the 5 widely accepted cognitive (cognitive strategies), behavioral
(stimulus control, sleep restriction, relaxation), and educational
(sleep hygiene education) components, is more preferred than
a standalone component [15,18-20].
CBT-I results in significant improvements in sleep onset latency,
wake after sleep onset, total sleep time, and sleep efficiency
[15]; however, its efficacy might be reduced by such adherence
issues as drop-out, premature termination, irregular attendance
to sessions, and noncompliance to homework [21]. As mobile
health (mHealth) technology has recently become more
accessible, elderly adults are more familiar and comfortable
with mobile devices in their everyday lives and natural settings
[22]. Since adherence to a CBT-I protocol leads to better
treatment outcomes [23], a promising, readily accessible
approach to address these adherence issues can be the adoption
of a mobile app–delivered CBT-I for the self-management of
insomnia among older adults. Based on the stepped care model
of health care delivery with two fundamental features [24,25],
the pure self-help or guided self-help CBT-I app and its
dashboard could serve as the “least restrictive” therapy with
evidence-based, entry-level treatment to achieve significant
health gains using a minimal intervention principle at the lowest
cost and with the lowest required treatment intensity (ie, the
least specialist therapist time) and as a “self-correcting”
mechanism to systemically monitor and measure treatment
progress and outcome, respectively. Despite the growing interest
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in using mobile phones and services among the elderly,
individual attributes, such as gender, education, technology
self-efficacy and anxiety, and age-related health and ability
characteristics, have direct effects on technology acceptance
behavior [26]. In addition, 3 distinct factors, namely
self-efficacy, conversion readiness, and peer support, affect
older adults’ technology acceptance behaviors, particularly the
“intention to learn” phase [27]. Senior users tend to use their
mobile phones for very limited purposes and discourage
themselves from learning new technology through trial and
error, thereby encountering more learning difficulties [28]. To
enhance adherence to a newly developed CBT-I app installed
on their own mobile phones, it is important to help senior users
overcome the fear of learning a new mHealth technology and
to provide them with more appealing features and useful,
easy-to-use functionality.
Previous studies have focused on assessing the efficacy,
feasibility, and usability of CBT-I apps to complement standard
treatment for insomnia, such as sleep medication use or
traditional CTB-I programs [29-32]; they have not focused on
how to lower the barriers to the acceptance of a mobile
app–based CBT-I by older adults, who often have learning
difficulties in the initial phase. In terms of age-related barriers
to usability evaluations with older adults, half of the identified
high-level usability issues with mHealth app use were related
to motivational barriers, such as low computer literacy and low
trust in their own ability to use the apps, more than cognitive
and perceptional barriers, such as working memory and visual
acuity [33]. Particularly, when it comes to using digital
technology to support mental health, the following may
negatively affect the readiness of older adults to engage with
technology: low mood, fear of consequences, perceived
superiority of human contact, and a lack of prior knowledge,
skills, or experience applicable to mobile devices and mHealth
app usage [34]. Based on findings from relevant studies,
motivational barriers should receive more attention in usability
research in the field of mobile public health for older people.
As there has been a high uptake of educational programs in
community centers (eg, Community Mental Health Welfare
Center and Seoul Metropolitan Center for Dementia) to improve
quality of life in older community dwellers and to promote
geriatric mental health for the prevention or early detection of
a transition from nonclinical to clinical psychotic states [35],
utilizing this public health infrastructure can allow older adults
to easily access and efficiently learn and adhere to new CBI-I
apps without active, constant intervention from health
professionals.

Objectives
To examine the treatment effects of a mobile insomnia
self-management intervention, this retrospective study analyzed
data sourced from an urban community center for dementia
prevention in South Korea. In the center, a mobile phone–based
CBT-I app (hereafter “MIND MORE”), which was designed
and developed by our research team, was used during a 1-day
sleep education program. The primary purpose of this study
was to determine whether self-management of insomnia is
facilitated with the MIND MORE mobile app over a 1-week
intervention period by comparing changes in subjective sleep
http://mhealth.jmir.org/2020/8/e17755/
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quality from pre-intervention to post-intervention, particularly
in community-dwelling Korean older adults. We hypothesized
that there would be improvements in subjective sleep quality
from pre-intervention to post-intervention. Secondary aims of
this study were to evaluate adherence to the MIND MORE app,
explore the relationship between perceived difficulty in mobile
app use and usability of the MIND MORE app, and explore the
relationships between subjective sleep quality and subjective
memory complaints and depressive symptoms.

Methods
Participant Recruitment
A total of 41 older adults, all of whom registered at the Seoul
Metropolitan Center for Dementia (SMCD) located in
Seodaemun-gu, Seoul, South Korea, signed up for a 2-hour
1-day training program titled “Overcoming insomnia without
medication: How to use the ‘MIND MORE’ mobile app for
systematic self-management of insomnia” (pre-intervention).
The training program was held on August 8, 2019 in an
auditorium at the SMCD, which aims to provide preventative
solutions for geriatric residents at normal or high risk of
developing geriatric mental illness (not only dementia) as well
as early detection for better treatment, rehabilitation support,
and appropriate management in those at different stages of
illness. For the 1-week home-based self-help CBT-I using the
MIND MORE app (post-intervention), a therapist recruited a
limited number of 9 volunteers from the entire 41 attendants of
the 1-day training program. As the program was not provided
for the purpose of academic research, program attendants gave
their written consent for their participation, and those who
lacked the capacity to provide their own consent to participate
in the program were required to provide surrogate consent
through the person who was a legally-authorized representative,
particularly under the supervision of the SMCD.
To sign up for the center’s program, the following requirements
had to be satisfied: (1) male and female senior residents in
Seodaemun-gu (aged ≥60 years); (2) either possess a smartphone
or a feature phone (with more limited computing capabilities
than smartphones) but were interested in smartphone-based
self-help treatment for insomnia; and (3) with adequate literacy.
For this retrospective study, the study protocol was approved
after the program ended by the Institutional Review Board of
Severance Hospital, Yonsei University College of Medicine in
Seoul, South Korea.
For sensitive health-related information to be protected, the
final version of the digitized datasheet (n=41) had personally
identifiable information such as name, birthdate, and mobile
phone or home number removed and then was forwarded to our
research team by the chief therapist who was in charge of the
education program. According to the exclusion criteria for the
data analysis, 1 of 41 attendants was excluded due to missing
data because we had no contact information to follow-up on the
missing responses to baseline clinical and other demographic
characteristics for that person.
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MIND MORE App
Mobile Phone–Based CBT-I App
MIND MORE is a multimodal CBT-I app, with a greater focus
on sleep education, with 4 components: (1) sleep hygiene
education, (2) sleep restriction, (3) stimulus control, and (4)
cognitive therapy. In the MIND MORE app, the main sleep
hygiene education program is composed of 3 sessions (Figure
1), quizzing its users at the end of each session to evaluate what
they learned (Figure 2). The sleep hygiene education helps to
better understand the perpetuating mechanisms that sustain
insomnia and to correct unhelpful, inflexible sleep-related beliefs
and anxiety, conditioned arousal to the bed and bedroom, and
sleep-disruptive habits such as daytime napping and spending
excessive time in bed [20], which contributes to adherence to
treatment recommendations provided by MIND MORE. All the
MIND MORE contents referred to the CBT-I program that is
currently implemented in the Yonsei University Health System,
particularly based on the CBT-I protocol by Edinger and Carney
[20].
The education was supplemented by a sleep diary and cognitive
therapy, as well as sleep restriction and stimulus control
contents. As a valuable tool for assessing insomnia, a sleep
diary can prospectively monitor sleep habits and patterns over
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time (Figure 3), thus identifying good candidates for
implementing cognitive and behavioral therapy strategies based
on the data [20]. More importantly, previous research addressing
the issue found that some older adults had difficulty in keeping
pencil-and-paper sleep diaries, thereby leading to missing values
[36]. It was expected that this issue might be handled by
technical support from mobile technology. In addition to keeping
a sleep diary, the cognitive therapy included recording a
“thought record” for cognitive restructuring and a “constructive
worry worksheet” for worry control (Figure 4), helping elderly
users to easily complete their sleep information in the formatted
blank spaces.
To increase the accessibility of information, the MIND MORE
app provided its users with additional features such as “learning
progress management” to monitor the progress rate and quiz
scores from each of the 3 sessions and “clipping” to add specific
pages containing important information to their list of “Scrap”
and to directly access clipped pages (eg, sleep diary, thought
record, or constructive worry worksheet), particularly in the
hamburger menu (Figure 5). The MIND MORE app can be
downloaded in both the Google Play store for Android phone
users and the App Store for Apple phone users. Multimedia
Appendices 1–5 provide all MIND MORE app figures translated
to English.

Figure 1. Sleep hygiene education program with 3 main sessions.
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Figure 2. Quiz session after the end of each of the 3 main sleep education sessions.

Figure 3. Sleep diary.
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Figure 4. Cognitive therapy with (A) thought record and (B) constructive worry worksheet.

Figure 5. Additional features of the MIND MORE app: (A) learning progress management, (B) clipping button, and (C) list of clipped pages.

Dashboard
Based on the stepped care model [24,25], the MIND MORE
app was initially designed to only allow users to reflect on the
logs of their sleep diary, thought record, and constructive worry
worksheet. If there were few changes in sleep quality, the users
were expected to share all the logs with therapists or clinicians
with whom they had established good rapport and then to receive
http://mhealth.jmir.org/2020/8/e17755/
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more direct, systematic management, thus changing a pure
self-help intervention into a therapist-guided self-help
intervention. In this context, its dashboard was limited to display
the following information: (1) registration and last login dates,
(2) learning progress checks including last learning dates and
quiz scores in each of the 3 sessions, and (3) behavioral and
cognitive therapy records including the last dates and number
of times users completed their sleep diary, thought record, and
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constructive worry worksheet as well as the total number of
written constructive worries. If the users withdrew from MIND
MORE membership, their data were no longer displayed in the
dashboard and were removed from the server.

Procedure
The entire procedure for this retrospective study was as follows.
At the SMCD in Seodaemun-gu, a 2-hour training program for
use of the MIND MORE CBT-I app was held over the course
of 1 day; during the program, the attendants gained
hands-on experience with the MIND MORE app with the help
of therapists and volunteer workers, from installing and signing
up for the app to learning its functions and features
(pre-intervention). At the end of the program, all 41 attendants
were required to complete the pencil-and-paper questionnaires
on sociodemographic characteristics and subjective evaluation
of mental health status (ie, depression, memory loss and
impairment, and sleep problems) and usability of the MIND
MORE. Of the 41 attendants, 9 were enrolled in the 1-week
home-based self-help CBT-I where the 9 attendants used the
MIND MORE app for a week based on what they learned during
the 1-day training program. They were guided to fill out and
submit the given pencil-and-paper questionnaires on subjective
evaluation of sleep quality after the 1-week program
(pre-intervention), specifically 8 days after the 1-day training
program ended (post-intervention). For the 8-week follow-up
period, adherence of all attendants to the app was monitored in
the dashboard without any direct therapist contact. For this
retrospective study, our research team was provided with a
coded datasheet by the SMCD.

Subjective Measurements
Short-Form Geriatric Depression Scale
The 15-question brief version of the Geriatric Depression Scale,
known as GDS-15, is a widely used screening measure for
depression in the geriatric population [37,38]. In this study, the
Korean version of the GDS-15 (SGDS-K) was employed in the
community-dwelling
elderly
in
Korea,
with
an
optimal cut-off point of 8 for both normal and clinical
populations [39,40]. All attendants were asked to answer each
question of the 15-item SGDS-K with either “yes” (1) or “no”
(0) in reference to how they felt over the past week.

Subjective Memory Complaints Questionnaire
The Subjective Memory Complaints Questionnaire (SMCQ) is
a brief, reliable, and valid questionnaire for the global
assessment of memory function (global memory) and the
specific judgment of memories of particular events (everyday
memory), with the ability to screen for dementia [41]. The
SMCQ consists of a total of 14 items: 4 items for global memory
and 10 items for everyday memory. Each item is answered with
either “yes” (1) or “no” (0), and the optimal cut-off point for
dementia is 5 for elderly without dementia and 6 for demented
elderly.

Pittsburgh Sleep Quality Index
The Pittsburgh Sleep Quality Index (PSQI) is composed of 19
self-rated questions and 5 questions rated by a roommate or bed
partner (if possible), and only self-rated questions are used for
http://mhealth.jmir.org/2020/8/e17755/
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the scoring [42]. According to the given scoring sheet, the 19
self-rated items are combined to calculate the following 7
components: (1) subjective sleep quality, (2) sleep latency, (3)
sleep duration, (4) habitual sleep efficiency, (5) sleep
disturbance, (6) use of sleeping medication, and (7) daytime
dysfunction. Each component score is coded as 0, 1, 2, or 3.
Then, the 7 component scores are summated to yield the global
PSQI score. This study administered the Korean version of the
PSQI (PSQI-K) using the best cutoff score of 8.5 [43]. All
questions were related to usual sleep habits for the past month
only, and attendants were guided to choose the appropriate reply
for the majority of days and nights during the past month as
accurately as possible.

Perceived Difficulty in Mobile App Use
To evaluate perceived difficulty in mobile app use, all elderly
attendants both with and without their own smartphones
responded to the question of “Do you have difficulty in
installing, updating, and removing mobile apps on your own
smartphone by yourself?” scored on a 5-point scale anchored
by 0 (not at all), with scores ranging to 4 (always). In particular,
feature phone users were guided to imagine that they would
have their own smartphone and then answer the question. This
question was included in the questionnaire for demographic
information.

Usefulness, Satisfaction, and Ease of Use Questionnaire
To assess software usability, we used the Usefulness,
Satisfaction, and Ease of Use (USE) questionnaire [44],
consisting of 4 subfactors: usefulness (5 items), ease of use (4
items), ease of learning (3 items), and satisfaction (5 items). All
attendants were asked to rate a series of attitude statements for
agreement, using 5-point Likert rating scales ranging from 0
(strongly disagree) to 4 (strongly agree). The arithmetic mean
was used to calculate each subfactor score and the total usability
score.

Statistical Analysis
All
statistical
analyses
were
performed
using
PASW Statistics 18.0 software (SPSS Inc. Chicago, IL). To test
the normal distribution of variables, Z scores for skewness (ie,
skewness/SE of skewness) and kurtosis (ie, kurtosis/SE of
kurtosis) were calculated. If the sample size is small (N<200),
an absolute Z score value >1.96 is insufficient to assume
normality of the data (P<.05), which means that a nonparametric
statistical test should be used, based on the rule of thumb for
normality testing by Ghasemi and Zahediasl [45]. According
to the results of the normality tests for the 40 1-day program
attendants, the normality assumptions of the SGDS-K, SMCQ,
and PSQI-K scores were violated, while all the scores for the
perceived difficulty in mobile app use and the USE questionnaire
including the 4 subfactors and total usability scores met the
assumption. For the 9 attendants in the 1-week home-based
self-help CBT-I using the MIND MORE app, the PSQI-K scores
for both pre-intervention and post-intervention were normally
distributed. Hence, the correlation between variables was
determined using statistical tests: the Spearman rank correlation
as a nonparametric statistical test and Pearson correlation as a
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parametric statistical test. The paired-samples t test, as a
parametric method, was used for hypothesis testing.

Results
Participant Characteristics
Due to the occurrence of missing data, 40 (35 women) of 41
program attendants, aged 64 to 86 years (mean 75.75 years, SD
5.87 years), were included in the data analysis. Of the 40
attendants, the mean age of the 9 female attendants who were
involved in the 1-week home-based self-help CBT-I using the
MIND MORE app was 71.56 years (SD 4.36 years; range 65-78
years). This study sample was highly educated in that the
majority of the attendants (25/40, 63%) reported that
the highest level of education was high school. In terms of the
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prevalence of depressive symptoms, memory complaints, and
sleep problems at baseline, 3 (3/40, 8%), 7 (7/40, 18%), and 15
(15/40, 38%) had scores greater than the cut-off points for the
SGDS-K, SMCQ, and PSQI-K, respectively.
In terms of mobile phone possession, 38 had Android
smartphones (38/40, 95%) including the brands Samsung (29/38,
76%) and LG (9/38, 64%), and the rest had feature phones (2/40,
5%) on which mobile apps were not available. Regardless of
the type of phone the elderly attendants owned, the amount of
time they spent using their own mobile phones was reported as
follows: <1 hour (20/40, 50%; 2 feature phone users were
included), 1-2 hours (12/40, 30%), 2-3 hours (2/40, 5%), 3-4
hours (3/40, 8%), and >4 hours (3/40, 8%). In addition to these
basic demographic characteristics, more detailed information
is presented in Table 1.
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Table 1. Demographic characteristics of the study sample.
Characteristics

One-day training program for MIND
MORE use (n=40)

One-week self-help intervention with
MIND MORE (n=9)

Male

5 (13)

0 (0)

Female

35 (88)

9 (100)

Young-old (60-69 years)

8 (20)

4 (44)

Old-old (70-79 years)

22 (55)

5 (56)

Oldest-old (80-89 years)

10 (25)

0 (0)

Married

23 (58)

3 (33)

Widowed

17 (43)

6 (67)

Employed (full-time)

2 (5)

2 (22)

Employed (part-time)

1 (3)

0 (0)

Housewife

25 (63)

6 (67)

Retired

3 (8)

0 (0)

Unemployed

9 (23)

1 (11)

Elementary school

6 (15)

1 (11)

Middle school

9 (23)

3 (33)

High school

14 (35)

5 (56)

College (2-3 years)

3 (8)

0 (0)

University (4-5 years)

6 (15)

0 (0)

2 (5)

0 (0)

Alzheimer’s disease

3 (8)

1 (11)

Major depressive disorder

5 (13)

0 (0)

Anxiety disorder

1 (3)

0 (0)

Sleep disorder

1 (4)

0 (0)

SGDS-K (score), mean (SD)

2.00 (2.73)

1.00 (1.12)

SMCQc (score), mean (SD)

2.33 (2.67)

1.67 (1.58)

PSQI-Kd (score), mean (SD)

7.50 (4.12)

8.00 (2.50)

Perceived difficulty in mobile app use (score), mean (SD)

2.53 (1.28)

2.11 (1.17)

Child

25 (63)

8 (2)

Grandchild

8 (20)

2 (5)

Daughter-in-law

3 (8)

1 (3)

Spouse

3 (8)

0 (0)

Acquaintance

7 (18)

2 (5)

None

2 (5)

0 (0)

Gender, n (%)

Age, n (%)

Marital status, n (%)

Occupation, n (%)

Educational level, n (%)

Postgraduate (Masters/Doctoral)
a

Psychiatric diagnosis (yes) , n (%)

b

Social support for mobile phone use (yes)a, n (%)

a

Multiple responses were allowed.
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b

SGDS-K: Korean version of the 15-question Geriatric Depression Scale (cut-off score of 8).

c

SMCQ: Subjective Memory Complaints Questionnaire (cut-off score of 5 for elderly without dementia and 6 for demented elderly).

d

PSQI-K: Korean version of the Pittsburgh Sleep Quality Index (cut-off score of 8.5).

Relationships Between Subjective Sleep Quality and
Subjective Memory Complaints and Self-Reported
Depressive Symptoms
As shown in Figure 6, the Spearman rank correlation coefficients
between the PSQI-K and SGDS-K scores and between the

PSQI-K and SMCQ scores were .60 (P<.001) and .46 (P=.003;
2-tailed), respectively, for all 40 elderly attendants. Both showed
moderate positive correlations; however, subjective sleep quality
of individuals was more strongly associated with change in
affective state than in cognitive function.

Figure 6. Scatter plots showing the Spearman rank correlations (n=40) between (A) subjective sleep quality and subjective memory complaints and
(B) subjective sleep quality and self-reported depressive symptom severity. PSQI-K: Korean version of the Pittsburgh Sleep Quality Index; SGDS-K:
Korean version of the 15-question Geriatric Depression Scale; SMCQ: Subjective Memory Complaints Questionnaire.

Relationship Between Perceived Difficulty in Mobile
App Use and Usability of MIND MORE
Table 2 shows the scores for perceived difficulty in using the
mobile app and usability (with the 4 subfactors: usefulness, ease
of use, ease of learning, and satisfaction) of the MIND MORE
app, and Table 3 shows the results of the Pearson correlation

analysis (2-tailed) between the scores for perceived difficulty
in using the mobile app and usability (with the 4 subfactors:
usefulness, ease of use, ease of learning, and satisfaction). There
was only the significant negative correlation between perceived
difficulty and ease of learning; ease of learning was
significantly, positively correlated with ease of use, satisfaction,
and usability scores.

Table 2. Perceived difficulty in using the mobile app and Usefulness, Satisfaction, and Ease of Use (USE) questionnaire score and subfactor scores
(n=40).
Factor
a

a

Scores, mean (SD)

PD

2.53 (1.28)

Usefulness

2.90 (0.51)

EOUb

2.01 (0.86)

EOLc

1.85 (0.72)

SATISd

2.56 (0.68)

Total USE score

2.33 (0.56)

PD: perceived difficulty in using the mobile app.

b

EOU: ease of use.

c

EOL: ease of learning.

d

SATIS: satisfaction.
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Table 3. Pearson correlation coefficients of the relationships between perceived difficulty in using the mobile app and the Usefulness, Satisfaction,
and Ease of Use (USE) questionnaire score and subfactor scores (n=40).
PDa

Usefulness

EOUb

EOLc

SATISd

Total USE score

r

1

0.13

–0.17

–0.37

0.13

–0.12

P value

—e

.42

.28

.02

.44

.46

r

0.13

1

0.32

0.29

0.50

0.60

P value

.42

—e

.047

.07

<.001

<.001

r

–0.17

0.32

1

0.79

0.62

0.91

P value

.28

.047

—e

<.001

<.001

<.001

r

–0.37

0.29

0.79

1

0.39

0.82

P value

.02

.07

<.001

—e

.013

<.001

0.13

0.50

0.62

0.39

1

0.79

Factor
PD

Usefulness

EOU

EOL

SATIS
r
P value

e

.44

<.001

<.001

.013

—

<.001

r

–0.12

0.60

0.91

0.82

0.79

1

P value

.46

<.001

<.001

<.001

<.001

—e

Total USE score

a

PD: perceived difficulty in using the mobile app.

b

EOU: ease of use.

c

EOL: ease of learning.

d

SATIS: satisfaction.

e

Not applicable.

Comparison of Changes in Subjective Sleep Quality
From Pre-Intervention to Post-Intervention
The result of a 2-tailed paired-samples t test revealed that there
was a significant mean difference in the subjective evaluation
of sleep quality between pre-intervention (mean 8.00, SD 2.50)
and post-intervention (mean 5.11, SD 1.36), indicating that
using the MIND MORE app for a week led to improved sleep
quality in the elderly attendants (t8=3.74, P=.006).

Adherence to the MIND MORE Mobile App
To quantify the adherence rate to the self-help MIND MORE
CBT-I app during an 8-week follow-up, the registration and
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last login dates on the app for all 35 program attendants with
their own smartphones were downloaded from the app
dashboard. The total number of days from the registration date
to the last login date within the 8-week period was counted. As
listed in Table 4, total days of use were categorized into 6
groups: <1 day, 1-6 days (1 week), 7-13 days (1-2 weeks), 14-27
days (2-4 weeks), 28-55 days (4-8 weeks), and >56 days (>8
weeks). After that, the adherence rate was determined. In the
same way, the adherence rate within the same period for the 9
attendants involved in the 1-week intervention was determined.
In Table 4, the results of adherence to the app are presented
more in detail.
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Table 4. Elderly users’ adherence to the MIND MORE app without any direct therapist contact.
Total days of use

a

One-day training program for MIND MORE use
(n=35)a, n (%)

One-week self-help intervention with MIND MORE (n=9),
n (%)

<1 day (on-site experience)

18 (51)

3 (33)

1-6 days (<1 week)

2 (6)

2 (22)

7-13 days (1-2 weeks)

2 (6)

1 (11)

14-27 days (2-4 weeks)

5 (14)

2 (22)

28-55 days (4-8 weeks)

6 (17)

1 (11)

>56 days (>8 weeks)

2 (6)

0 (0)

Of the 40 attendants, 2 were feature phone users, and 3 withdrew from MIND MORE app service membership; these 5 attendants were excluded.

Discussion
Principal Findings
The main findings of this study were as follows. First, the newly
developed MIND MORE app was usable among
community-dwelling older Korean adults. Second, as
hypothesized, subjective sleep quality significantly improved
from pre-intervention to post-intervention, particularly by using
the mobile phone–based self-help CBT-I app we developed
during only a 1-week intervention period. Third, except for the
attendants who did not have their own smartphones (2/40) and
withdrew from their MIND MORE membership (3/40), those
in the 1-day sleep education program adhered to the MIND
MORE app for at least 2 weeks (13/35, 37%) to 8 weeks (2/35,
6%) without any further contact.
In line with previous studies mentioned in the Introduction [7,8],
this study showed that subjective sleep quality is more closely
linked to depressive symptoms than to memory complaints.
Given the high prevalence of depression in elderly women [6,7],
it is important to help with timely prevention or management
of sleep problems. Based on the characteristics of this study
sample, most program attendants (35/40, 88%) were women,
which is considered a positive outcome given that they are
vulnerable to depression and sleep disturbance and are trying
to self-manage their mental issues. According to the policy
report of the 2017 National Survey of Older Koreans by the

Korea Institute for Health and Society Affairs [46], female older
adults, who are more likely to have ≥3 comorbidities or be in a
poorer health state, were the main users of senior citizen centers
and senior welfare centers, compared with male counterparts.
In contrast, male older adults were more satisfied with the status
of their subjective health, as well as that of their social, leisure,
and cultural activities, than female counterparts. In line with
these survey findings, this study also revealed that elderly men
had a relatively low participation rate in the community center
programs, whereas elderly women tried to stay active and seek
adequate treatment for their mental health concerns. In this
regard, the issue of how to increase accessibility to the MIND
MORE app for older male adults would be of great importance
to be addressed in future studies.
To determine whether cognitive and behavioral changes were
prompted through the mobile app–based CBT-I, the 9 attendants
in the 1-week home-based self-help CBT-I intervention were
asked to report their user experience with the MIND MORE
app by using the given open-ended questionnaires, particularly
on the effectiveness of mobile-based sleep hygiene education
and the sleep diary. According to the following responses, sleep
restriction and stimulus control were used to improve sleep
quality (Textbox 1).
Moreover, the sleep diary played a key role in identifying
appropriate candidates to implement CBT-I strategies based on
the users’ records of sleep habits and patterns over time [20]
(Textbox 2).

Textbox 1. Responses regarding sleep restriction and stimulus control to improve sleep quality.

Since I haven’t drunk coffee late in the evening, I could sleep well. [A4]
I only drank a cup of coffee in the morning, and I didn’t take a nap at all. [A6]
When I was too tired, I used to take a nap. But…since I tried not to take too much naps, I got to fall asleep well at
night. [A3]
I was so hard to wake up too early in the morning, but sleep restriction improved my sleep a bit. [A3]
Textbox 2. Responses regarding the usefulness of the sleep diary.

I tried to put what I’ve learned from the program into practice, so my insomnia almost went away these days. [A6]
It doesn’t seem to help very much. I don’t take a nap and drink coffee at all, because I'm afraid that I won’t be able
to fall asleep. [A7]
As reflected in the comments of our respondents, individual
differences in sleep problems should be carefully considered
http://mhealth.jmir.org/2020/8/e17755/
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when implementing a mobile app–based self-help CBT-I without
therapist intervention. To enhance the treatment effects, it is
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recommended to include a pretreatment assessment session to
identify what causes or maintains sleep problems by conducting
a clinical interview or completing a sleep history questionnaire
or sleep diary before the start of the first session of sleep hygiene
psychoeducation. After that, appropriate CBT-I components
should be target outcomes, such as automatic thoughts or
behaviors.
Most of all, because older adults perceive mobile app use as
more difficult in everyday life, they were more likely to have
difficulty learning how to use the MIND MORE app; therefore,
it would be important to implement more education programs
to familiarize elderly adults with mobile devices and apps in
community centers, which in turn may positively influence
perceived usability and mHealth technology self-efficacy.
Consistent with the finding of the study by Lund [44], this study
revealed that ease of learning was highly correlated with ease
of use. Furthermore, once the elderly novice users perceived
that they could easily and quickly learn to use the MIND MORE
app (ease of learning), the MIND MORE app was more likely
to be perceived as easy to use, as providing satisfaction, and as
usable to achieve goals with effectiveness, efficiency, and
satisfaction in a specified context to manage sleep problems
(usability).
Although it was expected that the app’s high learnability and
mobility might contribute to easy access to this digital
therapeutic from older users’ own mobile phones, this study
had a high attrition rate, similar to other recent studies [47-49]
that also raised concerns about internet-based and mobile-based
self-help CBT interventions. As one possible explanation for
the high attrition rate, the MIND MORE app was designed as
a multimodal, but more psychoeducation-focused, CBT-I app
with less interactive, more informative educational content to
provide app users with credible health information sourced from
health professionals. For this reason, users might be less likely
to continue using the main content of the sleep hygiene
education after the completion of all 3 sessions, except when
reviewing clipped educational content, keeping the sleep diary,
or completing the thought record and constructive worry
worksheet on a regular basis to track their progress over time.
Another possible explanation is that the high attrition rate could
result from the Google operating system or Play Store feature
that might suggest the uninstallation of unused apps to optimize
the operation of Android phones with a relatively low
specification, even if this was slightly different depending on
the mobile phone and iOS version. Another possible explanation
is that this high attrition rate might be the outcome of learning
how to withdraw from the MIND MORE app service, as well
as how to install and uninstall the app from their devices during
the 1-day training program. As this study failed to reveal the
cause of the high attrition rate and what will contribute to
improve retention, future research needs to collect the users’
feedback as a result of their user experiences by conducting a
focus group or in-depth interview after the intervention phase,
thereby effectively managing expectations and enhancing
treatment adherence.
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Limitations and Future Direction
As a retrospective study, this study had some limitations based
on the study protocol and sample. This sleep program protocol
using the MIND MORE app was not designed for the purpose
of academic research, but without particular focus on examining
the efficacy of the mobile app–based CBT-I for a long-term
intervention period. First, the assessment of subjective sleep
quality was administered at baseline (1-day training program
at the SMCD) and 1 week after the 1-week home-based self-help
CBT-I. Considering that the PSQI-K is an explicit measure of
usual sleep habits over the last month, it is possible that the
intervention period was insufficient to examine improvements
in subjective sleep quality related to use of the MIND MORE
app. Moreover, PSQI-K scores should be compared between
two intervention groups, namely a nonclinical or subclinical
group and a group of patients with insomnia, before and after
use of the MIND MORE app because the intervention group
(n=9) who completed the 1-week home-based self-help CBT-I
consisted of only normal-risk and high-risk older adults (Table
1).
Second, particularly when using this digital therapeutic for
insomnia in clinical and academic research, a digital placebo
effect and the need for an appropriate control group should be
considered in future studies. Accordingly, an experimental group
using the MIND MORE app should be compared with an active
control group using a credible sham app, not with an inactive
control group in a wait-list condition, in a double-blind,
randomized controlled clinical trial. Regarding concerns that
this study sample was biased to the elderly, who were more
interested in digital technology use itself, mobile phone–based
mental health intervention, or participation in community center
activities, the effectiveness of the MIND MORE app will be
investigated in a randomly selected community sample of the
older population. Furthermore, the number of attendants
involved in the 1-week intervention was too small to conduct
statistical analysis, and the ratio of men to women was
imbalanced.
Finally, the study sample was derived from a population of
community-dwelling older adults in a single urban area.
Differences might exist between interurban areas or between
urban and rural areas. For these reasons, the findings of this
study cannot be generalized to community-dwelling older adults
in the general and clinical population without further research.

Conclusions
Despite this retrospective approach to data sourced from a
mobile app–based CBT-I program, which was not designed for
research purposes, in an urban community center for dementia,
this study provides empirical evidence that the newly developed
MIND MORE app was not only usable among older users but
also could improve their subjective sleep quality after the 1-week
self-help intervention period. Based on the findings of this study,
more diverse research protocols should be designed and
administered to examine the treatment effects of the mobile
self-help CBT-I intervention as an alternative, first-line
treatment for insomnia, thus leading to translation from research
into practice.
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Abstract
With all 50 US states reporting cases of coronavirus disease (COVID-19), people around the country are adapting and stepping
up to the challenges of the pandemic; however, they are also frightened, anxious, and confused about what they can do to avoid
exposure to the disease. Usual habits have been interrupted as a result of the crisis, and consumers are open to suggestions and
strategies to help them change long-standing attitudes and behaviors. In response, a novel and innovative mobile communication
capability was developed to present health messages in English and Spanish with links to fotonovelas (visual stories) that are
accessible, easy to understand across literacy levels, and compelling to a diverse audience. While SMS text message outreach
has been used to build health literacy and provide social support, few studies have explored the benefits of SMS text messaging
combined with visual stories to influence health behaviors and build knowledge and self-efficacy. In particular, this approach
can be used to provide vital information, resources, empathy, and support to the most vulnerable populations. This also allows
providers and health plans to quickly reach out to their patients and members without any additional resource demands at a time
when the health care system is severely overburdened.
(JMIR Mhealth Uhealth 2020;8(8):e19529) doi:10.2196/19529
KEYWORDS
text messaging; SMS; mobile fotonovelas; COVID-19; social isolation; social support; health behaviors; health literacy; health
plans

Background

Health Literacy and Fotonovelas

Coronavirus disease (COVID-19) has profoundly changed our
experience of everyday life and our interpersonal connections.
Both the US Centers for Disease Control and Prevention (CDC)
and World Health Organization have recommended precautions
to prevent and slow transmission of the disease; these include
washing hands frequently with soap and water for 20 seconds,
covering coughs and sneezes, and avoiding handshakes [1,2].
At the same time, social distancing and stay-at-home orders
have required people to stay home and leave only for essential
activities; this can lead to increasing social isolation and
loneliness, especially for the 35.7 million Americans (28% of
households) who live alone [3].

Health literacy is the degree to which individuals can obtain,
process, and understand basic health information and the
services needed to make appropriate health decisions [4].
Approximately 80 million Americans have low health literacy;
this has been associated with disparities in health care access,
lower use of health care services, and poorer health outcomes
[5]. Limited or insufficient health literacy has also been
associated with lower adoption of protective behaviors, such as
vaccinations, hand hygiene, and other self-care measures [6].
The urgent need to avoid exposure to COVID-19 would require
a change in habits and behaviors, such as washing hands more
frequently and maintaining a safe physical distance from others
outside the home. It has been suggested that SMS text message
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campaigns for public health are the “most effective medium for
mass dissemination due to their reach, immediacy, opportunity
for data collection and personalization, ability to tailor and adapt
information, and opportunity to link to other sources [7].” Our
goal was not only to use SMS text messages as a rapid
deployment tool but also to build health literacy by including
a visual story within the text messages that shows people
modeling healthy behaviors to protect against the virus. While
several innovative technologies have been developed to improve
health literacy, a review of the literature revealed a lack of visual
tools or mobile fotonovelas within text messages as a strategy
to build health literacy and influence health behaviors.
There is substantial evidence that text messaging can be used
for health outreach and to influence health behaviors [8]. At the
same time, fotonovelas, a traditional print medium originally
developed for Latin American audiences, have been used with
great success with participants from other (eg, Dutch) cultures,
particularly among low-literacy or underserved populations
[9-11]. Similar to a comic book in format, fotonovelas typically
tell a story using a dramatic or soap opera–style plot with
illustrations or photographs and dialogue bubbles to capture the
user's attention and share an important lesson. They have been
used to help patients understand the value of preventive care
and screenings and to improve self-management of chronic
conditions. They are also more likely to be passed on to family
or friends through social networks and can increase their reach
beyond the targeted individual.
In this case, we wanted to adapt the traditional print format by
creating a series of mobile (digital) fotonovelas or illustrated
comic strips that could be used to improve health literacy around
COVID-19, to fill knowledge gaps around perceived severity
and susceptibility, and to help health plan members build new
healthy habits to avoid exposure to the virus. We started with
two mobile fotonovelas (in both English and Spanish) to (1)
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build health literacy and awareness about simple changes in
daily habits that could make a great difference in keeping safe,
and (2) provide support to address the challenges of staying at
home and social isolation as communities attempt to lower the
risk of infection and “flatten the curve.” These fotonovelas were
delivered to health plan members and patients as a link within
SMS text messages. SMS is an obvious and well-accepted
channel for rapid deployment that has a high rate of adoption;
it seemed particularly appropriate given the urgent need to
communicate health risks about the virus. The text messages
with links to fotonovelas were designed to be educational, with
lighthearted content, and to reduce cultural and linguistic
barriers. The readability of all content was at or below a sixth
grade reading level.

Fotonovela 1: Promoting Healthy
Behaviors to Prevent the Spread of
COVID-19
The messages in Fotonovela 1 were created as an early response
to the COVID-19 threat and were informed in part by the Health
Belief Model (HBM) [12-14], which was originally developed
to study patient screening behavior for tuberculosis and is
commonly used to drive behaviors relating to health promotion
and disease prevention. In this case, recipients received an SMS
text message telling them that their health plan had put together
“COVID-19 simple steps” to help them stay safe and healthy,
and they were asked to click on a link to see more. Upon
clicking, they viewed the mobile fotonovela, which consisted
of 8 frames in story format showing different settings and how
to stay safe around people in those settings. The various scenes
in the story discussed high-risk individuals, washing hands,
elbow bumps, elbow sneezes, using only trusted information
sources on the internet, and avoiding crowds (see Figures 1 and
2).

Figure 1. Text workflow introducing Fotonovela 1.
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Figure 2. Images from Fotonovela 1: Simple Steps to Stop the Spread.

We were addressing the various determinants of behavior or
constructs that are outlined in the HBM and that are likely to
influence preventive behaviors: perceived severity (Scene 1:
how bad is the virus), perceived susceptibility (Scene 2: does
it really apply to me and how do my actions impact others I
care about), perceived benefits (Scene 3: washing hands will
help keep me safe), perceived barriers to action (Scenes 4 and
5: but I have to change my behavior and stop shaking hands,
be more careful about sneezing, and engage in social distancing),
and exposure to factors that prompt action (Scene 6: influencing
each other to avoid crowds and stay home). The goal of this
type of mobile fotonovela is to build self-efficacy (the efficacy
to influence events in one’s life) [15] so that recipients feel
empowered to pursue strategies and develop new habits that are
likely to be successful in addressing the perceived threats or
challenges posed by COVID-19. We also relied on social
cognitive theory [16], which posits that understanding health
risks and benefits will influence changes in health habits and
behaviors if an individual believes that these new health
behaviors can positively impact their health. As part of this
process, there is an evaluation of possible benefits and losses
and social approval or disapproval associated with new
behaviors. By using a story format, we were able to (indirectly)
share important messages, build empathy and understanding,
http://mhealth.jmir.org/2020/8/e19529/
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and avoid making the recipient feel defensive or detached. The
focus on simple steps made the changes feel easier, and these
small successes could build self-efficacy and confidence over
time.

Fotonovela 2: Emphasizing the
Importance of Staying Home to Save
Lives
As the situation evolved, it became clear that we would need
to provide support for extended periods of physical distancing
(also called “social distancing”) to slow the spread of
COVID-19. An additional challenge was posed by social
isolation as a result of restricted movement outside the home
due to self-imposed or mandatory precautionary measures. There
is much evidence that social isolation (or a lack of social
interaction) can have adverse health effects and even reduce
life expectancy when it is experienced as loneliness. Social
isolation increases the risks of cardiovascular disease and
cognitive decline, and it even weakens the immune system. A
recent study suggested that the health effects of social isolation
are as damaging as smoking 15 cigarettes a day, and this effect
is particularly noticeable among older people [17]. Social
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isolation in the era of COVID-19 adds an additional level of
uncertainty, anxiety, and fear that can quickly influence quality
of life and well-being and start to impact mental and physical
health. In response, we created Fotonovela 2, which focuses on
staying home whenever possible, maintaining healthy physical
separation from others outside the home, developing strategies
to remain balanced and positive despite limited social contact,
and finding ways to remain emotionally connected with friends
and family using technology. The messages in Fotonovela 2
address the effects of limited social contact over several weeks
and the impact of these restrictions on personal well-being and
perceived loneliness.
There is strong evidence from studies of psychology and
behavioral economics [18] that people tend to engage in
cognitive biases as part of the decision-making process, in which
they assess the probability of uncertain events using heuristic
principles that may contain severe errors. One such cognitive
bias or illogical heuristic is optimism bias [19], where people
underestimate risks when considering potential harm in the form
of disease or catastrophe and also (erroneously) tend to believe
that others are more likely to be impacted than themselves. This
is coupled with present bias [20], which tends to overvalue
immediate rewards in the present (seeing friends at a
get-together in two days) at the expense of long-term benefits
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(putting off the get-together so that everyone reduces their
likelihood of contracting COVID-19). We believe that the
prolonged nature and uncertain term of the stay-at-home
requirements will only exacerbate these biases. To address both
present bias and optimism bias, the consequences of not
engaging in physical distancing are made particularly salient
through the “Stay home, save lives” caption, which mirrors the
messaging being promoted by the CDC.
Fotonovela 2 (see Figures 3 and 4) shows us four houses in a
neighborhood and introduces us to the people in these homes.
As the user scrolls down, a story unfolds behind closed doors
and shares how people in the neighborhood are staying at home,
coping with change, and finding ways to stay emotionally
connected and positive. At the end of each story, there are
specific suggestions to encourage users to explore new ways to
stay actively engaged and develop a sense of routine even while
being confined within their homes. By infusing the scenes with
everyday examples of people making changes, expressing
empathy, and staying positive, a secondary goal is established
to build resilience and hope at a time of deep uncertainty. The
primary goal is to overcome these biases, tap into prospect
theory and loss aversion [21], and update risk assessment
calculations so that individual decision-making and behavior
more closely follow normative guidelines.

Figure 3. Text workflow introducing Fotonovela 2.
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Figure 4. Images from Fotonovela 2: Stay Home, Save Lives.

For Fotonovela 2, we used photographs instead of illustrations,
presenting images of real people against simple backgrounds
with thought and speech bubbles. This visual presentation is
more similar to that of traditional printed (or paper-based)
fotonovelas and presented the stories within each vignette with
elements of humor and lightheartedness (a dog that speaks or
a toddler who has a design plan). The expectation is that the
audience can relate to the situation presented in the first frame
(the problem) but also can gain from the strategy offered in the
http://mhealth.jmir.org/2020/8/e19529/
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subsequent frames (the solution). While each vignette ends with
core points of the solution and related action suggestions, we
rely on the visual story to achieve the communication objectives:
to convey a sense of togetherness, address doubts and
apprehensions, and provide concrete and positive ways to cope
and build a sense of agency.
In addition to the fotonovelas, we created a series of check-ins
via SMS text messages with advice, suggestions, and support
on a range of topics, including cooking ideas, exercising at
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Brar Prayaga & Prayaga

home, importance of a daily routine, following a regular sleep
schedule, suggestions to manage stress and increase mindfulness,
and avoiding monitoring news reports throughout the day. The
messages included links to helpful resources and were crafted
to provide a lighter and more positive tone to help people
reshape or reframe their day-to-day routines, even as they felt
more cut off from social interactions and experienced high levels
of uncertainty about the future.

in providing value to Spanish speakers and people who are
negatively impacted by social determinants of health (who may
also be encountering health disparities in outcomes and health
access issues relating to COVID-19). We are unable to present
detailed results due to client confidentiality restrictions. Broadly,
we measured the number of views of the content, the satisfaction
survey responses, and the opt-out rates. These metrics suggest
robust engagement with this material across audience groups.

While Fotonovela 2 and the related text messages do not
explicitly discuss COVID-19, focusing instead on supportive
and empathetic content, we built an extensive natural language
understanding (NLU) system that can recognize and address
member questions and concerns relating to COVID-19. For
example, if a member asked “How do I know if I have
coronavirus?”, the NLU system would understand the question
as “symptom-related” and automatically respond with a message
pointing the member to the appropriate authoritative sources
(eg, the CDC website, health plan website, or state website).
This feedback system also allows us to add new content based
on topics that were not included in the original program.

Beyond COVID-19, our next step is to explore the ongoing use
of these types of visual stories to build health literacy and
awareness in other contexts. For example, is it necessary to get
preventive screenings such as mammograms when you feel
healthy and nobody in your family has a history of breast
cancer? Similarly, how do you decide whether to use a nurse
line, urgent care, or the emergency room when you feel sick
after hours? We also want to consider tailoring the fotonovelas
based on member demographics (age, gender, language, social
determinants of health, health literacy) and psychographics
(self-efficacy, health beliefs, stage of change) to build variations
within story scenes based on these attributes, beliefs, and
preferences. We expect that this type of data-driven and artificial
intelligence–enabled segmentation will increase the relevance
of the fotonovelas and further deepen engagement. Finally, we
expect to build our dataset of member responses so that we can
rely more heavily on machine learning–based natural language
processing to improve recognition accuracy and response
handling.

Early Feedback and Future
Considerations
The mPulse Mobile platform delivers text messages to patients
and members on behalf of health care companies. The platform
consists of several components that collectively enable
companies to interactively engage with their end users about
appointments, refills, gaps in care, or other health-related topics
[22]. This was our first use of a mobile fotonovela to share
important health information to address health beliefs, build
self-efficacy, and influence health behaviors. The characters in
the visuals are culturally diverse, vary in age and gender, and
communicate in English or Spanish. We were excited to find
that this approach was effective in reaching over 100,000 health
plan members across the age spectrum (as old as 97 years) and

We were able to quickly develop and deploy a text messaging
and fotonovela outreach in English and Spanish to address
concerns and influence behavior relating to the COVID-19
crisis. This program is a cost-effective and convenient solution
for building health literacy and engaging with underserved,
under-resourced and hard-to-reach populations. Member
responses and engagement insights can be used to improve the
design of future text and mobile friendly visual story-based
solutions.
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Abstract
Background: Continuous positive airway pressure (CPAP) therapy is the most effective treatment for obstructive sleep apnea
(OSA). Despite the reported benefits of CPAP therapy in treating OSA, its effectiveness is reduced by less-than-optimal adherence
or use. Up to 50% of patients who accept CPAP therapy fail to adhere to it. As a lack of commitment to CPAP therapy is one of
the most significant factors that hinder OSA treatment effectiveness, patient motivation and education are critical to help alleviate
the problem of poor CPAP adherence or use.
Objective: This study aims to support the development of mobile health interventions or information systems solutions to
promote CPAP adherence and use among patients with OSA through development, content validation, and testing of tailored
motivational messages.
Methods: In phase 1, an initial library of 60 messages was developed to promote CPAP use among patients with OSA. In phase
2, draft messages were evaluated for content validation testing for relevance and clarity by research and clinical experts. In phase
3, patients with OSA (N=24) were recruited through a Qualtrics panel to rate the perceived persuasiveness of the messages in
terms of threat and efficacy perceptions, as per their computed extended parallel process model (EPPM) response states. The
average score of the ratings was calculated for each message. The messages were sorted according to their average (from highest
to lowest) to select the best 12 messages for each tailored set based on the potential responses from the EPPM.
Results: In phase 1, 60 messages were developed based on the existing literature and a review of existing materials. In phase
2, the enumerated content validity of the messages was established through the use of the content validity index for items. A total
of 57 messages were found to have acceptable content relevance and clarity. In phase 3, patients with OSA perceived the final
library of 48 messages to be persuasive.
Conclusions: After the process of content validation and testing, the final library of messages met the criteria for clarity,
relevance, and perceived persuasiveness. This study emphasizes the importance of developing and validating the content of
motivational messages, grounded in EPPM theory, across the 4 possible response states in terms of high or low efficacy and threat
perceptions.
(JMIR Mhealth Uhealth 2020;8(8):e18793) doi:10.2196/18793
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obstructive sleep apnea; mHealth; tailored messages; CPAP therapy; extended parallel process model
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Introduction
Background
Obstructive sleep apnea (OSA) is the most common breathing
disorder that occurs during sleep in the United States [1], with
30 million adults affected by OSA, which is the second highest
occurrence in the world [2,3]. Effective treatment of OSA is
essential because untreated OSA has consequences for both
individual health and society. These consequences include, but
are not limited to, cognitive and behavioral deficits that affect
a person’s work performance, including excessive daytime
sleepiness, as well as cardiovascular and metabolic dysfunction.
Thus, OSA accounts for a significant portion of health care
costs, either directly or by means of its associated illnesses and
diseases [4]. In the United States alone, the estimated total
societal-level cost attributed to OSA is reported to be US $160
billion annually [5].
Continuous positive airway pressure (CPAP) therapy is the most
effective treatment for OSA [6,7]. CPAP therapy has been found
to improve cognitive processing and daily functioning; reduce
daytime sleepiness [8]; and reduce health care costs, physician
visits, and work absences [5]. Despite the reported benefits of
CPAP therapy in treating OSA, its effectiveness is reduced by
less-than-optimal adherence/usage.
Up to 50% of patients who accept CPAP therapy fail to adhere
to it [8]. Patients’ failure to adhere to CPAP therapy is a major
factor limiting its potential benefits [6,9]. Continued use of
CPAP is fundamentally important for effective treatment of
OSA [10]. As the lack of commitment to CPAP therapy is one
of the most significant factors contributing to hindering the
effectiveness of OSA treatment, patient motivation and
education about their condition and treatment are critical to help
alleviate the problem of poor CPAP adherence. Evidence
suggests that behavioral interventions, along with education
designed to improve patient self-efficacy, are promising
strategies to improve adherence [8]. Thus, finding ways to
improve CPAP usage is essential to improving the health and

Alismail & Olfman
well-being of patients with OSA and might be a way to minimize
the associated health care costs and adverse outcomes of the
condition [3].
To support future studies on interventions for promoting CPAP
use or adherence among patients with OSA, this study aimed
to describe the process and results of developing, validating the
content of, and testing a set of theory-based tailored motivational
messages to be used in a mobile health (mHealth) sleep
behavioral change support intervention that promotes CPAP
use among patients with OSA.

Theoretical Framework
The extended parallel process model (EPPM) was developed
by Witte [11] as a message design–related theoretical framework
for effective health communication aimed at persuading target
populations to engage in healthy behaviors [12]. The model
considers both emotional and cognitive factors related to
message processing and links these processes to the success or
failure of a fear appeal [13].
On the basis of the EPPM, individuals are motivated to perform
an action through their perception of a threat rather than the
actual threat modeled [12]. Perceived threat encompasses 2
main dimensions: perceived susceptibility and perceived
severity. The former refers to an individual’s subjective
perception and/or beliefs about the personal risk of experiencing
a health condition, whereas the latter refers to one’s beliefs
regarding the seriousness of the health condition threatened
[12,13].
When the perceived susceptibility and/or perceived severity is
low (ie, trivial or irrelevant) [11], the recipient of the message
will not be motivated to process the message, indicating that
the efficacy will not be assessed and no response will take place
to the fear appeal because the individual believes that the threat
does not impact him or her and thus ignores it, as shown in
Figure 1 [11,14]. However, when the processed threat message
results in a moderate-to-high perceived threat, individuals
become motivated and are likely to appraise efficacy (ie, an
assessment of the efficacy of the recommended response) [11].

Figure 1. Extended Parallel Process Model, adapted from Witte.
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Perceived efficacy refers to the “cognition about the
effectiveness, feasibility, and ease with which a recommended
response alleviates or helps in avoiding a threat” [15]. The
EPPM underlines 2 forms of efficacy under the perceived
efficacy appraisal: perceived self-efficacy and perceived
response efficacy. Perceived self-efficacy refers to one’s
perception that he or she can execute the recommended behavior
to avert the threat [15]. Perceived response efficacy refers to
one’s belief about how effective the recommended response is
in deterring the threat [15].
On the basis of the perceived efficacy level of the recommended
behavior, individuals perform 1 of 2 responses: a danger control
or a fear control response. If a message conveys both high threat
and efficacy, it is predicted that it will lead individuals to control
the danger, demonstrating protection motivation. Individuals
will subsequently perform actions, typically the recommended
message responses, to protect themselves against the threat.
This means that the message succeeded in motivating people
to take the recommended action (message acceptance). In
contrast, when individuals perceive a high threat level but low
efficacy in the message, they have a fear control response. Here,
individuals will focus on alleviating the fear usually through
psychological defense strategies (eg, defensive avoidance or
denial) without taking action about the threat—a defense
motivation outcome in the EPPM [14].

Objectives
This study had 3 phases related to the objectives of this study:
(1) design and develop a tailored message library based on the
potentially different response states of the EPPM, (2) have
clinical and research experts validate the content of the
messages, and (3) have members of the target audience evaluate
the perceived persuasiveness of the messages. Phase 1 of this
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study involved designing and developing the message library
per the EPPM. In phase 2, the content validity of the developed
message library was tested by research and clinical experts. The
content validation prioritized 2 aspects: perceived relevance
and clarity. In phase 3, a sample of patients with OSA assessed
the perceived persuasiveness of the messages. The findings of
this study will inform the development of mHealth interventions
or information systems (IS) solutions targeting improved use
of CPAP therapy among patients with OSA.

Methods
Phase 1: Developing the Message Library
According to the EPPM, an individual is most likely to act on
a recommended response when he/she is in a danger control
state. A message library is designed to motivate participants to
move in that direction (ie, high efficacy and high threat). If an
individual is already in a danger control state, then the messages
are designed and strive to reinforce his/her state.
A total of 60 messages were selected from existing sources or
designed to make the message content relevant based on
behavioral beliefs per the EPPM. These messages can be
categorized into 4 sets, 1 for each potential response state of
the EPPM (ie, responsive, proactive, avoidance, and
indifference), as shown in Figure 2 (Phase 2 provides further
details). Each quadrant is titled with descriptors used by Rimal
and Real [16]. Messages were designed to address both threat
and efficacy components that need to be altered, reinforced, or
initiated. In all 60 messages, the threat is the health consequence
of untreated OSA, and the recommended response is using
CPAP at least four hours per night (using CPAP ≥4 hours per
night was generally admitted as the clinical and empirical level
of use required for adherence [17]).

Figure 2. Extended Parallel Process Model potential response states and message types.

Message set I targets those who are in a responsive state. They
were designed to reinforce existing perceptions of both threat
and efficacy (eg, Untreated obstructive sleep apnea increases
your risk of heart problems. Use your CPAP for better health).
Message set II targets those who are in the avoidance state. The
messages were designed to recognize the threat, but mainly to
increase the efficacy of using CPAP (eg, Try adjusting your
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mask pads and straps for a better mask fit. This may help reduce
air leaks. Use your CPAP to sleep well and be well!).
Message set III targets those who are in a proactive state. It was
designed to increase the threat and to reinforce existing
perceptions of efficacy (eg, when left untreated, obstructive
sleep apnea can lead to chronic diseases. Use your CPAP for
better health!).
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Message set IV targets those who are in the indifference state,
in which they do not feel the threat of OSA and have doubts
about the effectiveness of CPAP and their ability to use CPAP
therapy. Thus, this set of messages was designed to initiate the
efficacy, but mainly to convince patients of the severity and
seriousness of untreated OSA (eg, Sleep apnea could be hurting
your heart. Use the CPAP to sleep well and be well!) [18].

experts’ suggestions were collected to improve the developed
messages such that the content-validated messages could be
tested by the target audience. The final message library was
reviewed and improved based on the participants’ input. The
messages were filtered by the content validity index for items
(I-CVI), first for relevance and then for clarity.

The initial library of 60 messages consisted of 21 text-based
messages, 20 video-based messages, and 19 image-based
messages. The rationale for developing 60 messages was that
this would allow experts and patients to select the ones that are
most relevant, clear, and persuasive. The best messages would
then be used in an mHealth intervention that could be evaluated
through an experiment.

We first tested the relevance of the developed messages to the
theoretical concepts (ie, perceived self-efficacy, perceived
response efficacy, perceived severity, and perceived
susceptibility) through expert evaluation. An expert is defined
as an individual with acquired knowledge, experience, and/or
skills in his/her field of expertise (eg, research and/or clinical
practice) [49]. The messages were reviewed and validated by
experts in the fields of pulmonology/sleep medicine, psychology,
health promotion, and health IS and technology. The experts
were board-certified pulmonologists in the field of sleep
medicine and faculty or PhD candidates from Claremont
Graduate University programs in behavioral and social sciences,
health promotion sciences, and IS and technology. To
participate, an expert had to meet at least one of the following
criteria per the definition of expert stated earlier: (1) knowledge
and experience in treating patients with sleep apnea, (2)
experience in the use of theoretical concepts, (3) methodological
knowledge in designing intervention studies, and/or (4)
experience in research in chronic diseases management. The
experts validated the messages by determining whether the
messages reflected their underlying theoretical concepts. Drafts
of all 60 messages were grouped into 6 subsets for validation
(10 messages per subset). Each subset had a combination of
modes: text, video, and image. We sent an email to potential
experts inviting them to provide a rating and give comments
using a web-based survey developed via Qualtrics (Qualtrics
LLC). In particular, experts rated the relevance of each message
to its underlying theoretical concepts using a 4-point ordinal
scale: 1 (not relevant), 2 (somewhat relevant), 3 (quite relevant),
and 4 (highly relevant).

Message generation was carried out in an iterative manner. First,
a review of existing materials was conducted to collect available
existing videos, infographics, and images that can be added to
the library. For the selected ready-made videos and images,
permission was obtained from the source to use the materials
in the study. Participants were referred to the ready-made
materials via the source’s web-based links. Text-, video-, and
image-based messages were developed based on a review of
the existing resources. The text, videos, and images provided
in the messages were adapted from multiple sources.
Text messages were constructed by reviewing the following
sources: the Mayo Clinic website [19], ResMed website [20,21],
Breathe the Lung Association [22], the American Academy of
Sleep Medicine [23], and the American Sleep Apnea Association
[24]. The videos were YouTube-based videos provided through
WebMD [25-27], the Cleveland Clinic [28,29], the American
Academy of Sleep Medicine [30], Columbia Broadcasting
System News [31], Lee Health [18], Johns Hopkins Medicine
[32], and Mayo Clinic [33-35]. The length of the videos ranged
from 43 seconds to approximately 5 min. Images and
infographics were adopted from Adventist Health [36], National
Jewish Health [37], Sleep Sherpa [38], the CPAP.com website
[39], Sleep Well Respiratory Care [40], the American Sleep
Apnea Association [41], Advanced Dental Sleep Treatment
Center [42], Oral and Maxillofacial Surgeons [43], Very Well
Health [44], Sleep Data [45], and Atlanta Headache
temporomandibular joint Pain [46].
For the video- and image-based messages, the 12 principles of
multimedia design outlined by Clark and Mayer [47] were used
as a checklist to ensure that the messages address as many
principles as possible. The length of the message was limited
to no more than 160 characters to allow them to be delivered
through a single mobile text message. The Gunning Fog test
[48] was used to ensure that the text messages were at an
eighth-grade reading level. The developed draft of the message
library was maintained in a Microsoft Excel spreadsheet.

Phase 2: Content Validation of the Messages by
Experts
After the message library was developed, it was subjected to
content validation by clinical and research experts. The content
validation prioritized 2 aspects: the relevance of the messages
to the theoretical concepts and the clarity of the messages. The
https://mhealth.jmir.org/2020/8/e18793
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Perceived Clarity
After the messages were checked for content relevance, the textand image-based messages were further evaluated for clarity.
The Qualtrics web-based survey asked experts to rate the clarity
of each message using a 4-point ordinal scale: 1 (not clear), 2
(somewhat clear), 3 (quite clear), and 4 (highly clear). For each
message, experts were asked to provide suggestions for
improvement, if any. Overall, 4 message sets—2 text based and
2 image based—were created for validation. Video-based
messages were not included in clarity validation because they
are based on ready-made materials (YouTube links) provided
by health organizations and were therefore assumed to have
been already reviewed and validated by domain experts.
The first author attended 2 days of a scientific conference
targeted at pulmonologists and sleep specialists held in October
2019 to recruit experts by asking them if they would participate
in the study. Those who agreed to participate completed the
survey on a laptop provided by the researcher.
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Phase 3: Message Testing by the Target Audience
After expert validation of the message library, the final version
of the messages obtained from phase 2 was further validated
by assessing the target audiences’ reaction to the messages’
persuasiveness. A cross-sectional survey was administered using
a Qualtrics panel in February 2020. Qualtrics panels have been
used extensively in health care research [50]. A Qualtrics panel
is an opt-in research panel that offers participant recruitment
services for researchers, where individuals who meet the study
criteria are invited to participate. The Qualtrics-verified panel
service provides access to potential participants who meet the

Alismail & Olfman
study criteria. It uses third-party sources to verify the potential
participants’ information and then sends a survey/study
invitation to those who are eligible. This process is especially
rigorous when potential participants indicate that they have been
diagnosed with OSA. The survey’s technical functionality was
tested by the first author before launching the survey.
Each of the 4 message sets that were obtained from phase 2,
tailored based on whether participants have high or low efficacy
and threat perceptions, were split into 2 surveys, creating 8
subsets (Figure 3). This was performed to shorten the length of
the survey.

Figure 3. Message sets for perceived persuasiveness testing by patients with obstructive sleep apnea. Some messages were matched with multiple sets
based on the obtained I-CVI score. I-CVI: content validity index for items.

Participants
Web-based participants were recruited through a Qualtrics panel
site (Qualtrics.com). Participants were a convenience sample
of 24 adult patients with OSA across the United States who
were selected based on their availability and willingness to
participate in the study. Eligibility criteria included the
following: (1) aged ≥18 years, (2) able to read and write in
English, and (3) clinically diagnosed with OSA.

Procedure
The protocol for this study was approved by Claremont Graduate
University’s institutional review board. The survey questionnaire
was developed using Qualtrics’ web-based survey software.
Recruitment was conducted by a Qualtrics project manager,
where 676 potential participants in the United States, who
indicated in their panel registration data that they have OSA,
were invited via email to participate in the study. Qualtrics
verified and confirmed their information. The invitation email
communicated the opportunity to participate in an academic
https://mhealth.jmir.org/2020/8/e18793
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survey, approximate length, purpose, and a web link to the
anonymous and confidential survey. To minimize participant
response bias, the population of interest was not acknowledged
(ie, participants were not told that they were invited because
they had OSA). People who were interested in participating and
who volunteered to do so were first required to read an
introductory page that welcomed them and described the study
and its goals. After the participants read the welcome page and
study goals, they indicated their agreement on an electronic
consent form. After signing the consent form, they were asked
a few eligibility screening questions before they were cleared
to participate in the study. Eligibility screening was added to
recruit individuals in the target audience of an mHealth
intervention or an IS solution (ie, adults diagnosed with OSA).
The eligibility screening questions included a question about
age and a question about the kinds of ailments that affects the
participant. A total of 634 of the 676 potential participants did
not meet the inclusion criteria; hence, they were excluded from
the study. Those who met the eligibility screening criteria
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(N=42) were asked to report their demographic information,
including ethnicity, educational level, and gender.
Next, they were asked to complete a survey to assess their
efficacy and threat perceptions through the calculation of
perceived self and response efficacy, perceived severity, and
perceived susceptibility. Responses were then grouped into 4
quadrants as suggested by Popova [15]. To do this, the mean
of each construct was calculated. Perceived efficacy was
operationalized as the sum of the mean score of perceived
self-efficacy and the mean score of perceived response efficacy
as they are both considered as dimensions of the efficacy
construct. Perceived threat was operationalized as the sum of
the mean score of perceived severity and the mean score of
perceived susceptibility as they are both considered as
dimensions of the threat construct [11]. Sawyer and King [51]
used the Self-Efficacy Measure for Sleep Apnea (SEMSA) with
a score of 3 for each subscale as a critical indicator for tailoring
an intervention. Thus, an average score of 3 was used as the
critical indicator threshold to dichotomize the responses into
high and low, with a score >3 being high and all others being
classified as low. Thus, once the participants submitted their
answers, a subset of messages from a set that matches their
computed threat and efficacy perceptions appeared automatically
on the screen, and they were asked to rate the extent to which
each message is perceived persuasive on a 5-point Likert scale
ranging from 1 (definitely not persuasive) to 5 (definitely
persuasive). Once they were done, they hit the submit button.
Data were collected over 1 week from February 3 to 9, 2020.
As monetary incentives have been found to be effective in
enhancing the recruitment of participants [52], the participants
were compensated upon the completion of the survey.
Compensation was handled by Qualtrics. The average
completion time for the survey was 25 min.
After obtaining all the participants’ responses, the last step in
this phase was to determine the best 12 messages in each set.
Subsequently, the messages were selected based on the obtained
averages, and the best 12 messages were added to the final
library.

Measures and Instrumentation
In all, 4 constructs were measured in phase 3: perceived selfand response efficacy, perceived severity, and perceived
susceptibility. The constructs are self-reported multi-item scales
drawn from previously validated measures.
Self-Efficacy Measure for Sleep Apnea
Perceived self-efficacy, perceived response efficacy, and
perceived susceptibility were adapted from the SEMSA [53].
The SEMSA was developed based on Bandura’s social cognitive
theory. It is divided into 3 subscales that measure self-efficacy,
risk perception (perceived susceptibility), and outcome
expectations (perceived response efficacy) [53]. The risk
perception subscale is used for measuring perceived
susceptibility as both terms refer to one’s perception of the
likelihood that they will be affected by the health consequences
of untreated OSA. For instance, Olsen [54] used SEMSA’s risk
perception subscale to measure perceived susceptibility among
patients clinically diagnosed with OSA. In addition, Witte et al
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[14] noted that the term outcome expectations in Bandura’s
theory is similar to response efficacy in fear appeals. Therefore,
the outcome expectations subscale was used to assess perceived
response efficacy. Perceived self-efficacy, perceived response
efficacy, and perceived susceptibility were assessed using a
4-point Likert scale ranging from 1 (not at all true) to 4 (very
true). Higher scores denote greater perceived self-efficacy,
greater perceived response efficacy, and higher perceived
susceptibility.
Obstructive Sleep Apnea Knowledge and Beliefs
The OSA knowledge and beliefs (OSA-KAB) tool is a 16-item
tool developed based on the health belief model to measure an
individual’s knowledge and beliefs in the context of OSA [55].
The perceived severity subscale was adapted from the
OSA-KAB tool [55]. Perceived severity was assessed using 3
items based on a 5-point Likert scale, ranging from 1 (strongly
disagree) to 5 (strongly agree). Scores range from 3 to 15.

Attention Checks and Quality Screens
Attention checks were employed to confirm that survey
respondents were reading the survey questions carefully and
thoroughly. The responses were checked for validity by checking
the participants’ answers to 2 embedded validity questions (ie,
“please do not rate this statement so I know you are paying
attention;” “please rate this statement at ‘not persuasive’ so I
know you are paying attention”). One respondent failed one of
the 2 embedded validity check questions, and 10 did not
complete the entire survey; hence, they were excluded from the
study.
Quality screens were also used to confirm that respondents spent
an adequate amount of time completing the survey. The
Qualtrics panel recommended excluding participants who
completed the survey in one-third of the median time or less
because that would indicate that the respondents were rushing
through the survey. This criterion excluded 5 respondents.

Analysis
Phase 2: Content Validation of the Messages by Experts
The I-CVI [56] was used to analyze the content validation for
relevance and clarity. This allowed us to decide which messages
to retain, delete, or adjust.
Perceived Relevance
Content validation of perceived relevance was conducted to
ensure that each message included the correct theoretical
concepts. The I-CVI was calculated by summing the messages
that received scores of 3 or 4 and then dividing the sum by the
total number of responses. Messages with I-CVIs ≤0.78 should
be eliminated and/or reformulated [56]. However, Lynn [56]
recommended that when there are ≤5 experts, an I-CVI of 1.00
must be obtained for the item/message to have content validity.
If an expert rated a message with 1 or 2, he/she was asked to
provide suggestions for improvement. The experts’ responses
were analyzed and modifications were made to the first draft
of the messages in accordance with the experts’ feedback.
To analyze the experts’ input, we first reviewed each expert’s
feedback. Then, the experts’ ratings and suggestions were
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transcribed into a table in a Microsoft Excel sheet. On the basis
of the ratings of each message, the I-CVI was calculated to
determine the extent to which each message related to each of
the theoretical concepts. We then categorized each message into
message sets based on the I-CVI scores. Some messages can
be associated with more than one set. Specifically, we
categorized each message dependent on whether an I-CVI of
1.00 was addressed to 0, 1, or 2 elements of threat and efficacy.
As message set I targets those who are in the responsive state
(high threat and high efficacy), it is designed to reinforce
existing perceptions of both threat and efficacy; therefore,
messages that received an I-CVI of 1.00 for at least one element
of threat and at least one element of efficacy were matched to
message set I. As message set II targets those who are in the
avoidance state (high threat and low efficacy), the messages are
designed mainly to increase efficacy. Thus, messages that
received an I-CVI of 1.00 for at least one element of efficacy
were matched to set II. As message set III targets those who are
in the proactive state (low threat and high efficacy), it is
designed to increase the threat and to reinforce existing
perceptions of efficacy. Thus, messages that received an I-CVI
of 1.00 for 1 or 2 elements of threat and 1 element of efficacy
were matched to message set III. As message set IV targets
those who are in the indifference state (low threat and low
efficacy), it is designed to initiate the efficacy and mainly to
convince patients of the threat of untreated OSA. Thus, messages
with an I-CVI of 1.00 for at least one element of threat and at
least one element of efficacy or 1 or 2 elements of threat were
matched to set IV.
Perceived Clarity
The I-CVI was computed as the number of experts giving a
rating of 3 (quite clear) or 4 (highly clear) divided by the number
of experts. An I-CVI score of 1.00 denotes a 100% agreement
among the experts. The experts’ suggestions for improvement
were also analyzed. Messages with low I-CVI scores (ie, <1.00)
for clarity were reformulated based on the experts’ written
comments or deleted.
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Phase 3: Message Testing by the Target Audience
Descriptive statistics were computed using frequency counts
and percentages for categorical variables. To determine the best
12 messages in each set, participants’ responses in each subset
were analyzed as follows. Patient feedback on the survey was
downloaded in Microsoft Excel. Each response state group (ie,
responsive, proactive, avoidance, and indifference) was
presented in a separate worksheet. The perceived persuasiveness
ratings were provided next to each message and the average
score of the ratings was calculated for each message. Then, the
messages were sorted from highest to lowest based on the
average score. This information enabled us to select the 6 best
messages from each subset, yielding 12 from each message set.

Results
Phase 2: Content Validation of the Messages by
Experts
Perceived Relevance
A total of 18 experts completed the survey, 3 for each subset
(Table 1 provides the experts’ characteristics). In the first draft
of 60 messages, 1 message was eliminated (“Experiencing a
return of symptoms or feeling like the CPAP is no longer
working? Your mask may have an air leak”) because of its low
I-CVI score (<1.00) on each of the 4 theoretical concepts and
because of an expert’s comment that “there are acceptable
leaks.” As a result, the second draft included 59 messages.
The message library consisted of the following: 18 messages
in set I (high threat and high efficacy: 6 text based, 4 image
based, and 8 video based), 26 messages in set II (high threat
and low efficacy: 11 text based, 8 image based, and 7 video
based), 20 messages in set III (low threat and high efficacy: 6
text based, 7 image based, and 7 video based), and 27 messages
in set IV (low threat and low efficacy: 8 text based, 9 image
based, and 10 video based). It is important to note that some
messages were matched with multiple sets based on the obtained
I-CVI score of the messages’ perceived relevance to efficacy
and threat constructs.
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Table 1. Experts’ characteristics for message relevance validation.
Characteristics

Message subset 1 Message subset 2 Message subset 3 Message subset 4 Message subset 5 Message subset 6

Experts, n (%)

3 (16.6)

3 (16.6)

3 (16.6)

3 (16.6)

3 (16.6)

3 (16.6)

Female

2 (67)

0 (0)

1 (33)

2 (67)

2 (67)

2 (67)

Male

1 (33)

3 (100)

2 (67)

1 (33)

1 (33)

1 (33)

Pulmonology and sleep
medicine

0

0

1

1

0

0

BSSa

1

0

2

0

1

1

ISTb

1

2

0

1

0

1

HPSc

1

1

0

1

2

1

Physician

0

0

1

1

0

0

Professor

1

1

1

0

1

1

Psychologist

0

0

1

0

0

0

PhD candidate

2

2

0

2

2

2

Gender, n (%)

Area of expertise, n

Current position, n

a

BSS: behavioral and social science.

b

IST: information systems and technology.

c

HPS: health promotion science.

Perceived Clarity
A total of 16 experts completed the survey at the conference,
and 3 experts provided their email addresses so that we could
send them the survey link and they could complete the survey
during their free time. As a result, a convenience sample of 19
experts (N=19) was used for clarity content validation. The
experts were physicians and faculty members with expertise in
the fields of pulmonology and/or sleep medicine.
The text-based messages were grouped into 2 sets for validation,
and 3 experts evaluated the clarity of each set except for 1 set.
That 1 set was evaluated by 4 experts as 1 expert had zero
expertise in the field of pulmonology and/or sleep medicine.
Then, we analyzed the data, and 8 messages (8/20) received an
I-CVI for clarity <1.00. Modifications based on the experts’
comments were made to these messages. We also modified 3
messages that received an I-CVI of 1.00 to address the experts’
comments (eg, For the message “Do you feel sleepy or tired in
the morning? Poor sleep may be a reason for sleepiness or
tiredness. Use CPAP for at least 4 hours a night to feel better!”
one expert commented, “Not only in the morning, probably just
mention during the day”). As a result, 11 messages were
reworded based on the experts’ suggestions. We then created a
survey to evaluate the clarity of the reworded messages. A total
of 4 experts who were recruited from the conference completed
the survey. The analysis of the reworded messages showed that
10 out of 11 messages received an I-CVI of 1.00 and 1 received
an I-CVI of 0.75. However, 3 messages that received an I-CVI
of 1.00 and 1 message that received an I-CVI of 0.75 were
modified to address the experts’ comments.
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The image-based messages were also grouped into 2 sets for
validation. Overall, 6 experts completed the survey (3 for each
set of messages). Of the 19 image-based messages, 2 were
eliminated because they received an I-CVI <1.00 as well as
critical comments. In particular, 1 of the experts commented
that 1 of the messages was “too wordy” and that the other
message included inaccurate information (ie, the message should
have indicated that the CPAP pumps air, not oxygen). Two
messages were modified to address the experts’ comments (eg,
“the background color is too dark” and “perhaps changing the
white font to black”).
Finally, the modified messages were further tested for clarity
by 3 additional experts. The modified messages consisted of 4
text-based messages that were modified based on the experts’
comments and 2 image-based messages. Thus, 6 messages were
included in set 6 for clarity validation. The results show that all
6 messages received an I-CVI of 1.00. Therefore, a library of
57 messages (20 text-, 17 image-, and 20 video-based messages)
was ready for use in the patient validation phase.

Phase 3: Message Testing by the Target Audience
Participants
A total of 676 potential participants were invited to participate
in the web-based survey, 42 met the study criteria, and 30
participants completed the survey, of which 6 were excluded
for not meeting the time quality screens or failed 1 of the 2
embedded validity questions (Figure 4).
Overall, 24 participants completed the web-based survey (7
men and 17 women). The average age of the participants was
between 45 and 55 years. The demographic characteristics of
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18793 | p.298
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the participants are presented in Table 2. Overall, the participants
(N=24) were predominantly women (n=17), white (n=22), and
reported having a college degree (n=12).
Participants were categorized into 4 groups based on whether
they had high or low efficacy and threat perceptions (ie,
responsive, avoidance, proactive, and indifference). As stated

earlier, an average score of 3 was used as a critical indicator
threshold to dichotomize the responses into high and low
following Sawyer et al [51], with a score >3 being high and all
others being classified as low. The indifference group had all
women, only the responsive group had nonwhites, and only the
proactive group had participants who were aged 65 years.

Figure 4. Patients with obstructive sleep apnea message testing process.

Table 2. Demographics of participants by response state.
Demographicsa

Responsive (high threat
and high efficacy)

Avoidance (high threat
and low efficacy)

Proactive (low threat
and high efficacy)

Indifference (low threat
and low efficacy)

Combined

Participants, n (%)

6 (25)

6 (25)

6 (25)

6 (25)

24 (100)

18-24

0 (0)

0 (0)

0 (0)

2 (33)

2 (8)

25-34

2 (33)

2 (33)

0 (0)

0 (0)

4 (17)

35-44

1 (17)

2 (33)

0 (0)

0 (0)

3 (13)

45-54

1 (17)

1 (17)

3 (50)

2 (33)

7 (29)

55-64

2 (33)

1 (17)

0 (0)

2 (33)

5 (21)

65-74

0 (0)

0 (0)

2 (33)

0 (0)

2 (8)

75-84

0 (0)

0 (0)

1 (17)

0 (0)

1 (4)

Female

4 (67)

3 (50)

4 (67)

6 (100)

17 (71)

Male

2 (33)

3 (50)

2 (33)

0 (0)

7 (29)

White

4 (66)

6 (100)

6 (100)

6 (100)

22 (92)

Black

1 (17)

0 (0)

0 (0)

0 (0)

1 (4)

Hispanic

1 (17)

0 (0)

0 (0)

0 (0)

1 (4)

High school

2 (33)

3 (50)

3 (50)

2 (33)

10 (42)

College

3 (50)

3 (50)

3 (50)

3 (50)

12 (50)

Master

0 (0)

0 (0)

0 (0)

1 (17)

1 (4)

Doctorate

1 (17)

0 (0)

0 (0)

0 (0)

1 (4)

Age (years), n (%)

Gender, n (%)

Ethnicity, n (%)

Education, n (%)

a

Response state refers to participants’ categorization based on whether they have high/low threat and efficacy perceptions.
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Message Set I
The message set I targets those who were in the responsive state
(high threat and high efficacy), in which messages were
designed to reinforce the patient’s existing threat perception of
untreated OSA and efficacy perception of using the CPAP
device.
For set Ia, 7 messages received an average score of 4.67, 1
message had a mean score of 4.33, and 1 message had a mean
score of 4.00. We intended to select the top 6 messages, sorted
from highest to lowest based on the average score from each
subset (ie, messages with the top high average scores), yielding
12 for set I. As 7 messages received an average score of 4.67,
which represents the highest average score in this subset, a
random number generator was used to select 6 of the 7 messages
to be used in the final set. This was done to meet the
predetermined message quantity.
For set Ib, 1 message received a mean score of 5.00, 1 message
had a mean score of 4.67, 2 messages had a mean score of 4.33,
and 3 messages had a mean score of 4.00. Among those that
received a mean score of 4.00, 2 messages were randomly
selected to be included in the final set to meet the predetermined
message quantity. As a result, 12 messages were selected for
set I, including 3 image-based, 6 video-based, and 3 text-based
messages. Among the 18 messages that were under
consideration, 12 messages were rated higher in perceived
persuasiveness by patients with OSA who were in the responsive
state and thus were added to the final library. Multimedia
Appendix 1 provides the final 12 messages.

Message Set II
This message set targets those who were in the avoidance state
(high threat and low efficacy), in which messages were designed
mainly to increase patients’ efficacy perception of using their
CPAP device.
For set IIa, 2 messages received a mean score of 4.33 and 6
messages received a mean score of 4.00. Among the 6 messages
that received a mean score of 4.00, 4 messages were selected
randomly to be included in the final set II.
For set IIb, 1 message received a mean score of 4.67, 3 messages
received a mean score of 4.33, and 3 messages received a mean
score of 4.00. Among these messages with a mean score of 4.00,
2 messages were randomly selected to be included in the final
set. Among the 26 messages that were under consideration, the
selected 12 messages were perceived to be more persuasive
than other messages in the set based on the feedback gained
from patients with OSA who were in the avoidance state. As a
result, 12 messages were added to the final message set II,
including 6 image-based, 3 video-based, and 3 text-based
messages (Multimedia Appendix 1).

Message Set III
This message set targets those who were in the proactive state
(low threat and high efficacy), in which messages were designed
to increase patient’s threat perception of untreated OSA and
reinforce existing efficacy perception of using their CPAP
device.
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For set IIIa, 1 message received a mean score of 5.00 and 5
messages received a mean score of 4.67, yielding 6 messages
to be added to the final set. For set IIIb, 3 messages received a
mean score of 4.67 and 6 messages received a mean score of
4.33. Three of the 6 messages that received a mean score of
4.33 were selected randomly to be included in the final set. As
a result, 12 messages were included in the final set, including
3 image-based, 5 video-based, and 4 text-based messages
(Multimedia Appendix 1).

Message Set IV
This message set targets those who were in the indifference
state (low threat and low efficacy), in which messages were
designed to initiate the patient’s efficacy of using their CPAP
device and to convince patients of the threat of untreated OSA.
For message set IVa, 2 messages received a mean score of 4.33
and 6 messages received a mean score of 4.00; thus 4 messages
were selected randomly to be added to the final set. For message
set IVb, 1 message received a mean score of 4.67, 4 messages
received a mean score of 4.33, and 3 messages had a mean score
of 4. One message was randomly selected from the 3 messages
with a mean score of 4.00 and was added to the final set. As a
result, 12 messages were selected for the final set IV, including
4 image-based, 4 video-based, and 4 text-based messages
(Multimedia Appendix 1).

Discussion
This study aimed to develop, validate the content of, and test a
set of messages for an mHealth behavior change support system
that will target patients with OSA who are noncompliant with
their CPAP therapy. The goal was to motivate them to use their
CPAP device and become compliant with their CPAP therapy.
The multiphase message development, content validation, and
testing phases described herein offer a practical guide for
researchers and health care practitioners to use for tailored
motivational message development. The tailored messages were
built based on the EPPM targeting patients with OSA to
motivate them to use their CPAP devices.
In phase 1, messages were derived from the literature and a
review of the existing materials. This phase was made easier
due to the availability of appropriate videos and infographics;
developing image- and video-based messages from scratch can
be costly and time-consuming. Fertman and Allensworth [57]
noted the importance of reviewing existing materials that can
assist the researcher or practitioner in deciding whether to use
them as they are, modify them, or develop new messages from
scratch.
In phase 2, the enumerated content validity of the messages was
established through the utilization of I-CVI [56]. A total of 57
messages were found to have acceptable content relevance and
clarity. The experts’ content testing and their comments enriched
and improved the messages in terms of clarity and relevance to
the theoretical concepts. The suggestions for modification of
some sentences and/or the presentation of information provided
guidance to develop and design messages. The expert ratings
of the messages assisted us in the process of categorizing
messages into high or low threat and efficacy perception. The
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18793 | p.300
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value of expert knowledge and feedback has been recognized
in message design and content validation [58-60].
In phase 3, the messages were further tested using a convenience
sample of the target audience for perceived persuasiveness.
Pretesting potential messages to identify the ones that are more
likely to be relatively effective is an important step to assist the
message designer or researcher in the process of selecting
messages to include in the intervention [61].
Acquiring feedback from the target audience and experts in the
subject matter assisted us in revising and selecting a set of
messages that was presumed to be more effective. The results
showed that each of the 4 final message sets included all 3
modes (image-, video-, and text-based messages). Studies note
the advantages of video-based messages that require less mental
and cognitive effort compared with plain text messages, freeing
resources to process the main messages, thus making them
potentially more applicable for those with low educational levels
[62,63]. However, text-based and image-based messages may
be more applicable in situations such as being in a noisy place
or having a limited amount of time. As a result, we believe that
one size does not fit all. Having a variety of modes is
advantageous for reaching and considering as many different
individual characteristics and/or preferences as possible as well
as the range of environmental situations that someone may
experience in daily life.
The main contribution of this study was the development of a
selection process for validating the content of and testing a set
of messages to be used in an mHealth behavior change support
system solution in the context of OSA. There is a need for future
intervention-oriented research using these messages to examine
and determine their impact on patients’ short- and long-term
CPAP usage. Future research should evaluate IS-/information
technology–based solution features and strategies for
implementation in delivering and presenting these messages as
a means to support the motivation of noncompliant patients
with OSA. It will also be important to assess the effectiveness
of these features and strategies in promoting CPAP usage among
patients with OSA. If the intervention demonstrates
effectiveness, it could prove to be an efficient motivational tool
for CPAP users. It can be delivered to a large number of patients
with OSA.

Alismail & Olfman

Conclusions
Poor use of CPAP therapy among patients with OSA is a serious
problem. Effective interventions are needed to improve
treatment usage by patients with chronic health conditions such
as OSA to enhance health outcomes and quality of life [64].
This study was designed to help promote CPAP usage among
patients with OSA. This was a formative study for developing
and validating the content of a set of messages to be used in an
mHealth sleep behavior change support system.
After the process of content validation and testing, the final
library of messages met the criteria for clarity, relevance, and
persuasiveness. This study emphasizes the importance of
developing and validating the content of motivational messages,
grounded in theory, across the 4 possible response states in
terms of high/low efficacy and threat perceptions. We expect
the potential impact of these message sets will come from
serving as a resource for different IS solutions or mHealth
interventions targeted at increasing CPAP usage/adherence
among patients with OSA. Through the evaluation of these IS
solutions or mHealth interventions, more insights will be gained
on the efficacy and effectiveness of messages on CPAP
adherence.
This study has some limitations. First, there is a selection bias
for the experts’ responses in phase 2. All experts had clinical
and/or research expertise, but most of those who participated
in relevance content validation were research experts (ie, either
professors or PhD candidates) from different disciplines.
However, most of the experts who participated in the clarity
content validation were clinical experts in the field of
pulmonology and/or sleep medicine. As the experts were derived
from different disciplines, and each message set was evaluated
by different experts (3 experts evaluated each set), there is a
potential for selection bias. Second, the majority of patients
with OSA who participated in the perceived persuasiveness
testing (phase 3) were white and women. Finally, the small
sample size is based on a convenience sampling technique.
Having a small sample size limited the variety of statistical
techniques that could be used. However, this study was not
intended to generalize the results to a larger population; thus,
considering the available resources, using convenience
purposeful sampling was applicable in this case. Purposively
enrolling participants will encompass a range of perspectives
and views regarding the constructed messages.
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Abstract
Background: Digital health care is increasingly used to improve health service accessibility and reduce costs. Remote health
care requires a significant self-management role for service users, and this generates information provision and support needs
that should be reflected in service planning. SMS text messaging offers a convenient and low-cost method of communication and
is increasingly used across digital health care services to provide remote support.
Objective: The aim of this study was to quantify the number of messages generated through user interaction with a two-way
SMS text messaging support service within an online sexual health service and to thematically explore the content of the messages
and type of support required to facilitate self-management.
Methods: The content of all SMS text messages received by an online sexual health service was analyzed from April 4, 2018,
to July 5, 2018. Messages were classified as being either administrative or clinical in nature and service or user initiated. For
those messages that were both clinical and user initiated, a qualitative thematic analysis was completed to fully describe the
content of the interactions.
Results: A total of 267 actionable messages were generated per 1000 orders requested through the service. Of the 8562 messages,
5447 (63.62%) messages were administrative and 3115 (36.38%) were clinical. Overall, 4306 of the 8562 messages (50.29%)
responded to service-generated queries reflecting the public health and clinical responsibilities of an online provider, and 4256
(49.71%) were user-generated queries, demonstrating a willingness by users to proactively engage with a two-way SMS text
messaging support service. Of the 3115 clinical messages, 968 (31.08%) clinical messages were user initiated and shared personal
and complex clinical information, including requests for help with the self-testing process and personalized clinical advice relating
to symptoms and treatment.
Conclusions: This study demonstrates the willingness of users of an online sexual health service to engage with two-way SMS
text messaging and provides insight into the quantity and nature of the support required to facilitate service delivery and self-care.
Further work is required to understand the range of clinical problems that can be managed within this medium.
(JMIR Mhealth Uhealth 2020;8(8):e17191) doi:10.2196/17191
KEYWORDS
SMS; text message; digital health; sexual health; self-care; mobile phone

Introduction
Digital health care is used to improve health service accessibility
and reduce costs, and online health services are increasingly
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part of a “digital first” National Health Service (NHS) [1,2].
Sexual health services have been important innovators in this
field, with online testing for sexually transmitted infections
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(STIs) and online contraception now available in many parts of
the United Kingdom.
Digital health services require users to take on new
responsibilities for self-care, such as self-taken finger prick
blood samples or interpreting results of tests completed at home,
and these new roles require additional support [3,4]. This support
may be delivered through a wide range of media, including
telephone, video conversations, and messaging. Telephone and
video conversations were used in early self-care services,
possibly because the synchronous and voiced-based elements
of these media reproduced face-to-face conversations more
closely; however, health services are now progressively using
text-based and asynchronous media for remote communications.
SMS text messaging is increasingly used within face-to-face
sexual health services to provide test results, information, and
support. One-way and two-way text messaging support is
convenient, confidential, and anonymous. It is also low cost
and accessible, especially to young people [5-9]. One-way
messaging (usually service to user) is more commonly used
than two-way messaging, and standardized messages appear to
have less impact then tailored and customized messages [10].
There have been small-scale pilots of support via text messaging
to facilitate self-care within online services [11-13]. However,
there has been no evaluation of this type of support when
delivered at scale. This gap in the evidence is important, as
those providing online services need information about the
number and type of messages generated to inform service
planning, including staff time and expertise required.
This study reports an analysis of the use of two-way SMS text
messaging support within a large online sexual health service.
We used both quantitative and qualitative methods to understand
(1) the volume of SMS text messages generated through user
interaction with the service and (2) the nature of the messages
sent by users and type of support required to facilitate service
delivery and self-management.

Methods
Study Setting
We studied digital communication within a large digital sexual
health service based in the United Kingdom. SH:24 is an online
sexual health provider that offers self-sampling for STI tests,
chlamydia treatment for users who test positive, and online
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contraception [14]. SH:24 is a community interest company
that is commissioned by the NHS to provide services in 35
regions across the United Kingdom. The service was recently
expanded to offer Fettle, a paid-for service for people living
without a public sector–commissioned online service and who
choose to have their care this way. SH:24 was designed to be
integrated with face-to-face services and to work as part of the
whole system of sexual health care [4], ensuring that users are
appropriately referred between online- and clinic-based services
according to clinical need.
The SH:24 and Fettle service is provided through an online
portal. Users access the portal via a website to order sexual
health tests, treatment, or oral contraception. Users are required
to submit personal information as part of the ordering process
when relevant to the service requested. For example, a sexual
behavior history is required for sexual health testing and a
medical history is required for contraception orders. Sexual
health test kits are delivered to the user’s home, and users take
their own samples; this is usually a finger prick blood test, plus
a self-taken vaginal swab for women or a urine sample for men.
Samples are mailed by users directly to the laboratory and results
are provided by SMS or a telephone call, depending on the
infection identified. Treatments (for simple chlamydia infection
and oral contraceptives) are prescribed based on test results and
an online medical history. After prescription by a UK General
Medical Council–registered doctor, treatments are dispensed
and mailed to users by a UK-registered online pharmacy. The
service is available 7 days a week and, at the time of this study,
clinical support for the service was provided by a team of 3
specialist sexual health nurses and 1 clinical support worker.
The clinical team has since expanded, as demand for the service
has increased.
Once an order has been submitted, SMS text messaging is the
primary medium for communication between service and user.
SMS text messages have multiple functions within the service,
from resolving logistical queries between the service and users
to providing important health promotion information or guidance
about self-management tasks, such as self-sampling or taking
treatment. Two-way communication is encouraged and messages
end with the option to contact the clinical team for additional
information (see Textbox 1). Users can contact the clinical team
at any time by replying to a message. Telephone consultations
are used to provide reactive HIV results and are offered as part
of the risk assessment process for safeguarding concerns.
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Textbox 1. Examples of SMS text messages to support self-sampling and promote hepatitis B vaccination for men who have sex with men. GP: general
practitioner.
Example self-sampling text message
“Hello. The Royal Mail should deliver your test kit within the next 72hrs. Infections may not show up in tests immediately after exposure, so it's
important you test at the right time. If you are taking a blood test, we recommend taking it 4 weeks after your potential exposure - you can watch a 2
minute video to help you take a blood sample here: bit.ly/bloodtestSH24. If you are ONLY testing for chlamydia and gonorrhoea, we recommend
taking the test 2 weeks after a potential exposure. Check the best time to take your test here: bit.ly/when2. Text back if you would like help. Thanks,
SH:24”
Example hepatitis B vaccination text message
“Hello, you have told us that you have not been vaccinated against hepatitis B. Men who have sex with men can get vaccinated for free at any sexual
health clinic or GP surgery. Hepatitis B is carried in blood so can be transmitted through having sex with someone who has the virus. Someone who
has hepatitis B may appear well, whilst for some people, the infection can be long-lasting and lead to serious liver disease. Having a course of 3
hepatitis B vaccinations is the best way to protect yourself from the infection. Find your local sexual health clinic:
https://www.nhs.uk/service-search/other-services/Sexual-health-information-and-support/LocationSearch/734. If you have any questions please reply
to this message, your text will be read by a member of our clinical team. Thanks, SH:24”

Data Collection
We used routinely collected data to describe the demographics
of users of SH:24 and Fettle between April 4, 2018, and July
5, 2018. These data are collected every time an order is placed
with the service, including when multiple orders are generated
by a single user. We extracted the text of all incoming SMS text
messages received by SH:24 and Fettle during this time period.
The data received contained the content of the message only;
there were no details about the sender, their service use, or the
time or date of sending. It was not possible to differentiate
between text messages sent by users of SH:24 and text messages
sent by users of Fettle unless this was specifically referred to
in the content of the message.

Analysis
Demographic data were analyzed using Stata 15 (StataCorp
LLC) in terms of age, sex, sexuality, and ethnicity. This analysis
was done at the aggregate level to describe the population per
order placed, not per individual user.
The SMS messages were analyzed by 3 members of the research
team (SS, AM, PB). Messages were categorized by qualitative
content and all messages were included in the initial analysis.
Through initial reading and rereading of the messages, we
developed a simple classification to describe them: (1)
administrative or clinical and (2) user generated or service
generated.
First, administrative messages were defined as those that
required no clinical knowledge by the online support staff to
reply to or act on. Clinical messages were defined as all
messages that would require clinical knowledge by the online
support staff to respond to or act on.
Second, service-generated messages were defined as messages
that had been sent by users in response to a question asked by
the service. User-generated messages were defined as those
with content indicating they had been sent by the user without
an initial prompt from the service.
The full data set was then coded according to this system.
Messages containing content of no identifiable meaning or
purpose were discarded at this stage and excluded from further
analysis. The frequencies of different categories of text message
http://mhealth.jmir.org/2020/8/e17191/
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were calculated to describe the volume of SMS text messages
generated through user interaction with the service and the
nature of the messages sent by users.
For messages that were categorized as both clinical and user
generated, we completed a qualitative thematic analysis to fully
describe the content of the interactions. This involved the
research team reading and rereading all messages with an
iterative process of theme generation, discussion, and
development until a comprehensive structure for describing
these data was developed and agreed upon by all the researchers
involved in coding (SS, AM, PB). Initial coding frameworks
were modified and refined during this process until the team
agreed that the final framework effectively reflected the content
of the SMS conversations analyzed. The final coding structure
included 4 main themes and multiple subthemes. The main
themes from the final coding analysis were (1) requests for
personal support with the self-management process, (2) requests
for help with personal assessment of risk of infection, (3)
requests for help interpreting test results, and (4) requests for
personalized clinical advice.
A final round of thematic analysis was completed within each
category to describe and interpret the material within each main
coding theme. When direct quotes were used to illustrate
messages, we altered small details of the text to maintain
confidentiality without changing the sense or tone of the
message.

Ethics
Approval was obtained as a part of an MSc project from the
Health Research Authority Research Ethics Committee
(reference: 18/HRA/0128; Integrated Research Application
System project ID: 224808).

Results
Characteristics of Text Message Service Usage
Between April 4, 2018, and July 5, 2018, there were 38,033
orders requested through the service. Of the 38,033 orders,
34,494 (90.69%) were placed through SH:24 and 3539 (9.31%)
through Fettle. The demographics of the users who created the
orders are shown in Table 1.
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Table 1. User demographics for orders requested between April 4, 2018, and July 5, 2018 (N=38,033).
Characteristic

Orders, n (%)

Age group (years)
16-17

749 (1.97)

18-24

16,477 (43.32)

25-34

15,316 (40.27)

35-54

5077 (13.35)

55+

414 (1.09)

Gender
Female

23,033 (60.56)

Male

15,000 (39.44)

Ethnicity
White

24,402 (64.16)

Black/African/Caribbean/Black British

3929 (10.33)

Asian/Asian British

969 (2.55)

Mixed/multiple ethnicity

2172 (5.71)

Other

2560 (6.73)

Not known/prefer not to say

462 (1.21)

Not asked

3539 (9.31)

Sexual preference of female users
Men and women

1046 (4.54)

Men

21,499 (93.34)

Women

488 (2.12)

Sexual preference of male users
Men and women

750 (5.00)

Men

2584 (17.23)

Women

11,666 (77.77)

A total of 10,152 incoming SMS text messages were received
during the 3-month time period. After the initial analysis, 1590
messages were discarded due to insufficient content. This
included messages containing characters or words that did not
make grammatical sense, for example “;;; I,” and those that
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consisted only of generic conversational words or phrases, such
as “thank you,” “hello,” or “ok.” Of the remaining 8562 SMS
text messages, 5447 (63.62%) were classified as administrative
and 3115 (36.38%) were classified as clinical (Figure 1).
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Figure 1. Results of quantitative analysis.

Of the 5447 administrative messages, 2159 (39.64%) were
service generated to facilitate the running of the service, for
example messages confirming user age or address and messages
sent in reply to queries from the support team about unused test
kits:
Yes that is the correct address.
Yes sorry, hectic time recently!! Will send it off
tomorrow, thanks.
A total of 3288 of the 5447 administrative messages (60.36%)
were user generated. The majority of these contained logistical
queries about user orders, typical of those asked for any online
order service:
HI I posted my kit today when do I get results?
Can I track delivery and will I need to sign for it. And
will “fettle” appear on packaging?
There were also queries about the services provided at SH:24
and messages from users wanting help navigating sexual health
services:
Do you do pregnancy tests?
Can you tell my blood type?
I visited the clinic before and they told me just to get
a kit, that was couple of months ago now so I'm a bit
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hesitant about attending and being told the same thing
again.
Hi there, could you please recommend a clinic that
can do an instant HIV test?
Of the 3115 messages that were classified as clinical messages,
2147 responded to service-generated questions that reflect the
public health role and clinical function of the service. This
included messages confirming that partner notification for STIs
had been completed or that treatment had been received and
taken and messages justifying a request to retest soon after a
previous positive test result:
Hello, yes I confirm I have taken the treatment and
experienced no vomiting or diarrhoea.
Hi I have had one but am still getting the symptoms.
Is it not possible to do one more? The wait to go to
the clinic is weeks. Thank you.
A total of 190 messages in this category contained responses
to service-generated clinical questions prior to prescribing oral
contraception or antibiotics:
Hi, I have been religiously taking my pill and am
definitely not pregnant.
Finally, there were a very small number of messages, a total of
24, sent in relation to a safeguarding risk assessment that is
completed during the online order process as part of the service’s
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17191 | p.309
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responsibility to identify and support vulnerable users,
particularly those younger than 18 years [15]. In these messages,
users were willing to disclose highly sensitive personal
information and were open to discussions about support through
messaging:
I got forced to have sex.
Hi. I'm not really sure what type of counselling I
require, just feel sad and like I am losing interest in
things.

Thematic Analysis of User-Initiated Clinical Messages
A total of 968 out of 3115 messages in the clinical category
(31.08%) were user initiated, and an in-depth thematic analysis
was completed on these data. The messages in this category
had an informal, conversational tone and shared personal, often
complex information. The thematic content analysis of these
messages identified 4 main subjects of requests for personal
support: help with the self-management of STI testing, help to
assess risk of infection, requests for support with interpreting
test results, and requests for personalized clinical advice.

Requests for Personal Support With the
Self-Management Process
Messages in this theme were sent by users with questions about
STI test self-sampling completion. These included procedural
and technical questions about using the kit:
How far do I insert the swab?
Hi, I got a test kit at the beginning of the year but
never got round to doing it, can I do it now?
The messages associated with blood test completion described
the difficulty that some users had completing self-sampling and
the new thinking that the process of a self-taken blood sample
generated:
Hi, I've just done the blood collection for the hiv
sample, and it took me a long time to fill the tube…my
blood is so thick and wouldn't flow out at all. I got a
bit worried, isn't it supposed to be more fluid and
liquid? Thx for letting me know something.
Hi. Can I only send vaginal swap sample? I fainted
when trying to take blood sample so I think it would
be better to it done at the clinic. Thanks?

Requests for Personal Assessment of Risk of Infection
These messages reflected the level of concern generated by the
possibility of STI transmission and the work that users did to
predict their chances of infection, even during the process of
testing. In these situations, complex descriptions were provided
to support the anticipated clinical assessment of their risk:
So I received oral sex from male that has chlamydia
but he contracted it through genital sex. He didn’t
give oral sex to the person he contracted it from and
when I received oral sex from him no fluids except
saliva were exchanged. Is there any chance that I
could receive chlamydia?
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Help With Interpreting Test Results
Many users required reassurance about the accuracy and
reliability of the tests when they received an unexpected result:
How accurate are these tests…My boyfriend tested
positive and got treatment. So i got tested with
yourselfs and the test I received the results from
showed negative?! This makes no sense?
Thank you, is that 100%? Or could I just not have
swabbed enough?
Other users needed support to understand the actual meaning
of the test results:
To clarify: my result was “negative”. Does this mean
I'm 100% sure about it being negative and there is
no need to repeat any test? Thanks.

Requests for Personalized Clinical Advice
Messages in this theme contained clinical information that
required a decision and response by a skilled health care
professional. The messages were mainly related to the more
complex services provided online (antibiotic treatment and
contraception) or to users experiencing symptoms of infection:
I have itching which I thought was thrush- would this
need additional treatment?
Hi I have white patches around my area down there,
there was a lot more than there is right now but I've
looked at them with a mirror and I'm really worried
now.
The answers to these queries would not be available on general
sexual health information websites and related to specific, often
complex, clinical circumstances.

Discussion
Principal Findings
This study provides insight into how people interact with a
two-way SMS text messaging support service within an online
sexual health service and demonstrates the quantity and nature
of support required to administer the service and facilitate
self-care by users. During the study period, 8562 actionable
SMS messages were received, corresponding to 267 messages
generated per 1000 orders requested. A total of 63.62%
(5447/8562) of the messages were administrative and 36.38%
(3115/8562) required action by a member of staff with clinical
knowledge.
Overall, 4306 of the 8562 actionable messages (50.29%)
responded to service-generated queries that reflect the public
health and clinical responsibilities of this service, and 4256
(49.71%) were user-initiated queries, demonstrating a
willingness by users to proactively engage with a two-way SMS
text messaging support service. In-depth analysis of the
user-generated clinical messages was completed to explore the
complexity of clinical questions asked by users over SMS. The
results demonstrated the acceptability of providing personal
information and discussing sensitive clinical matters using this
platform. The queries highlighted the gaps in skills (for
self-taken samples) and knowledge (to manage unanticipated
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
issues such as medication side effects) that are needed to
complete the self-care process.
The use of SMS to support personalized clinical communication
is part of a shift from remote communication by synchronous
and voice-based communication media, such as telephone or
video, to asynchronous and text-based media, such as SMS text
messaging. This option may be less intrusive or susceptible to
interruptions, more durable, and less likely to be subject to
distortion than voice-based alternatives, and it reflects a change
in the usage landscape of mobile devices [16,17]. The level of
SMS support required is significant and needs adequate
resourcing, and this should be built into new online service
development. Since the time this study was completed, the
combined SH:24 and Fettle service has expanded from
processing 38,000 orders in a 3-month period to a current
average of approximately 25,000 orders per month. The findings
of the study were used to inform service planning, as the demand
for online services increased. It is our experience that it takes
an average of 2 minutes to act on an SMS text message. We
calculate staff time per orders on the assumption that 25% of
user orders (across STI kits, treatment, and contraception) will
generate an incoming text message, based on the results of this
study. For example, 25,000 orders will require staff to answer
6250 messages. We assume that 60% of the messages will
require administrative action and 40% will require a response
from a clinically trained member of staff. Therefore, 25,000
orders translates to 125 hours of administrator time and 83.3
hours of clinical time. These calculations reflect time spent on
the dedicated SMS text messaging support service only and do
not include the other clinical and administrative tasks required

Shanks et al
in a service of this kind, such as telephone and email
communications, prescribing, and supporting partner
notification.
Text messaging solutions for health care have been successfully
adopted to assist with remote clinical monitoring, information
and education services, adherence to treatment or
self-management, and consultation [18]. We conclude that the
“digital first” plans for health care delivery would benefit from
a better understanding of the value of this type of support.
Further work is required to understand the range of clinical
problems that can be managed within this medium outside of
sexual health services.

Limitations
The main limitation of this study is that text messages could
not be identified by service user. This information would
determine what proportion of users engaged with the SMS
support service and whether there were differences between
users of a free or paid-for service. It would also enable patterns
of communication between service providers and individual
users to be examined. This information would not have altered
the findings of the current study; the relative amounts of
administrative and clinical support required for the online
service is dependent on the content and number of messages
received, not on the number of users responsible for sending
them. However, further studies could provide additional useful
insight into the volume and nature of user interactions with
online health services. The generalizability of our findings will
be variable across contexts depending on norms of SMS text
messaging use and stigma surrounding the discussion of sexual
health.
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Abstract
Background: The development of mobile health (mHealth) technologies is progressing at a faster pace than that of the science
to evaluate their validity and efficacy. Under the International Committee of Journal Medical Editors (ICMJE) guidelines, clinical
trials that prospectively assign people to interventions should be registered with a database before the initiation of the study.
Objective: The aim of this study was to better understand the smartphone mHealth trials for high-burden neuropsychiatric
conditions registered on ClinicalTrials.gov through November 2018, including the number, types, and characteristics of the studies
being conducted; the frequency and timing of any outcome changes; and the reporting of results.
Methods: We conducted a systematic search of ClinicalTrials.gov for the top 10 most disabling neuropsychiatric conditions
and prespecified terms related to mHealth. According to the 2016 World Health Organization Global Burden of Disease Study,
the top 10 most disabling neuropsychiatric conditions are (1) stroke, (2) migraine, (3) major depressive disorder, (4) Alzheimer
disease and other dementias, (5) anxiety disorders, (6) alcohol use disorders, (7) opioid use disorders, (8) epilepsy, (9) schizophrenia,
and (10) other mental and substance use disorders. There were no date, location, or status restrictions.
Results: Our search identified 135 studies. A total of 28.9% (39/135) of studies evaluated interventions for major depressive
disorder, 14.1% (19/135) of studies evaluated interventions for alcohol use disorders, 12.6% (17/135) of studies evaluated
interventions for stroke, 11.1% (15/135) of studies evaluated interventions for schizophrenia, 8.1% (11/135) of studies evaluated
interventions for anxiety disorders, 8.1% (11/135) of studies evaluated interventions for other mental and substance use disorders,
7.4% (10/135) of studies evaluated interventions for opioid use disorders, 3.7% (5/135) of studies evaluated interventions for
Alzheimer disease or other dementias, 3.0% (4/135) of studies evaluated interventions for epilepsy, and 3.0% (4/135) of studies
evaluated interventions for migraine. The studies were first registered in 2008; more than half of the studies were registered from
2016 to 2018. A total of 18.5% (25/135) of trials had results reported in some publicly accessible location. Across all the studies,
the mean estimated enrollment (reported by the study) was 1078, although the median was only 100. In addition, across all the
studies, the actual reported enrollment was lower, with a mean of 249 and a median of 80. Only about a quarter of the studies
(35/135, 25.9%) were funded by the National Institutes of Health.
Conclusions: Despite the increasing use of health-based technologies, this analysis of ClinicalTrials.gov suggests that only a
few apps for high-burden neuropsychiatric conditions are being clinically evaluated in trials.
(JMIR Mhealth Uhealth 2020;8(8):e16180) doi:10.2196/16180
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Introduction
The field of mobile health (mHealth), broadly defined as health
care interventions that are delivered by mobile devices such as
smartphones and tablets, is growing rapidly. Currently, there
are over 325,000 mHealth apps [1], and the field of mHealth
continues to attract new market entrants (28% of digital health
practitioners have less than 2 years of industry experience) [1].
In addition, the global mHealth app market size is expected to
hit 236 billion by 2026 [2]. mHealth apps claim to have varied
purposes, from improving treatment adherence to increasing
physical activity, to supplementing in-person counseling, and
much more. The development of mHealth technologies is
currently progressing at a much faster pace than that of the
science to evaluate their validity and efficacy [3]. Thus, it is
possible that ineffective or even harmful mHealth technologies
might enter clinical practice without adequate evaluation [4].
For example, many apps make scientific claims on the app
stores, but less than 2% of the apps can offer clinical evidence
to back such claims [5]. The topic of digital health regulation
by the Food and Drug Administration in the United States has
been a news story since the fall of 2019 when it was discussed
by a presidential candidate.
Currently, one path to increase scientific validity and
transparency in the digital health space is through the
mechanisms in place around publication. Since 2005, a condition
of consideration for publication in the International Committee
of Journal Medical Editors (ICJME) has been prospective
registration of clinical trials. The ICJME defines a clinical trial
as “any research project that prospectively assigns people or a
group of people to an intervention, with or without concurrent
comparison or control groups, to study the relationship between
a health-related intervention and a health outcome.” Trial
registration is supposed to occur “in a public trials registry at
or before the time of first patient enrollment.” Registration
requirements are intended to prevent well-documented problems
that arise when the results of the trials are either unreported or
are selectively reported [6]. A majority of the clinical trials are
registered at ClinicalTrials.gov, a division of the US National
Library of Medicine [7]. It is also possible to post trial results
on ClinicalTrials.gov, although such posting is only required
for certain studies. When reporting requirements apply, the
results must generally be posted no later than 1 year after final
data collection for the primary outcome [8].
Previous examinations of ClinicalTrials.gov have provided
details on the types of studies being conducted in various fields
and the various aspects of such studies, for example, location,
number of study participants, interventions, and funders [9,10].
As is the case with clinical trials, in general, it is likely that
many trials of mHealth interventions are not compliant with the
requirements for trial registration. Selective reporting of results
is of special concern in mHealth studies as they often collect
vast amounts of data from surveys and sensors—often millions
of data points from smartphone sensors and wearables. This
https://mhealth.jmir.org/2020/8/e16180
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creates many opportunities for both intentional and inadvertent
systematic errors or biases in ongoing data collection, analysis,
and interpretation. Prospective trial registration is an important
protection against such mistakes, as well as a safeguard against
intentional abuse.
However, the characteristics, number, and quality of registered
trials of mHealth interventions for most therapeutic areas,
including neuropsychiatric disorders, are unknown. According
to the 2016 World Health Organization (WHO) Global Burden
of Disease Study [11], the top 10 most disabling noninfectious
neuropsychiatric conditions are, in the following order of
ranking, (1) stroke, (2) migraine, (3) major depressive disorder,
(4) Alzheimer disease and other dementias, (5) anxiety disorders,
(6) opioid use disorders, (7) alcohol use disorders, (8) epilepsy,
(9) schizophrenia, and (10) other mental and substance use
disorders. For these conditions, we sought to evaluate the (1)
number of mHealth trials of smartphone interventions registered
on ClinicalTrials.gov; (2) study characteristics, for example,
location of the study, type of interventions studied, number of
study participants, length of study, and funder (National
Institutes of Health [NIH] or other), among other characteristics;
(3) frequency and timing of any outcome changes in the trial
registry; and (4) the proportion of such studies that had reported
results on ClinicalTrials.gov or in journal publications.
Neuropsychiatric disorders comprise a broad range of medical
conditions involving neurologic or psychiatric disturbances,
including mental and behavioral disorders. Globally, they are
the third leading cause of disability-adjusted life years (DALYs)
[12,13]. Neuropsychiatric conditions are likely to be particularly
amenable to mHealth interventions as their treatment may
involve behavioral therapies and efforts to improve medication
adherence, and there is a great need for scalable and accessible
interventions [14-16].

Methods
According to the 2016 WHO Global Burden of Disease Study,
[11] the following comprised the top 10 most disabling
neuropsychiatric conditions worldwide: (1) stroke, (2) migraine,
(3) major depressive disorder, (4) Alzheimer disease and other
dementias, (5) anxiety disorders, (6) alcohol use disorders, (7)
opioid use disorders, (8) epilepsy, (9) schizophrenia, and (10)
other mental and substance use disorders (Multimedia Appendix
1 [17-149]). These conditions were searched for in
ClinicalTrials.gov, along with smartphone-based keyword terms,
and data were abstracted accordingly.
Data were summarized descriptively. Of note, we examined the
reporting of results using two different methods. In the first
method, for studies registered 3 or more years prior, we
examined how many of these studies reported results either via
one or both of the following: results reported on
ClinicalTrials.gov or results automatically indexed to
ClinicalTrials.gov. In the second method, we examined the
studies marked completed on ClinicalTrials.gov by October
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2017 (1 year before the date of data abstraction) and then
examined which of those studies reported results either on
ClinicalTrials.gov and/or had results automatically indexed to
ClinicalTrials.gov.
We also analyzed whether there were any associations among
(1) the number of study participants and study completion status,
(2) the number of study participants and study results reporting
status (3), the length of study intervention and completion status,
and (4) the length of study intervention and results reporting
status. We utilized t tests and regression models to analyze the
results. A statistical analysis was conducted in the R
programming environment (version R 3.6.1; The R Foundation).
Per the self-documentation form from the New York University
(NYU) School of Medicine (SOM), the research did not involve
human subjects. Thus, consistent with the NYU SOM
institutional review board (IRB) policy and federal regulations
governing human subject research, an IRB review was not
required.
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Results
A total of 135 studies on ClinicalTrials.gov met the search
criteria. As shown in Multimedia Appendix 2
[17-64,66-82,84-114,116-133,135-141,143-153], the number
of studies registered for each neuropsychiatric condition that
used a smartphone for an intervention was as follows: major
depressive disorder (n=39), alcohol use disorders (n=19), stroke
(n=17), schizophrenia (n=15), anxiety disorders (n=11), other
mental and substance use disorders (n=11), opioid use disorders
(n=10), Alzheimer disease and other dementias (n=5), epilepsy
(n=4), and migraine (n=4). Multimedia Appendix 1 shows the
key findings for the various apps, including the myriad of
purposes they served. They ranged from promoting rehabilitation
and diet to medication adherence, symptom tracking, cognitive
behavioral therapy, and more.
A breakdown of the studies is provided in Table 1. The altered
outcomes have been described in Table 2.
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Table 1. Breakdown of study status, results reporting, location of studies and National Institutes of Health funding.
Characteristicsa,b All condi- Stroke
tions

Migraine

Major de- Alzheimer Anxiety
pressive
disease
disorders
disorders and other
dementias

Alcohol
Opioid
use disor- use disders
orders

Epilepsy

Schizophrenia

Other
mental
and substance
use disorders

Number of apps,
n

135

17

4

39

5

11

19

10

4

15

11

Not yet recruiting

19

0

2

5

3

0

1

4

0

2

2

Recruiting

40

8

2

9

1

2

7

3

2

3

3

Enrolling by 7
invitation

1

0

0

1

2

1

0

1

0

1

Active, not
recruiting

7

1

0

4

0

0

1

0

0

1

0

Completed

59

7

0

21

0

8

7

3

1

9

4

Unknown

3

0

0

0

0

0

2

0

0

0

1

Status of study, n

Number of participants estimated
Mean (SD)

1078.64
222.06 131
(9088.35) (470.64) (52.57)

199.74
(347.83)

196
(175.23)

629
439.59
(1640.23) (866.02)

144.8
25066.25 102 (92.31)
(205.22) (49955.84)

234.10
(241.73)

Lowest;
highest, n

8;
100,000

15; 2000

52,448

8; 5000

9; 600

40; 800

Median
(IQR)

100 (150) 80 (160) 117 (68) 103 (123) 142 (147) 70 (110)

8; 2000

90; 200

30; 3600

65;
100,000

36; 260

105 (210) 64.5
(105.5)

100
42.5 (113)
(24983.75)

100
(303.5)

Number of participants actual
Mean (SD)

242.19
(586.02)

301.55 N/Ac
(657.80)

208.38
(426.21)

20 (N/A)

51.4
(41.52)

683.71
67
(1356.83) (79.20)

95 (N/A)

92.3 (75.69)

322.33
(123.44)

Lowest;
highest, n

10; 3702

20;
2274

N/A

11; 2010

20; 20

10; 105

15; 3702

11; 123

95; 95

27; 255

180; 400

Median
(IQR)

80
(137.25)

100
(145)

N/A

84.5
(105)

20 (0)

40 (66)

58
(395.5)

67 (56)

95 (0)

59.5 (91.25)

387 (110)

Number of days of intervention
Mean (SD)

149.26
(199.76)

155.88 173.75 104.44
(137.44) (138.29) (92.29)

202.2
(241.06)

198.91
(540.84)

125.90
(114.42)

158.6
112.25
(227.36) (47.282)

189.93
(166.73)

205.18
(145.18)

Lowest;
highest, n

0.0083;
1825

1; 456

28; 548

0.00;
1825

7; 365

7; 730

84; 183

30; 548

30; 548

Median
(IQR)

84 (127)

91 (187) 137
84 (66)
(146.25)

42 (337)

14 (76)

84 (78.5)

56
(121.5)

91
(24.75)

168 (95.5)

183
(80.5)

1

1

0

0

0

0

0

0

0

0

0

Asia and Pa- 8
cific

3

0

0

1

0

3

0

0

1

0

Central+South
America

5

0

0

4

0

1

0

0

0

0

0

Europe

28

6

0

7

1

2

5

0

1

4

2

Middle East

2

0

0

0

0

1

0

0

0

1

0

7

4

30

3

7

11

10

4

11

9

56; 365

1; 395

Regional distribution, n
Africa

North Ameri- 96
ca
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Characteristicsa,b All condi- Stroke
tions

Migraine

Major de- Alzheimer Anxiety
pressive
disease
disorders
disorders and other
dementias

Alcohol
Opioid
use disor- use disders
orders

Epilepsy

Schizophrenia

Other
mental
and substance
use disorders

Study marked as
National Institutes of Health
funded, n

0

14

3

0

3

3

35

3

1

3

5

a

Publication automatically indexed to the study by ClinicalTrials.gov identifier (NCT number) containing information pertaining to study without results.

b

Publication automatically indexed to the study by ClinicalTrials.gov identifier (NCT number) containing information pertaining to study with results.

c

N/A: not applicable.
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Table 2. Altered outcomes.
Disorder and study titlea

Altered outcomes

Stroke
Effects of Patient-centered Stroke Educating System: A
Randomized Controlled Trial [152]

•

Original Primary Outcome Measures (submitted: October 28, 2015): Stroke
Health Education Knowledge (time frame: 2 weeks) Changed August 16, 2018:
Stroke Health Education Knowledge Questionnaire (time frame: 4 weeks)

Empowerment and Mobile Technology in the Control of
Cardiovascular Risk Factors in Patients with Ischemic
Stroke (CARDIOSTROKE) [24]

•

Original Primary Outcome Measures (submitted: October 17, 2018) was Atrial

•

Fibrillation (3 weeks) as detected in a 3-week ECGb monitoring period and
Systolic/diastolic blood pressure (time frame: 12 months) measured as difference
in systolic/diastolic blood pressure.
Current Primary Outcome Measures (submitted: October 18, 2018) are Number
of Participants with New Atrial Fibrillation and Change in Blood Pressure.
Current Secondary Outcome Measures (submitted: October 18, 2018)-Number
of participants was added before new cardiovascular events within 12 months
and new cardiovascular events within 36 months.

•

Migraine
•

Changed December 29, 2017: Proportion of patients who enrolled in the
study/were recruited for the study was eliminated as a primary outcome measure.
Satisfaction using Likert scale questions on RELAXaHEAD usability, content,
functionality was added as a primary outcome measure.

mHealth for Antenatal Mental Health [112]

•

Submitted September 9, 2016: Adherence to sampling protocol (time frame:
assessed after 6 months) was added as a primary outcome measure.

Text-Message-Based Depression for High-Risk Youth in
the ED [41]

•

Submitted: January 5, 2015: Δ in Depressive Symptoms was the primary outcome
measure. Submitted November 7, 2017- Δ in Peer Violence Involvement was
added as a primary outcome measures.
Submitted January 5, 2015-original secondary outcome measures was Δ in Peer
Violence Involvement.
Submitted January 5, 2015: Acceptability/Feasibility: Follow Up Rate, Acceptability/Feasibility: Engagement of Intervention Group and Acceptability/Feasibility: Participant Questionnaire were the secondary outcome measures.

RELAXaHEAD for Headache Patients [33]

Major depressive disorder

•
•

Behavioural Activation-Based Treatment Administered
Through Smartphone [114]

•

•

Original Primary Outcome Measures (submitted: October 31, 2011) was the
Montgomery Asberg Depression Rating Scale-Self Rated (MADRS). Current
Primary Outcome Measures (submitted: March 22, 2013) is the PHQ-9c and
Beck Depression Inventory (BDI).
Original Secondary Outcome Measures (submitted: March 22, 2013) was the
QOLId, AAQe, BAIf and TIC-Pg. Current Secondary Outcome Measures (submitted March 22, 2013) eliminated the AAQ and BDIh as secondary outcome
measures.

Mobile Technology to Engage and Link Patients and
Providers in Antidepressant Treatment (MedLink) [116]

•

•

https://mhealth.jmir.org/2020/8/e16180

XSL• FO
RenderX

Original Primary Outcome Measures (submitted: October 20, 2015) was Adherence to Antidepressant Medication measured as the number of days medication
was taken when a dose was expected. Current Primary Outcome Measures
(submitted: February 14, 2018) is Adherence to Antidepressant Medication
measured through % of days adherent on Wisepill pillbox as well as self-reported
adherence.
Original Secondary Outcome Measures (submitted: October 20, 2015) was
changes in depression measured through self-report PHQ-9 and usability measured through Likert scale ratings. Current secondary outcome measures (submitted: February 14, 2018) is the PHQ-9 and Quick Inventory of Depressive
Symptomology Clinician Rating (QIDS-C).
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Mobile Technology to Engage and Link Patients and
Providers in Antidepressant Treatment [117]

Minen et al
Altered outcomes
•

•

Lifestyle Intervention for Young Adults with Serious
Mental Illness [57]

•
•

Treating Depression on a Day-to-day Basis: Development •
of a Tool for Physicians Based on a Smartphone Application [122]

Original Primary Outcome Measures (submitted: July 24, 2013) was Adherence
to Medication as measured by when the provided pill bottle is opened to remove
a dose of medication and Δ in Depression Over Time through the PHQ-9. Current
Primary Outcome Measures (submitted: January 12, 2015) is measured as Adherence to Antidepressant Medication measured as the frequency of medication
usage from baseline to end of treatment.
Original Secondary Outcome Measures (submitted: July 24, 2013) was Presence
of Side Effects and Δ s Over Time measured by the Patient Rated Inventory of
Side Effects (PRISE) and Frequency, Intensity and Burden of Side Effects
Rating (FIBSER). Current Secondary Outcome Measures (submitted: January,
12 2015) is changes in depression measured as the severity of depressive
symptoms from baseline to end of treatment.
Submitted: June 27, 2016
Δ in serum lipids was added as a current secondary outcome measures.
Original Primary Outcome Measures (submitted: September 18, 2018) was
comparison between the two groups of the number of participants with a decrease
in HDRSSi scores of at least 50% at 8 weeks. Current Primary Outcome Measures (submitted: September 20, 2018) is a greater clinical response in the active
group (smartphone application) comparatively to the comparator group (clinical
response was defined as a decline in HDRS-17j score greater than 50%).

Using Mental Health Telemetry to Predict Relapse and Re- •
hospitalization in Mood Disorders (PATH-MOD) [54]
•

Submitted: November 21, 2014
Quality-of-Life in Bipolar Disorder was added as a Primary Outcome Measures.

IntelliCare: Artificial Intelligence in a Mobile Intervention •
for Depression and Anxiety (AIM) [125]

Original primary outcome measures (submitted: June 25, 2014) were changes
in depression severity, adherence to mobile application intervention and changes
in anxiety. Current Primary Outcome Measures (submitted: February 14, 2018)
are the PHQ-9 and GAD-7k. Original Secondary Outcome Measures was participant satisfaction. Current Secondary Outcome Measures is the Mean Number
of Treatment App Use Sessions by Study Week.

•

Original Primary Outcome Measures (submitted: June 28, 2013) was Depression,
Anxiety and Stress, an instrument that measures clinical indices of depression
and anxiety as well as acute stress. Current Primary Outcome Measures (submitted: July 27, 2016) is the Depression Anxiety and Stress Scale (DASS).

Technology Assisted Programs that Promote Mental Health •
for Teenagers (ProjectTECH) [48]

Original Primary Outcome Measures (submitted: July 30, 2013) were Depression
(Time Frame: Throughout participation, lasting up to 26 weeks) as measured

Enhancing Delivery of Problem Solving Therapy Using
SmartPhone Technology [128]

by the CES-Dl and MINIKid and Usability of the Program as measured by the
Usefulness, Satisfaction and Ease of Use Questionnaire survey
•

Original Secondary Outcome Measures (submitted: April 19, 2012) was preliminary indicators of program efficacy (Time Frame: 12 weeks) measured by the
1. Depression Knowledge Test 2. Skill Self Efficacy Questionnaire 3. The
Therapeutic Alliance Scale for Adolescents 4. The Cognitive Therapy Scale 5.
Acceptance Questionnaire

Mobile Phone Sensing and Outreach as Adjuncts to Internet •
Based Behavior Intervention for Depression [129]

Original Primary Outcome Measures (submitted: April 19, 2010) was Depression, as assessed by Quick Inventory of Depressive Symptoms, PHQ-9 and the
Mini International Neuropsychiatric Interview Major Depressive Disorders
Module (Time Frame: Measured as baseline, 4 and 8 weeks)
Original Secondary Outcome Measures (submitted: April 19, 2010) was Utilization-Adherence markers for the mobile phone (eg-number of responses to
prompts for information) the website (Time frame: Measured from baseline to
8 weeks), Positive Affect, Anxiety (GAD-7) and Health-Related Quality of
Life.

Study of Technology-assisted Treatment of Adolescent
Depression (iTAD) [49]

•

Effectiveness of a Technology Assisted Behavioral Intervention in Assisting People with Major Depressive Disorder
[50]
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•

Original Primary Outcome Measures (submitted: July 18, 2008) was Depression,

•

as assessed by HRSDm, PHQ-9 and SCID and Attrition (in arms with i-CBTn)
Original Secondary Outcome Measures was i-CBT utilization (eg, number of
logins, average visit length, total time spent on the site, number of exercises
completed), Health-Related Quality of Life (SF-36Vo) and Patient Satisfaction
(Satisfaction Index-Mental Health)

Online Peer Networked Collaborative Learning for Manag- •
ing Depressive Symptoms (MoodTech) [51]

Original Primary Outcome Measures (submitted: July 20, 2016) was Depression
(Time Frame: Baseline to end of treatment) measured as the Δ in self-reported
depressive symptom severity from baseline to end of treatment and adherence
to the program measured as the number of times the program is accessed from
start to last use from baseline to end of treatment

Anxiety
Connection to Care: Pilot Study of a Mobile Health Tool
for Patients with Depression and Anxiety [131]

•

Original Primary Outcome Measures (submitted: July 13, 2015) were patient
acceptability as determined by qualitative interview, care manager acceptability
as determined by qualitative interview, patient report of usefulness as determined
by qualitative interview and care manager report of usefulness as determined
by qualitative interview. Current primary outcome measures (submitted: October
25, 2017) are app acceptability as measured by number of patient app users who
rate app easy to use and time spent reasonable, app acceptability as measured
by number of care manager dashboard users who rate dashboard easy to use
and time spent reasonable, app usefulness as measured by number of patient
app users who rate app easy to use and time spent reasonable and app usefulness
as measured by number of care manager dashboard users who rate dashboard
as useful.

Improving Medical Care With Electronic Interventions
Based on Automated Text and Phone Messages [132]

•

Current Secondary Outcome Measures (submitted: February 10, 2017)-Breastfeeding duration was added as a current secondary outcome measure.

Effect of Premedication Type on Preoperative Anxiety in
Children [77]

•

Current Primary Outcome Measures (submitted: August 13, 2018)-Mask acceptance (At anesthesia induction) was eliminated as a primary outcome measure
and added as a secondary outcome measure.

Using Smartphones to Enhance the Treatment of Childhood •
Anxiety [80]

Original Primary Outcome Measures (submitted: October 3, 2014) was the
Clinical Global Impression Improvement (CGI-I) defined as treatment response
at post treatment. Current Primary Outcome Measures (submitted: January 5,
2016) is the PARSp Treatment response. Original Secondary Outcome Measures
was the PARS and Screen for Childhood Anxiety Related Emotional Disorders
(SCARED). Current Secondary Outcome Measures is the Absence of diagnosis
on K-SADSq

Youth Mayo Clinic Anxiety Coach Pilot Study [81]

•

Current Primary Outcome Measures (submitted: July 30, 2014)-qualitative interview assessing subject safety and treatment adherence (Time frame: within
5 working days of treatment completion) was eliminated as a primary outcome
measure

ACT-smart: Smartphone-supplemented iCBT for Social
Phobia and/or Panic Disorder [82]

•

Current Primary Outcome Measures and Current Secondary Outcome Measures
(submitted: November 27, 2013)
All outcomes that listed month 24 after the treatment period in the time frame
were changed to month 36 after the treatment period.

•

Alcohol use disorder
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mWELLCARE: An Integrated mHealth System for the
Prevention and Care of Chronic Disease (mWELLCARE
[134]

•

Project Guard: Reducing Alcohol Misuse/Abuse in the
National Guard [88]

•

Updated August 8, 2016: No changes

Skills-Training for Reducing Risky Alcohol Use in App
Form [137]

•

Updated October 23, 2018: no longer looking for reduction in alcohol consumption

Changed September 12, 2016: no longer tracking 10-year risk of CHDr and
added tracking for alcohol use, fasting blood sugar, total cholesterol, CVDs risk,
and cost

Usefulness of Supportive Text Messages in the Treatment •
of Depressed Alcoholics [96]

Updated December 17, 2011: Becks Depression inventory Score was added,
and global assessment of function score was added

Epilepsy
Embrace: Seizure Characterization [39]

•

Updated June 22, 2018: Original measures not given

Schizophrenia
Development of a Mobile System for Self-Management of •
Schizophrenia (SOS) [60]

Updated June 2, 2016: No longer tracking medication adherence.

A New Paradigm for Illness Monitoring and Relapse Pre- •
vention in Schizophrenia [63]

Updated June 2, 2016: Now using BRPS to assess psychotic symptom severity
instead of PANSSt

Other mental and substance use disorders

a

Preventing HIV/STI in Urban Adolescents via an mHealth •
Primary Care Intervention [148]

Updated February 12, 2018: No longer tracking Δ in adolescent STIu testing.

CopeSmart: Using Mobile Technology to Promote Positive •
Mental Health In Young People [149]

Updated October 10, 2014: Changed to use Emotional Self-Awareness Scale.

Publication automatically indexed to the study by ClinicalTrials.gov identifier (NCT number) without results.

b

ECG: electrocardiogram.

c

PHQ-9: Patient Health Questionnaire-9.

d

QOLI: Quality of Life Inventory.

e

AAQ: Swiss Agency of Accreditation and quality assurance.

f

BAI: Beck Anxiety Inventory.

g

TIC-P: Trimbos and iMTA questionnaire on Costs associated with Psychiatric illness.

h

BDI: Beck Depression Inventory.

i

HDRSS: HDRS Hamilton Depressive Rating Scale.

j

HDRS-17: HDRS Hamilton Depressive Rating Scale.

k

GAD-7: General Anxiety Disorder-7.

l

CES-D: Center for Epidemiological Studies-Depression.

m

HRSD: Hamilton Rating Scale for Depression.

n

i-CBT: internet-based Cognitive Behavioral Therapy.

o

SF-36V: Satisfaction Index-Mental Health.

p

PARS: Pediatric Anxiety Rating Scale.

q

K-SADS: DSM 5 Diagnosis of Separation Anxiety, Social Anxiety, and Generalized Anxiety Disorder on the K-SADS interview.

r

CHD: coronary heart disease.

s

CVD: cardiovascular disease.

t

PANSS: Positive and Negative Syndrome Scale.

u

STI: sexually transmitted infection.

The second table shows that the studies were first registered in
2008, with more than half of the studies registered between
2016 and 2018. Across all 135 studies, the mean estimated
enrollment was 1078, although the median was only 100. Across
all 135 studies, the actual reported enrollment was lower, with
a mean of 249 and median of 80. Only about a quarter (35/135,
25.9%) of the 135 studies were NIH funded.
https://mhealth.jmir.org/2020/8/e16180
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Of the 135 studies included, only 9 (6.7%) studies reported their
results. A total of 16.9% (23/135) of studies had publications
automatically indexed to the ClinicalTrials.gov identifier
(Multimedia Appendix 1). Moreover, 18.5% (25/135) of trials
had results reported in some publicly accessible location (either
the results section of ClinicalTrials.gov or in publications
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indexed in databases, which were automatically associated with
the ClinicalTrials.gov identifier; Multimedia Appendix 1).
Of those studies that were registered more than 3 years ago (a
time frame the authors deemed reasonable given (1) the
generally short study interventions, (2) the rapidly changing
mHealth landscape, and (3) the 1-year time frame that
ClinicalTrials.gov gives to post results after study completion),
14.5% (8/55) of the studies had results posted on
ClinicalTrials.gov. The conditions and the number of studies
for which the results were published are stroke (1/11), major
depressive disorder (4/15), anxiety disorders (2/7), and
schizophrenia (1/6). Of the 135 studies, 33 (24.4%) studies that
altered their outcomes after the original outcome measures were
posted (Multimedia Appendix 2). Of the 135 studies, there were
45 (33.3%) studies that were marked completed by October
2017, 1 year before the search date. Of the 45 studies, 20 (44%)
had results reported in some publicly accessible location (either
the results section of ClinicalTrials.gov or in publications
indexed in databases, which were automatically associated with
the ClinicalTrials.gov identifier). Moreover, 15% (7/45) of
studies reported their results on ClinicalTrials.gov, and 30%
(14/45) of studies had publications automatically indexed to the
ClinicalTrials.gov identifier.
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automatically indexed to ClinicalTrials.gov. As stated earlier,
only 6.7% (9/135) of such trials that have been registered on
ClinicalTrials.gov have reported results. Overall, 18.5% (25/135)
of trials had results reported in some capacity (either under the
results section of ClinicalTrials.gov or through publications
indexed in databases, which were automatically associated with
the ClinicalTrials.gov identifier). Fifth, initially specified
outcomes were changed after trials commenced in a quarter of
all trials. Finally, study duration and sample size of those
enrolled are associated with the reporting results of studies.
More trials are being registered on ClinicalTrials.gov, given the
requirements for prospective registration as a condition of
publication. A previous study examined clinical trial registration
for 3 groups of disorders (ie, cardiovascular disorders, mental
health disorder, and oncologic disorders) that comprise the
largest number of DALYs lost in the United States. The authors
found that the number of trials submitted for registration
between October 2004 and September 2007 and then October
2007 and September 2010 increased by about 140% from 28,881
to 40,970 [9]. A study assessing trial registration revealed that
a few trials still reported on the trial registries [154]. However,
more researchers are learning about this requirement, hence the
expected increase in trial registrations.

There was a statistically significant relationship, as determined
by a two-sided t test, with studies reporting results having a
shorter mean duration (121.7 days) compared with studies never
reporting results (153.8 days; P<.001). There was also a
statistically significant relationship with studies reporting results
having lower actual enrollment (142.3 people) compared with
studies never reporting results (295.6 people; P=.01). There
was no statistically significant relationship between the
estimated enrollment at the time of study registration and never
reporting results. There was also no statistically significant
relationship between the status of a study and its estimated or
actual enrollment or length of intervention.

Despite the increase in trial registrations, only 135 trials met
the criteria for this study. Thus, a few apps for high-burden
neuropsychiatric conditions are being clinically evaluated in
the trials reported on ClinicalTrials.gov. A recent study of
top-funded digital health companies examined the number of
research studies collectively undertaken and found that of the
top 10 disease categories examined, 7 were neuropsychiatric.
However, none of these industry studies reported on the clinical
effectiveness of the digital health tools for these high-burden
conditions. Thus, although there is high interest in digital health
toward neuropsychiatric conditions, there is little registered
evidence that such apps on the market work [155].

Discussion

A majority of the studies were based in the United States,
followed by Europe. This is not because ClinicalTrials.gov is
based in the United States, as ClinicalTrials.gov accounts for
more than 80% of all the clinical studies in the WHO portal [9].
There may be fewer studies in Europe because of the newly
implemented General Data Protection Regulation in 2018, which
is a European Union (EU) law for the protection of data and
privacy for all individuals within the EU and the European
Economic Area. It also concerns the export of personal data
outside the EU.

Principal Findings
In this comprehensive analysis of registered mHealth studies
of interventions for disabling neuropsychiatric conditions, there
were 6 key findings. First, there has been a large increase in the
number of clinical trial registrations in the past 2 years; almost
half (44.5%) of the trial registrations were registered in the past
2 years. Thus, despite the increasing additions of health-based
smartphone apps [1], this snapshot of ClinicalTrials.gov suggests
that only a few such apps for high-burden neuropsychiatric
conditions are being clinically evaluated in trials. Second, the
studies were generally located in the United States, but a few
of the studies were funded by the NIH. Third, the study
characteristics were such that they would not generally be
considered as high-quality evidence and for use in guideline
recommendations because of small sample sizes and
heterogeneous interventions. Fourth, the mean study duration
has not changed with time, suggesting that long-term outcomes
are still not the focus of research. Despite the myriad of ways
in which results can be reported, a few trials had results reported
either as entered on ClinicalTrials.gov or as study results
https://mhealth.jmir.org/2020/8/e16180
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A few (26%) of the trials were NIH funded. This is not
surprising as much of the research in digital health has occurred
in the private sector. In 2016, 296 private digital health
companies received venture funding that totaled to more than
US $4.2 billion and approached US $6 billion in 2017 [155].
The 20 top-funded, private US-based digital health companies
were studied to analyze their products and services,
peer-reviewed evidence, and the potential for impact on patients
with high-burden conditions. Less than one-third (27.9%) of
the studies targeted patients with a high-burden condition. Only
16 (15%) studies assessed the clinical effectiveness of the
product or service, and only 8 (8%) studies assessed the clinical
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effectiveness of the product or service in a high-burden or
high-risk factor population. Only a small number of studies
published data, and interestingly, journals without impact factors
were the most common (31%) source of publications [155].
There was tremendous heterogeneity in the purpose of the use
of the apps not only across conditions but also within a given
condition. The most common purpose across all conditions was
symptom tracking and medication adherence. There were also
some studies based on skills learning, for example, cognitive
behavioral therapy or progressive muscle relaxation, and an app
was used to help with the delivery of these skills. A small
number of studies were designed to detect physical symptoms
or signs, such as atrial fibrillation and seizure, or enhance
communication with clinicians using apps connected to sensors
and/or devices. This latter intervention was to provide support
to patients, in some cases with the intent to prevent relapse or
indicate the degree of symptoms to potentially lead to a change
in medication management if warranted.
In terms of study design, the studies were generally small
(samples sizes<100). This study’s results were comparable with
the study examining the ClinicalTrials.gov registration of
interventional studies for cardiovascular disease, mental health,
and oncology, which found that 62% of the trials had an
anticipated enrollment mean of less than 100 [9]. This study’s
findings were also comparable with a study of trials conducted
by the top 20 funded digital health companies, which found that
51% of the studies had less than 100 participants [155]. Thus,
these studies will not be able to help in creating major guidelines
with high-quality evidence related to these disabling
neuropsychiatric conditions.
Although this study was not designed to assess why there is low
registration of trials, the potential reasons may include lack of
awareness and different prioritization in the app development
industry. “Given the diversity of stakeholders involved in
mHealth research, competing outcomes, priorities, funding, and
publication requirements may potentially mean some studies
are less likely to be registered” [156].
This study’s results are in line with previous work showing that
few studies reported published results on ClinicalTrials.gov. In
a study examining trial registration compliance in publications
related to headache, only 26% of all the studies that should have
been registered were indeed registered [154]. A recent study of
556 trial registrations on ClinicalTrials.gov showed that out of
all the trials in the study, 150 (27%) trials remained unpublished
5 years after the study completion dates [157]. There are a
number of potential reasons for the low publication rates. First,
the lack of reporting of negative results is a well-known
phenomenon in academic medicine [6,158,159]. For example,
some trials of triptans [160] and gabapentin [154,161] were
never published. Second, in mHealth, there are likely specific
challenges to publication, including high attrition rates, usability
issues, and lack of sufficient previous formative research [162].
Third, previous research has shown that clinical trials with large
sample sizes were more likely to be published
[154,158,162,163]. Many of the mHealth clinical trial
registrations in this study’s sample sizes were considerably
small.
https://mhealth.jmir.org/2020/8/e16180
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As noted previously, the study outcomes were changed. In a
systematic review in 2011 assessing the transparency of outcome
reporting and trial registration of randomized controlled trials
and top psychosomatic and behavioral health journals, of the
63 articles meeting the study criteria, only 25 (39.7%) articles
had adequately declared primary or secondary outcomes [164].
Thus, this study’s results are in line with previous research in
the field of mental health. This is an especially prevalent concern
in digital health, where researchers could easily change their
outcomes and conduct selective analyses [165].
Finally, this study’s findings suggest that study status is not
associated with either estimated or actual sample size or length
of the intervention. Study status may not be updated in real
time; thus, it may not reflect the true status of the study. This
study’s findings that studies never reporting any results have a
longer duration than those reporting results are logical in the
sense that shorter studies may be easier to complete. Similarly,
this study’s findings that studies never reporting any results
have a higher mean number of participants compared with
studies that did report results make sense, as larger studies are
more likely to be difficult to complete. In sum, these findings
that shorter and smaller studies are associated with reporting
results compared with longer and larger studies are intuitive
and reflect that digital health studies have the same challenges
that all clinical studies face in terms of reaching reporting status.

Limitations
One of the limitations of this study is that we may have failed
to identify some mHealth studies due to the sampling
methodology. The primary search terms that we used were
“mHealth,” “smartphone,” “electronic diary,” and “mobile
technology,” while specifying subcategories of the different
neuropsychiatric conditions (ie, migraine, migraine with aura,
migraine without aura, and migraine disorders). Other search
terms such as “digital,” “ecological momentary assessment,”
“experience sampling,” or “log” may have captured additional
studies. We only searched ClinicalTrials.gov, and other trial
registration websites exist. Second, many of the studies are
recent, and thus authors may not have completed their studies
and posted results yet. Third, the potential usefulness of different
behavioral interventions administered through smartphone apps
is not listed on ClinicalTrials.gov and is likely unknown; it is
generally the point of the studies to assess whether these
interventions may be effective. Finally, the information on
ClinicalTrials.gov will always be incomplete for two main
reasons: (1) Individual studies may not be registered in the
database. Second, information entered on ClinicalTrials.gov
may be incomplete, for example, certain data elements may
have had a different format or structure or may have been
optional when the study information was initially entered. (2)
There are few incentives to motivate responsible parties to
update their studies [150] registered on ClinicalTrials.gov. One
study found that 17% to 20% of the studies on ClinicalTrials.gov
were observational and only 7% had posted results [150,151].
Inferential statistics were limited based on reports from
individual studies.
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Future Directions
The study information on ClinicalTrials.gov is helpful for
understanding the landscape of smartphone-based studies for
neuropsychiatric conditions. However, the information listed
does not offer enough detail to fully understand the nature of
smartphone apps and sensor data collection. Future solutions
may include the posting of web-based demonstrations of apps
being studied or links to the version of the app used in trials. In
addition, it is clear that many of the health-based apps are being
developed by the private sector. Efforts need to be made to
encourage commercial companies to register their studies on
ClinicalTrials.gov and to adhere to the trial registration
guidelines, for example, report trial results in a timely manner,
as described by ClinicalTrials.gov. For health-based apps that
make claims of efficacy, there needs to be stringent oversight
of the registered clinical trials.

Conclusions

Minen et al
in clinical settings. Similar to other research on the studies
registered on ClinicalTrials.gov, studies of the top
neuropsychiatric conditions involving mHealth, registered on
ClinicalTrials.gov, tended to be small, and there was a large
amount of heterogeneity in the methods (types of interventions),
duration, and reporting methods [9]. Moreover, very few
registered studies (6.7%) reported their results, raising the
question of whether the burgeoning creation of mHealth-based
interventions is efficacious, despite these apps being widely
downloaded and used. There were few studies for the most
disabling neuropsychiatric conditions that typically use
electronic diaries for the self-management of migraine and
epilepsy. Future work should focus on studying the efficacy of
these mHealth interventions for neuropsychiatric conditions if
they are to be used by patients with these disabling conditions.
Such studies should be registered on ClinicalTrials.gov to ensure
transparency and so that the public can also learn about the
research being conducted using these interventions.

Despite the increasing use of health-based smartphone apps by
the general public, only a few such apps are rigorously evaluated
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Abstract
Background: Dental visits are unpleasant; sometimes, patients only seek treatment when they are in intolerable pain. Recently,
the novel coronavirus (COVID-19) pandemic has highlighted the need for remote communication when patients and dentists
cannot meet in person. Gingivitis is very common and characterized by red, swollen, bleeding gums. Gingivitis heals within 10
days of professional care and with daily, thorough oral hygiene practices. If left untreated, however, its progress may lead to teeth
becoming mobile or lost. Of the many medical apps currently available, none monitor gingivitis.
Objective: This study aimed to present a characterization and development model of a mobile health (mHealth) app called
iGAM, which focuses on periodontal health and improves the information flow between dentists and patients.
Methods: A focus group discussed the potential of an app to monitor gingivitis, and 3 semistructured in-depth interviews were
conducted on the use of apps for monitoring gum infections. We used a qualitative design process based on the Agile approach,
which incorporated the following 5 steps: (1) user story, (2) use cases, (3) functional requirements, (4) nonfunctional requirements,
and (5) Agile software development cycles. In a pilot study with 18 participants aged 18-45 years and with different levels of
health literacy, participants were given a toothbrush, toothpaste, mouthwash, toothpicks, and dental floss. After installing iGAM,
they were asked to photograph their gums weekly for 4 weeks.
Results: All participants in the focus group believed in the potential of a mobile app to monitor gingivitis and reduce its severity.
Concerns about security and privacy issues were discussed. From the interviews, 2 themes were derived: (1) “what's in it for
me?” and (2) the need for a take-home message. The 5 cycles of development highlighted the importance of communication
between dentists, app developers, and the pilot group. Qualitative analysis of the data from the pilot study showed difficulty with:
(1) the camera, which was alleviated with the provision of mouth openers, and (2) the operation of the phone, which was alleviated
by changing the app to be fully automated, with a weekly reminder and an instructions document. Final interviews showed
satisfaction.
Conclusions: iGAM is the first mHealth app for monitoring gingivitis using self-photography. iGAM facilitates the information
flow between dentists and patients between checkups and may be useful when face-to-face consultations are not possible (such
as during the COVID-19 pandemic).
(JMIR Mhealth Uhealth 2020;8(8):e19433) doi:10.2196/19433
KEYWORDS
mHealth; telemedicine; public health; oral health promotion; gum health; flow of information; COVID-19
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Introduction
Barriers to Dental Care
For most people, dental visits are unpleasant, take time, cost
money, and are often accompanied by discomfort or pain [1,2].
In addition, the introduction of sharp instruments and splashing
water in the mouth, the need to keep the mouth open for long
periods, and the sounds and smells affiliated with dental
procedures further intensify the negative experience [3].
Therefore, it is not surprising that many people only seek dental
care when their pain becomes unbearable and they are out of
options [4].
At the time of writing, we are in the midst of an urgent public
health crisis. The coronavirus disease 2019 (COVID-19) global
pandemic has necessitated social distancing [5]. One field that
has been affected in particular is dentistry. In Israel, the Ministry
of Health [6] has prohibited nonemergency dental treatment; as
such, regular checkups and elective treatments have been
postponed, and dentists cannot monitor their patients’ oral
health.

Dental Scientific Background
The 2 most prevalent diseases of the oral cavity in adults are
caries and periodontal diseases. Caries involves the hard tissues
in the mouth (the teeth); it is caused by bacteria that initially
demineralizes tooth enamel and then penetrates and causes
decay [7]. Periodontal diseases involve the tissues supporting
the teeth, which include the alveolar bone, periodontal ligaments,
cementum, and gingivae [8]. Periodontal diseases are divided
according to severity, namely gingivitis and periodontitis.
Gingivitis is a reversible condition; the lesions are restricted to
the gums, which are typically red, swollen, and bleeding.
Gingivitis heals within 10 days of professional care and with
daily, thorough oral hygiene practices [9,10]. Untreated
gingivitis, however, develops into periodontitis, the irreversible
stage of periodontal disease, in which bacterial toxins and the
immune response to them destroy the tissues that support the
teeth. As the disease progresses, the teeth may eventually
become mobile or lost [11]. A significant difference between
caries and periodontal disease is that caries often causes pain
in its early stages, whereas periodontal diseases usually remains
asymptomatic until advanced disease is noted, and sometimes
there is no pain at all [12]. These two diseases share the feature
of being progressive, such that a delay in treatment may lead
to the need for complex and expensive treatments or tooth loss
[13,14].
Most people can recognize the early signs of gingival
inflammation, which are bleeding while brushing or eating
something hard, an unpleasant odor, or swollen gums. But
because gingivitis is not painful, people tend to postpone dental
appointments to when the disease is more advanced [15].
Epidemiologically, gingivitis is common among 18-year-olds,
and over 80% of the global population suffers from gingivitis
from time to time [16,17]. The treatment for gingivitis is
relatively straightforward, primarily based on adequate oral
hygiene practices that include twice-daily brushing and
interproximal cleaning using dental floss, toothpicks, and
mouthwash [18,19]. In the dental clinic, gingivitis is usually
http://mhealth.jmir.org/2020/8/e19433/
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treated in a single cleaning session where plaque and calculus
are removed [20]. Without appropriate oral hygiene, gingivitis
may return and progress into periodontitis. Treatment for
periodontitis is complex and requires multiple dental
appointments, and sometimes surgical intervention. During
routine dental checkups, the dentist surveys periodontal health
and suggests the timing of the next appointment, often in 6
months’ time. The interval between treatments is typically
individualized according to variability in health behavior,
lifestyle, and genetic diversity. In order to determine the optimal
time interval between dental appointments, dental health should
be monitored between them so that problems are detected early
[21,22].
Regular checkups are essential for good oral health; however,
the vast majority of people do not come for routine checkups
[23]. Only 9% of people attend without an acute problem [24].
The results from a large cohort (n=608) telephone survey
conducted by Sharabany et al [23] showed that 47.2% of
respondents had a dental examination at least once a year, and
the remaining individuals were examined once every two years
or less frequently. They noted that the decision to schedule a
routine dental examination was associated with socioeconomic
status and personal beliefs about dental health.

Cellular Apps Background
Approximately 45% of people have at least one of the following
devices: a desktop or laptop computer, a tablet, or a smartphone
[25]. In the US, 56% of citizens own a smartphone capable of
connecting to the internet and downloading content [26]. About
a quarter of children use their smartphones more than 5 hours
a day, and about 46% of teens aged 12-17 years surf the internet
for 4 hours a day (browsing from their smartphones or
computers) [27].
The Apple Store and Google Play app store contain more than
318,000 medical apps, with hundreds of new apps added daily
[28,29]. EHealth (electronic health) is a broad term that
describes the use of electronic devices to improve health. Mobile
health (mHealth) is the part of eHealth that includes the use of
mobile devices to gather data about an individual's health status
and provides information to professionals and patients in
real-time. There are many mHealth apps, such as those that
monitor medical conditions like blood glucose levels [30] (eg,
SuCare, Sanofi-Aventis US LLC), blood pressure, and
cholesterol [31] (eg, Vitadoc+, Medisana GmbH ). In an app
for type 1 diabetes, patients can submit information and get
management instructions in real-time [32] (Gluci-Chek, Roche
Diabetes Care Inc). There are also apps that provide exercise
programs [33] (eg, Runkeeper, ASICS), weight loss plans [34]
(eg, MyFitness Pal Calorie Counter and Diet Tracker, Under
Armour Inc), and functions for family planning [35] (eg, Glow,
Glow Inc). Some apps are able to alert a patient to when they
need further professional assistance. Other apps assist in the
diagnosis of specific pathologies, such as an app that uses the
image processing of urine tests to diagnose kidney disease [36]
(Healthy.io). In dentistry, there are apps that show clinical
procedures using 3D imagery [37] (eg, Lexi-DENTAL
COMPLETE, Lexicomp). However, following an extensive
search, we did not find any apps that monitor gingivitis.
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To the best of our knowledge, there are no available mHealth
apps that monitor the periodontal status of patients and update
the dentist or the patient about dental health during the interval
between visits. The oral cavity remains unmonitored, and
without proper oral hygiene, gingivitis can progress and worsen.

Purpose of the Study
The rationale for conducting this study was the understanding
that between dental checkups, oral health in general, and
periodontal health in particular, may decline; having an mHealth
app that allows a dentist to monitor the periodontal status of
patients with patient-generated photographs of the oral cavity
(which we will refer to as dental selfies) should limit the
deterioration that may occur between visits. Furthermore, a
patient can be asked to come into the clinic when it is deemed
necessary.

Study Objective
The aim of this study was to present an mHealth app to improve
the flow of information between dentists and their patients
during the intervals between checkups. We describe the
characterization and development of an mHealth app called
iGAM [38], which focuses on periodontal health. iGAM was
developed as part of a quantitative and qualitative integrated
research project to promote oral health with expert writing
applications. iGAM can be downloaded from both the Apple
Store and Google Play store.

Methods
Ethics Approval and Consent
The study was approved by the Hadassah research ethics
committee (IRB, 0212-18-HMO), and informed consent was
obtained from all participants.

Design and Development
The Agile approach [39] was used to develop iGAM and
included the following steps: (1) user story, (2) use cases, (3)
functional requirements, (4) nonfunctional requirements, and
(5) the Agile software development life cycle.
The user story pertains to the conceptual scenarios of using a
high-level app, aimed at defining the target audience and what
is needed for the app to be self-contained for oral photography.
Use cases are the specific actions that users (patients and
dentists) will perform with the app. Functional requirements
describe the functionality of the product, namely, which software
tasks it must perform, the scope of the system, the boundaries
of the product, and relationships to adjacent systems.
Nonfunctional requirements describe the look and feel of the
system, such as the visual characteristics [eg, the user interface
(UI) and user experience (UX) of the system], its usability, and
performance requirements (eg, how big, how fast). The Agile
software development life cycle involves dividing the project
into small increments to allow rapid changes to be made. The
development life cycle includes customer satisfaction, delivering
working software frequently (weeks rather than months),
building around motivated individuals, using working software
as the primary measure of progress, continuous attention to

http://mhealth.jmir.org/2020/8/e19433/

XSL• FO
RenderX

Tobias & Spanier
technical excellence and good design, and the maintenance of
simplicity.

Results
User Story
The routine activity of 2 dental clinics, over the span of two
9-hour workdays, was monitored by the lead researcher (a
dentist) and the app developer. Communication and patient
management were observed in order to identify the digital dental
technologies used and to assess the need for the iGAM app. We
observed that dentists frequently employ administrative,
communicative, clinical, and diagnostic technologies.
Then a focus group meeting was held with 10 participants: 2
dentists, 2 advanced-year dental students, and 6 patients who
had just been treated. During the meeting, several questions
were asked by the lead investigator using a guide. The
conversation was recorded and transcribed with the prior
approval of the participants. All participants believed in the
potential of a mobile app to effectively monitor gingivitis and
reduce the severity of gingivitis. The meeting also covered other
issues, such as having access to easily understood information
on gum diseases (including pictures). Some participants voiced
concerns about information security, privacy issues, and the
risk of personal oral health information being leaked.
Subsequently, we conducted 3 semistructured in-depth
interviews on the use of cellphone apps for monitoring gum
infections in the oral cavity. The mean duration of the interviews
was 50 minutes. The interviewees were 2 men and 1 woman,
which included a dentist, a nurse, and a dental student after
dental treatment. The interviews were recorded and transcribed
with permission. From the analysis of the interviews, 2 major
themes emerged: (1) “What’s in it for me?” and (2) the need
for a take-home message. The first theme highlighted that users
need to perceive a gain from the use of the app. For example,
one participant said,
I feel good. Occasionally I see some bleeding when
I brush. So what? It doesn't mean anything to me,
doesn't hurt me, and I don't have time to go to a
dentist. For me to use this app means there has to be
a reason, and I don't understand what I will get out
of it.
The second theme highlighted the user’s need for a take-home
message. For example, some participants said,
I would love to get answers to questions, and the
doctor does not have time to answer me properly.
I would be happy if the dentist in the clinic would give
me a leaflet with an explanation of how to brush my
teeth; I'm not sure I brush right.
It's important for me to know that my mouth is
healthy, that I'm doing things right.

Usage Scenarios
Once we understood what the users needed, we were able to
describe the use cases of the app.
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Architecture Diagrams
The iGAM mHealth app has 2 modes: (1) the patient mode, and
(2) the dentist mode (Figure 1). In the first mode, the patient

Tobias & Spanier
takes dental selfies (photographs of their gums) and sends them
to the dentist through the app. In the second mode, the dentist
determines the gingival status of the patient.

Figure 1. Interaction between the user, app administrator, and data storage server.

Use Cases: The Patient
The app’s patient mode allows patients to: (1) login; (2) register
and see general guidelines; (3) respond to questionnaires about
health and dental behavior; (4) view tutorials with brushing
instructions, information about periodontal problems,
self-photography training, etc; (5) take photos; (6) and keep

track of responses to previously submitted photographs (Figure
2). All submitted patient data is saved in the database. The
patient is instructed to take multiple dental selfies of their gums
using the rear camera of their cellphone, once a week for 8
weeks. This time period was selected based on studies on
gingivitis [40].

Figure 2. Patient use cases.

Use Cases: The Dentist
The app’s dentist mode allows the dentist to: (1) login; (2) view
the submitted dental selfies; (3) rate the image quality and

evaluate gingival health status using the modified gingival index
(MGI; the MGI was introduced in the mid-1980s and was found
to be reliable in the visual diagnosis of gingivitis) [41]; (4) add
new patients; and (5) add and edit tutorials (Figure 3).

Figure 3. Dentist use cases.
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Functional Requirements
The following describes the intended patient user’s experience
with the iGAM app.
Following initial registration, a password known only to the
patient is given to maintain anonymity. The first time the patient
logs in, personal patient data (such as age, gender, origin, etc)
is collected. In order to characterize the patient’s interest in the
app, the patient is prompted to fill out a questionnaire about
dental knowledge and behaviors, including oral hygiene habits.
Tutorials about oral hygiene and information on the dangers of
poor oral hygiene maintenance are available on the app for the
patient.

Tobias & Spanier
The patient is then instructed to photograph themselves once a
week for 8 weeks. The dentist will assess inflammation using
the MGI.

Nonfunctional Requirements
An intuitive UI was created to allow the user to perform editing
tasks by clicking twice on the main screen. Data is synchronized
to the cloud after each patient session. The app opens within 2
seconds. Communication with the text-to-speech (TTS) server
is established in less than 30 seconds.
For interface design (UI/UX), the lead researcher and app
developer sketched their ideas using pencil and paper (Figure
4).

Figure 4. Sketches of the essence of the app.

The prototype, which was designed using Adobe XD software
(Adobe XD 21.0, Adobe Inc), included interface items with
visual elements and colors, such as screens for the patient
(Textbox 1, Figures 5-17) and screens for the dentist (Textbox
2, Figures 18-21). This facilitated the receipt of early feedback
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language as it is the primary language of the users; in the future,
the app will also be available in English, Arabic, and Russian,
the most commonly used languages in Israel.
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Textbox 1. Prototype screens for patients in the iGAM app.
Initial Login Screen (Figure 5)
•

Patient’s name and password

General Explanation Screen (Figure 6)
Registration Questionnaire Screens
•

General (Figure 7)

•

General health (Figure 8)

•

Oral hygiene (Figure 9)

•

Oral hygiene, continued (Figure 10)

Tutorial Screens
•

Main screen (Figure 11)

•

Photo guidelines (Figure 12)

•

Periodontal problems (Figure 13)

•

Brushing your teeth (Figure 14)

Photo Panel Screens
•

A button on each line allows a photograph to be taken at each prescribed time, and opens the camera (Figure 15).

•

Clicking on the icon opens the camera (Figure 16).

•

After a 10-second countdown, photographs are taken (Figure 17).

Figure 5. Initial login screen for the patient: patient name and password.
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Figure 6. General explanation screen for the patient.

Figure 7. Registration questionnaire screen for the patient: general.

Figure 8. Registration questionnaire screen for the patient: general health.
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Figure 9. Registration questionnaire screen for the patient: oral hygiene.

Figure 10. Registration questionnaire screen for the patient: oral hygiene, continued.
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Figure 11. Tutorial screen for the patient: main.

Figure 12. Tutorial screen for the patient: photo guidelines.

Figure 13. Tutorial screen for the patient: periodontal problems.
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Figure 14. Tutorial screen for the patient: brushing your teeth.

Figure 15. Photo panel screen for the patient: A button on each line allows a photograph to be taken at each prescribed time, and opens the camera.

Figure 16. Photo panel screen for the patient: Clicking on the icon opens the camera.
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Figure 17. Photo panel screen for the patient: After a 10-second countdown, photographs are taken.

Textbox 2. Prototype screens for dentists in the iGAM app.
Initial Login Screen (Figure 18)
New Patient Screen (Figure 19)
•

Add a new patient

Patient List Screen (Figure 20)
•

The dentist can view the list of patients.

Viewing Screen (Figure 21)
•

The dentist can view the dental selfie and rate the patient's condition.

Figure 18. Login screen for the dentist.
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Figure 19. Patient screen for the dentist: the dentist may add a new patient.

Figure 20. Patient list screen for the dentist: the dentist can view the list of patients.
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Figure 21. Viewing screen for the dentist: the dentist can view the dental selfie and rate the patient's condition.

Design and Development
The sequence diagram in Figure 22 describes the processes
involved in the use of the app by the patient.
After logging in for the first time, the patient fills out a form
with their personal information and oral health information.
The data is stored in the database (firebase) under a unique and
anonymous identifier. All photographs and responses to the
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RenderX

questionnaires are saved in the database, including the time and
date of submission. After uploading a new dental selfie, the
patient’s status changes to “pending review.”
The 4 major operations of the dentist (Figure 23) are (1) the
verification of correct username and password, (2) viewing the
list of new patient submissions and selecting the user to view,
(3) formulating a rating using MGI, and (4) adding a new user
to the trial.
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Figure 22. Sequence diagram of the patient’s use processes with the app; DB: database.
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Figure 23. Sequence diagrams of the dentist side. After login the dentist can view patient submissions, rate gum status according to the MGI, add new
patient and new tutorials.

Implementation Technologies
Client Side
Two versions of the client side of iGAM were created. The first
version was written for the Android operating system (ie, a
native app, a method used for writing software in a programming
language for certain types of mobile phones) in the Android
Studio workspace. The second version was a hybrid app;
development was done with web technologies (HTML, CSS,
and mainly Javascript programming language) and was then
packaged using tools like Phonegap/Cordova. We used an Ionic
library to create the UI for this mobile app. The Ionic library
runs on a wide range of Android iPhone devices. The technology
environments we used were Android Studio for Android and
Ionic Studio integrated development environment for Ionic. The
development languages we used were Javascript for Android,
and JavaScript, Angular, and TypeScript for Ionic.
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Server Side
To store images and questionnaire results, Firebase storage was
used. Firebase storage provides secure uploads and downloads
for apps regardless of network quality, and the service is backed
by Google Cloud storage.
The system data is managed by a database containing patient
information. Specifically, 5 tables in the Firebase database were
defined: (1) settings, (2) single shot, (3) submission reviews,
(4) user labeling, and (5) user data. The settings table saves all
app settings. The single-shot table saves the first image taken
by each patient. The submission reviews table contains the
dentist’s reviews. The user labeling and user data tables contain
patient information such as answers to the registration
questionnaires, the number of photographs taken, the dates on
which the photographs were taken, etc.
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Software Tests
To test the possibilities of crashes or error cases, we tested the
app on a number of Android and Apple mobile phones. We
confirmed the operation of (1) system activation and loading
by visualizing the home screen and the loading of links; (2) the
existing user authentication; (3) the opening of the camera, the
saving of images, and the uploading of the images to the
database; (4) the dentist ratings using MGI, and the ability to
add notes; and (5) new user additions, verifications, and unique
patient identification assignment.

Agile Software Development Evaluation
The Agile software development life cycle approach was used
for this research; the agile cycle involves dividing the work into
small increments, allowing the product to adapt to changes
quickly.
Following each photo session, several dental selfies are uploaded
to the server (Firebase database). The dentist section of the app
enables the dentist to view the patient’s dental selfie, to rate its
image quality, and to evaluate gingival health status.

Agile Software Development
After initial app development, a pilot study with a group of 18
participants aged 18-45 years (the inclusion criterion was 18
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years of age and above) and with different levels of health
literacy and education was conducted. The participants were
given a kit containing toothpaste, a toothbrush, mouth wash,
toothpicks, and dental floss to ensure they had the materials
needed to improve their oral hygiene. After installing the app,
the participants were asked to photograph their gums once a
week for 4 weeks, and then to answer 3 open-ended questions:
(1) Describe the feasibility of using the app and mouth opener;
(2) Describe the usability of the photo feature; (3) Describe app
acceptance over the time of the study.
Qualitative analysis of the answers involved 5 cycles. In cycle
1, we noted that some of the photographs were out of focus, so
we reprogrammed the app to take 10 pictures each time to allow
the researcher and dentist to analyze the best one. During cycle
2, 12 participants found that the physical positioning required
to take the photograph (ie, holding the phone with one hand and
aiming the camera at the gums with minimal movement while
rolling down the lower lip with the other hand, as shown in
Figure 24) to be clumsy and uncomfortable. Therefore, mouth
openers (Figure 25) were added to the kit so that the user would
not have to use their hand to retract their lip. The mouth opener
was delivered to each participant, and as most participants found
it difficult to use because of its rigidity, another, more
comfortable mouth opener was tested and implemented (Figure
26), and the participants were satisfied.

Figure 24. Physical positioning for taking a dental selfie: without a mouth opener (suboptimal).
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Figure 25. Physical positioning for taking a dental selfie: with a rigid mouth opener (suboptimal).

Figure 26. Physical positioning for taking a dental selfie: with a comfortable mouth opener (optimal).

In cycle 3, 5 participants reported difficulty with operating the
phone, turning on the camera and the flash, and then pressing
the photo button with one hand. Therefore, we reprogrammed
the app so that a photo could be taken using the volume button,
and the flash was set up to turn on automatically and to
simultaneously initiate a 10-second timer, giving the participant
time to position the camera. A sound indicated that the phone
had started taking photographs, and another sound signaled the
end of the photographing time.
During cycle 4, 13 participants reported difficulty remembering
when to take another photo. Therefore, a weekly reminder
feature (in the form of an SMS text message) was added.
In cycle 5, 8 participants reported difficultly placing the rear
camera in the correct position. Therefore, users were instructed
to stand in front of a mirror while taking the dental selfie, or to
take pictures in the restroom behind a white wall, using natural
light.
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Discussion
Principal Findings
There are currently more than 318,000 medical apps that help
diagnose and manage illness; for example, in recent years, many
applications have been developed to monitor blood pressure or
electrocardiography. Smartphones have very strong computing
capabilities and have become involved in our daily lives [42,43].
Photography is a very valuable tool for documenting illness,
supervising care, and educating patients. Most smartphones
have cameras that can take and transfer high-quality dental
selfies, and can also process and transmit audio and video files
[44].
In this paper, we describe the characterization and development
of a cellular app (iGAM) to monitor gingivitis, a prevalent
condition of reversible periodontal inflammation. To the best
of our knowledge, there are apps for improving oral hygiene
[45,46], but no computerized platform exists to monitor
gingivitis between dental appointments. This app was developed
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in response to this need, and to examine whether oral health
can be promoted using a mobile app and a feature we have
termed a “dental selfie.” In order to develop the app, we built
a characterization protocol that included the following steps:
(1) understanding user needs and perceptions toward the
technology; (2) defining user identification and registration; (3)
designing the UI/UX of the demo app screens; (4) creating
user-administrator relationship chart and data retention systems;
(5) connecting screens and user traffic on the app; (6) connecting
screens and activities of the administrator.
As no apps of this nature are currently available, we went to
dental clinics and observed dentist-patient interactions. Digital
technology is widely used in dental clinics, and there is evidence
that dentists appreciate the benefits of digital tools in their
practices [47]. These tools enhance communication with peers
and are perceived as useful in improving patient-dentist
communication, management, and patient satisfaction [48,49].
After visiting the clinics, we conducted a focus group
accompanied by semistructured, qualitative, in-depth interviews.
Then we developed our first version of the app and tested it on
18 users. This pilot identified problems and enabled us to make
the app more user-friendly. The app has 3 main characteristics:
(1) It collects general information and information related to
health behavior, with an emphasis on oral health; (2) it offers
information about proper oral hygiene habits and the dangers
of oral diseases, as well as visual tutorials demonstrating proper
tooth brushing techniques; (3) dental selfie photographs are
taken by the user and are evaluated by a dentist using the MGI.

Tobias & Spanier
The iGAM app was developed using the Agile approach, and
the pilot study played an integral role in improving the features
that users need. A randomized clinical trial in a large population
and a qualitative study will follow and be reported separately.

Limitations
The inclusion criterion for the pilot study was individuals aged
18 years and older; however, the ages of the volunteers all fell
into the range of 18-45 years. This type of app may not be
applicable for older people or those with poor literacy. This
study included a diverse set of research methods and was
developed in Hebrew because of the limits of self-funding. We
recognize that the cultural diversity of individuals speaking
other languages may correspond with different needs that the
app will need to meet. Future research may address these
limitations.

Conclusions
The iGAM app is the first mHealth app for monitoring gingivitis
to promote oral health using self-photography. iGAM presents
a novel solution to improve the flow of information between
dentists and their patients during the intervals between checkups.
This app has tremendous potential for situations in which
patients cannot meet their dentists in-person, such as during the
COVID-19 pandemic. We believe that the collaboration between
dentists, expert app developers, and typical dental patients—our
target users—allowed us to make a quality and reliable app
which will be updated regularly and improved.
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Abstract
Background: Sarcopenia, defined as the age-associated loss of muscle mass and strength, can be effectively mitigated through
resistance-based physical activity. With compliance at approximately 40% for home-based exercise prescriptions, implementing
a remote sensing system would help patients and clinicians to better understand treatment progress and increase compliance. The
inclusion of end users in the development of mobile apps for remote-sensing systems can ensure that they are both user friendly
and facilitate compliance. With advancements in natural language processing (NLP), there is potential for these methods to be
used with data collected through the user-centered design process.
Objective: This study aims to develop a mobile app for a novel device through a user-centered design process with both older
adults and clinicians while exploring whether data collected through this process can be used in NLP and sentiment analysis
Methods: Through a user-centered design process, we conducted semistructured interviews during the development of a
geriatric-friendly Bluetooth-connected resistance exercise band app. We interviewed patients and clinicians at weeks 0, 5, and
10 of the app development. Each semistructured interview consisted of heuristic evaluations, cognitive walkthroughs, and
observations. We used the Bing sentiment library for a sentiment analysis of interview transcripts and then applied NLP-based
latent Dirichlet allocation (LDA) topic modeling to identify differences and similarities in patient and clinician participant
interviews. Sentiment was defined as the sum of positive and negative words (each word with a +1 or −1 value). To assess utility,
we used quantitative assessment questionnaires—System Usability Scale (SUS) and Usefulness, Satisfaction, and Ease of use
(USE). Finally, we used multivariate linear models—adjusting for age, sex, subject group (clinician vs patient), and development—to
explore the association between sentiment analysis and SUS and USE outcomes.
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Results: The mean age of the 22 participants was 68 (SD 14) years, and 17 (77%) were female. The overall mean SUS and USE
scores were 66.4 (SD 13.6) and 41.3 (SD 15.2), respectively. Both patients and clinicians provided valuable insights into the
needs of older adults when designing and building an app. The mean positive-negative sentiment per sentence was 0.19 (SD 0.21)
and 0.47 (SD 0.21) for patient and clinician interviews, respectively. We found a positive association with positive sentiment in
an interview and SUS score (ß=1.38; 95% CI 0.37 to 2.39; P=.01). There was no significant association between sentiment and
the USE score. The LDA analysis found no overlap between patients and clinicians in the 8 identified topics.
Conclusions: Involving patients and clinicians allowed us to design and build an app that is user friendly for older adults while
supporting compliance. This is the first analysis using NLP and usability questionnaires in the quantification of user-centered
design of technology for older adults.
(JMIR Mhealth Uhealth 2020;8(8):e16862) doi:10.2196/16862
KEYWORDS
aged adults; sarcopenia; remote sensing technology; telemedicine; mobile phone

Introduction
Sarcopenia
Sarcopenia is the loss of muscle mass, strength, and function,
which occurs with aging and is associated with serious health
consequences such as disability [1], morbidity [2], and mortality
[3]. Although the etiology is complex, mitigating its
development is important in preserving long-term muscle
function. Recommended treatments include resistance exercise
programs [4] and protein supplementation, such as amino acids
including creatine [5] or leucine [6], and vitamin D [7].
Strengthening exercises normally prescribed by physical
therapists are cost-effective, safe, improve physical functioning
[8], and prevent muscle loss [9]. Exercises to enhance muscle
mass and strength conducted 2 to 3 times per week normally
consist of using resistance exercise bands or weights—materials
that are easily available and can be used in medical, community,
or home-based settings.

Building Usable Solutions
Although the evidence base is clear for the efficacy of such
treatment strategies, an estimated 40% of patients fail to adhere
to their recommended regimens [10,11], making it difficult for
clinicians to understand a patient’s progression through therapy.
Observation of activity provides a gold standard for therapists
to tailor, evaluate, and encourage treatment regimens. However,
direct observation is not practical or feasible in health systems
and specifically for older adults facing barriers of travel and
transportation to in-person visits [12]. Remote medical sensing
and mobile health (mHealth) technologies have the potential to
help patients and providers understand and track adherence and
progression through therapy, and overcome some of the major
barriers to attending in-person sessions. Technology has been
used to track and communicate with patients with chronic
diseases [13] and has demonstrated the ability to improve
compliance with treatments [14].
As older adults have specific sensory needs and different
perceptions of mHealth [15], it is important to employ
user-centered design methods to ensure that the final device and
app meet the needs and preferences of older adults [16]. A
user-centered design incorporates the end user of a product in
all phases of the design, ensuring that the result aligns with the
users’ needs. Qualitative methods of user-centered design
https://mhealth.jmir.org/2020/8/e16862
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incorporate interviews and the assessment of constructs
identified through these conversations. Such methods are labor
intensive and require specific training. Some of these barriers
can be surmounted using quantitative techniques such as natural
language processing (NLP), which requires relatively little
computational resources and leverages existing workflows and
software pipelines. NLP has many applications, such as
information retrieval; in the medical field, it is increasingly used
to extract topics in electronic health record data [17]. In this
context, sentiment analysis has been used to examine the
perception of health care, drugs, treatment, or illnesses using
social media data [18], although it has started to be used in a
broad range of applications, from analyzing investor earnings
calls [19] to interactions with chatbots [20]. These methods
could be used beyond determining if people enjoy an investor
call, health care system, or chatbot to assess how a person
perceives a health product in development before a device or
program has been finalized. Using them in the design and
development of mHealth products for specific patient
populations could lead to more rapid and accurate determination
of how they feel about an mHealth product and how it could be
improved without the burden of questionnaires.
We previously developed a Bluetooth-connected resistance
exercise band that had the potential to provide feedback to both
patients and providers on exercise compliance and treatment
progress [21,22]. The addition of a mobile app permits real-time
monitoring and has the ability to use cloud-computing resources
to provide feedback, force, and detection of exercise repetitions
to clinical or research teams. For patients with sarcopenia,
connecting a resistance band to an app provides a platform for
them to understand their progress through each exercise as they
proceed through the regimen. With a suitable dashboard, the
app allows clinicians to monitor not only compliance for each
patient but also their entire patient population. As much of the
user-centered design process is dependent on both interviewing
users to assess their perception and quantifying it through
questionnaires, we also sought to determine if the data generated
through these conventional methods could also be analyzed
through NLP and sentiment quantification methods. This
exploratory work leverages the interviews and conversations
that were collected during user development, quantifying them
using new methods. A preliminary examination of correlation
with questionnaires can also help shed light on how they may
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e16862 | p.355
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be interpreted in the future. To our knowledge, this is the first
study to apply NLP and sentiment analysis to interviews in a
usability study for older adults.

Objectives
This study aims to create a mobile app for older adults to
monitor their use of a Bluetooth-connected resistance band and
to examine whether data collected through this process could
be used for NLP and sentiment analysis.

Methods
Study Population
Participants were recruited through a primary care clinic at
Dartmouth-Hitchcock in Lebanon, New Hampshire, a rural
health care institution caring for 1.5 million patients in New
Hampshire and Vermont. Word-of-mouth and study posters
provided the main source of referrals. All study activities were
conducted at the community-based Dartmouth-Hitchcock Aging
Resource Center. Eligible participants were English-speaking,
community-dwelling (eg, not residing in a nursing home or
assisted living center) older adults aged 65 years or older without
a self-reported diagnosis of dementia. There were no other
specific inclusion or exclusion criteria. Clinicians were faculty
members of the Section of General Internal Medicine at
Dartmouth-Hitchcock. All participants were provided a research
information sheet before the start of the study and were recruited
as a convenience sample from Dartmouth-Hitchcock. The study
was approved by the Committee for the Protection of Human
Subjects at Dartmouth College and the Dartmouth-Hitchcock
Institutional Review Board.

App and User-Centered Design Process
We built an app for Android, optimized for the Samsung Galaxy
Tab A tablet. We chose this particular tablet for its large screen,
Android operating system, and relatively low price; all factors
were previously identified by patients. The app, written in
JavaScript, allowed the user to sign up, connect to a
Bluetooth-enabled resistance band, watch a video of an exercise,
and record the data from the resistance band. Each exercise
video consisted of an individual completing a specific exercise
while verbally explaining it. The first exercise video was created
without input from patients to provide an initial example of an
exercise video.
The user-centered design process consisted of 3 rounds.
Interviews with individual patients and clinicians were
conducted in all rounds of the study by the same 1 or 2 research
assistants. Participants were asked open-ended questions about
their use of technology, their preferences on iterations of the
app, and their reactions to design images and content, all of
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which were documented by the interviewers as field notes. Field
notes consisted of observations of the user discussing and using
the app. After each round, the developers, designers, research
assistants, and researchers would meet to review interview notes,
discuss interviewees’ perceptions, and determine issues
discovered in the round that should be addressed. The team then
determined potential solutions, deciding which were most
feasible, and updated the design and content. Individuals only
participated in a single round of development. We recorded the
interviews and later used a commercial transcription service to
produce a transcript for each interview.
Round 1 (predevelopment) consisted of 6 older adults. We
evaluated their general perception of mHealth needs, physical
activity, the Bluetooth-connected resistance exercise band, and
the initial exercise video. As this round occurred before app
development, the study team did not ask participants for
feedback on a specific app; as such, they were not given System
Usability Scale (SUS) and Usefulness, Satisfaction, and Ease
of use (USE) questionnaires. Interviewees were asked about
their exercise habits, their technology habits, their use of
technology with exercise, and how they think they may use
technology with exercise. Information from round 1 allowed
the app developers to construct a prototype app for round 2
using initial designs with black and white mockups of the app.
During round 2 individual interviews, the team presented the
updated exercise video to 3 clinicians and 4 patient participants
and asked them to provide oral feedback. We then showed black
and white wireframes of the app to the participants (Figure 1).
Two versions of a weekly progress summary screen were shown
in random order. Version 1 had toggles to switch between
viewable summary data with a back arrow in the upper left-hand
corner and vertical bar chart of repetition counts. Version 2 had
buttons to switch between viewable summary data with a back
button at the bottom of the workout summary screen and a
horizontal bar chart of repetition counts (Figure 2). We also
showed participants 2 approaches for displaying the number of
completed repetitions in a workout: a vertical bar chart and a
horizontal bar chart (Figure 2). Interviewers used think-aloud
[23] and verbal prompting methods to encourage interviewees
to share their thoughts about the function of each button and
chart and their designs.
Round 3 included 3 clinicians and 6 patients. This round
consisted of asking participants to start an exercise video and
navigate through an exercise summary of videos in the prototype
app. Each exercise video consisted of a person performing the
exercise while describing how to position and move their bodies
to complete the exercise successfully. Interviewers again used
think-aloud and verbal prompting methods when asking the
interviewees to explore the app and start a workout (Figure 3).
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Figure 1. App versions for round 2 (round 1 did not use wireframes) consisted of black and white wireframes of the exercise selection screen and a
preworkout screen.

Figure 2. The App version for round 2 also had two different versions of the weekly progress screen shown to participants in random order.

Figure 3. The app versions for round 3 screens were in color, had the embedded video with a low-contrast background. Here, we present the home
screen, the preworkout screen, the workout screen, the Borg Scale of Perceived Exertion questionnaire, and the progress screen.
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Usability and Acceptability Questionnaires
After each round 2 and round 3 interview, the study team asked
participants to complete 2 validated questionnaires: the SUS
[24] and the USE scale [25,26]. The SUS was developed for
the global assessment of a system’s usability and consisted of
10 questions, each on a 0- to 4-point Likert scale, with an overall
score range of 0 to 100, following a scoring algorithm. The USE
scale was developed for broad application in technology
development in private industry and comprises 30 questions,
each on a 1- to 7-point Likert scale and is broken down into 4
sections (usefulness, ease of use, ease of learning, and
satisfaction). Each interviewee filled out both questionnaires
after the interview session.

NLP and Sentiment Analysis
The study team subsequently used NLP methods to process the
deidentified interview transcripts after all the rounds and
interviews were completed. We separated utterances by speaker,
removing interviewer data. We removed stop words and
calculated the term frequency-inverse document frequency at
the interviewee level. We then used latent Dirichlet allocation
(LDA) [27] topic modeling to examine the content of the core
concepts discussed in each interview. An LDA analysis is a
generative probabilistic model that groups words based on how
related they are—these clusters of related words are termed
topics. LDA assumes that text is a mixture of topics that have
a probability of occurring in each sentence and interview. LDA
methods have been described in depth in several recent medical
informatic manuscripts [28-30]. To examine the feature space
of topic clusters from 2 to 60 using 4 different metrics [31-35]
to calculate ideal cluster numbers, we used the mean number
of ideal clusters (k=8) in the LDA analysis. We reviewed the
15 words most associated with each topic cluster and named
them based on the concept that the authors believed they
represented most accurately. This iterative process involved
discussing how words could be used differently for an
underlying concept or topic. Names were then decided on by
consensus.

We used the Bing sentiment lexicon to define positive and
negative words in our sentiment analysis [36]. The positive and
negative sentiment words within each interview were then
added, where positive sentiments had positive values (+1) and
negative sentiments had negative values (−1). All other words
had no value (0). The final sentiment value consisted of all the
mean sentiments; thus, greater positive numbers indicate greater
positive sentiment, whereas lower negative numbers indicate
greater negative sentiment.

Statistical Analysis
We presented descriptive characteristics as mean (SD) and count
(percentage). We determined differences in questionnaire values
using the student t test. We used univariate and multivariate
linear regression models to test the association between the total
sentiment of the interview per individual (covariate of interest)
and usability and acceptability questionnaire scores. Outcomes
were the SUS score and each component of the USE
questionnaire. All qualitative interview data were transcribed,
managed, and coded in Dedoose, completed after categorizing
data excerpts at each stage. Field notes were also obtained and
aggregated. All codes were reviewed, and we identified positive
or negative themes among the participants and juxtaposed them
with the sentiment analysis. Multivariate linear models included
age, sex, and subject group (clinicians vs patients). We
conducted all analyses in R version 3.6.0 [37], and significance
was defined as <.05.

Results
Study Population
We recruited 22 participants (6 clinicians and 16 patients) to
review the app design and functionality. The age of the clinicians
was significantly lower than that of patients with a mean age
of 49 (SD 9) years; the mean age of the patients was 76 (SD 5)
years (P<.001). The majority of the participants were female
(17/22, 77%), and all were of non-Hispanic white ethnicity
(Table 1).

Table 1. Study participant characteristics (N=22).
Participants

Clinicians (n=6)

Patients (n=16)

Mean (SD)

49.0 (9.4)

75.56 (5.2)

Minimum to maximum

37 to 51

66 to 85

Male, n (%)

2 (33.3)

3 (18.8)

Non-Hispanic White, n (%)

6 (100)

16 (100)

Age (years)

Mobile App Design and Development
In round 1 (predevelopment), 6 patient participants were asked
about their exercise behavior, how they used mobile devices,
and their perception of the initial exercise video. All participants
had experience with smartphones and computers and expressed
that they were interested in using technology in a physical
therapy program. Participants found it difficult to follow the
exercise video with a low-contrast background and without each
specific movement shown in close-up detail. They also found
https://mhealth.jmir.org/2020/8/e16862
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it difficult to hear the audio of the video or to distinguish the
words being said. Participants expressed that they needed help
in counting repetitions, knowing the exercise that they needed
to do, and having clearly labeled buttons, as older adults may
not be able to assume functionality as well as younger people.
This led to designs that contained labeled buttons, such as back
and home, along with some repetition counting functionality.
Patients also hoped that technology can help provide feedback
and guidance and thus impart confidence in completing exercises
while at home. Finally, patients preferred the use of tablets over
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phones because of their larger screen size as such designs were
based on tablet screen layouts and not smartphones.
Round 2 focused on basic functionality using black and white
wireframes. In total, 4 patients and 3 clinicians indicated that a
vertical stacked bar chart was more interpretable than horizontal
bar charts when reviewing the progress of previous exercise
data. Patients found it difficult to follow the new video and
considered the video instructions to be too fast and not detailed
enough to understand the physical positioning required to
complete the exercise. In addition, patients wanted to have large
font text instructions along with the option to change the audio
frequency of the video to help those with hearing impairment
who may have difficulty hearing higher pitches. Clinicians had
no issues with the videos and commented more about the content
of the text on the screen. Specifically, they suggested changing
the word associated with the videos from recording to video as
one might think it will take a recording instead of playing one.
Clinicians also suggested that we added the Borg Scale of
Perceived Exertion as a measure of relative difficulty.
Round 3 involved 3 clinicians and 6 patient participants. Patients
and clinicians reviewed the final videos and were asked to
navigate through the app on the tablet in independent interviews.
Some indicated that it would be helpful to include a separate
video that taught the user how to complete the exercise and
described in detail how the exercise was executed. This could
be used along with the normal video that went through the
exercise in real time to guide the user through it. Others
indicated that some patients may have trouble with the
technology and recommended that the app provide a means for
the patient to call and talk with a live person.

Usability and Acceptability Questionnaires

Petersen et al
significant difference between patients and clinicians in their
perceived use of, or satisfaction with, the app measured through
either the SUS (mean 66.8, SD 16.5 vs mean 65.8, SD 7.7;
P=.90) or the USE questionnaires (usefulness: mean 37.2, SD
18.0 vs mean 48.0, SD 5.2; P=.18; ease of use: mean 54.1, SD
16.4 vs mean 66.0, SD 9.1; P=.13; ease of learning: mean 22.4,
SD 6.3 vs mean 27.5, SD 0.8; P=.07; and satisfaction: mean
33.3, SD 14.1 vs mean 44.3, SD 3.6; P=.08).

NLP and Sentiment Analysis
LDA identified 8 core topics from the transcribed interview
corpus. The distribution of these topics was different between
clinicians and patients (Figure 4). Clinicians’ core topics
included workouts over time, language of instructions,
interaction with the app, and feature enhancement, whereas the
core patient topics were improving fitness, help completing a
workout, exercising with technology, and difficulty using the
app. The total mean sentiment of each round increased from
−0.17 (SD 15.92) in the predevelopment round 1 to 1.57 (SD
10.20) in round 2 and to 6.00 (SD 3.85) in round 3. Across all
interviews, the maximum sentiment for a single statement was
6, whereas the minimum was −5 (Figure 5). The overall mean
sentiment per phrase was 0.47 (SD 0.21) and 0.19 (SD 0.21)
for clinician and participant interviews, respectively. When
adjusting for age, sex, and subject group, the total sentiment
value was significantly associated with the SUS, with each
additional net positive statement associated with a 1.36 times
increase in the SUS score (P=.01; Table 2). These results were
not observed in any of the components of the USE questionnaire
when adjusted for the same covariates (not shown). Table 3
presents representative statements that our sentiment analysis
found positive and negative for both patients and clinicians.

All recruited clinicians and patients completed the usability and
acceptability questionnaires. There was no statistically
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Figure 4. LDA identified interview topics for clinicians and patients from transcripts. Each topic was named by examining the words within each topic
and qualitatively determined the concept that summarized them. Here we display the proportion of the interview that was identified as each topic for
both clinicians and patients. LDA: latent Dirichlet allocation.
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Figure 5. Sentiment over the course of the interview for clinicians and patients in each round of interviews. Negative sentiment values represent negative
sentiments, while positive sentiment values represent positive sentiments.

Table 2. Univariate and adjusted model for the System Usability Scale score with sentiment.
Characteristics

Univariate beta (95% CI)

P value

Adjusted beta (95% CI)

P value

Sentiment

1.11 (0.26 to 1.97)

.01

1.38 (0.37 to 2.39)

.01

Age (years)

0.03 (−0.51 to 0.58)

.89

0.59 (−0.72 to 1.96)

.25

Female

Reference

N/Aa

N/A

N/A

Male

−3.81 (−21.58 to 13.97)

.65

−2.59 (−18.45 to 13.26)

.59

Clinicians

Reference

N/A

N/A

N/A

Patients

−1.25 (−18.04 to 15.54)

.87

−8.48 (−42.74 to 25.89)

.72

Sex

Subject group

a

N/A: not applicable.
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Table 3. Representative statements by patients and clinicians that were found to be positive or negative by sentiment analysis.
Participants,
Representative statements
Statement types
Patient
Positive

Negative

•

“Oh, that’s wonderful for the upper arms, in and out. That’s wonderful. Yeah. I like that one.”

•

“Honestly, it makes sense to be at the bottom. But I think most programs are at the top. I like the top.”

•

“Technology. Well, I used to be quite good when I was working, because I had to keep up with the technology… [B]ut I use
[MS] Word, I use email, and I text. I mean I’m not a real techie and I wouldn’t say I’m up to date on all the latest gizmos that
it’s possible to do on my laptop or my smartphone. What I try to keep up, I can do more than is required of the life that I’m
living.”

•

“Okay. Restraint, I missed a little bit. I had trouble with the palms up for a minute. Elbows straight I missed altogether, and
slow return.”
“Slow, slow. The key word with us elders is say it slow, slowly, key, and phone numbers too.”
“You gotta go louder, I can’t hear much. I’ve got my hearing aids on, but they’re useless.”
“Golly. The only thing that ever frustrates me is if something goes wrong technically and I don’t know what to do about it.
And usually it’s something very simple. If I think about it, I very often can fix it myself. But I have a tech guy who comes in
and helps me every once in a while.”

•
•
•

Clinician
Positive

•
•

Negative

•
•

“I think overall the usability should be good, I think just these little tweaks here and there to make it just so they can ... I think
in general it’s fairly easy and at least for, you know, does show some basic ... you don’t have to be super computer literate.”
“No, I know what you guys are doing, it’s cool. Okay, so it’s really easy to discover the Bluetooth device; which is awesome.
And same deal, back to ... It’s really simple, it has a two layer architecture; which is really, really simple. Which I really like,
actually.”
“[My] mindset is that I want it to go this pathway in order to start my freaking exercises, record them, and I want to press the
minimal buttons to get to where I want to go. That’s what anyone would want to do, and it’s misleading with that video, because
it makes me feel like, oh, now I can start my exercise by pressing play, but no, I’m not starting my exercise.”
“Now, oh, I have to think. I have a working brain, but many people are slower, and they’re tired, and this is just a lot of crap
going on. I’m not happy with this. But yeah, I press something, and nothing happened, which is also annoying.”

Discussion
Principal Findings
Through user-centered design practices, we developed a mobile
app for a Bluetooth-connected resistance exercise band. For
each round of development, the number of positive sentiments
increased, although there was no significant difference in either
patients’ or clinicians’ sentiment of the app in interviews. In
the adjusted models, we demonstrated that increasing the total
sentiment of an interview was positively associated with SUS
scores. Finally, there are meaningful differences in the topics
that were identified in the clinician and patient interviews
through both qualitative and quantitative methods. Our
exploratory results also suggest that NLP and sentiment analysis
could be considered in future user-centered design processes.
Our experience with user-centered design aligns with previous
insights involving older adults in the development of exercise
games [38], active and assisted living [39] and wearable
technologies [40]. Our results expand on these prior studies, as
we found that patients and clinicians had different perspectives.
Our approach allows additional methods for triangulation that
are observed in formal mixed methods designs [41]. These
results highlight the importance of seeking end user input and
involving both clinicians and patients in the design of medical
technology as they demonstrate measurable differences in their
viewpoints.
https://mhealth.jmir.org/2020/8/e16862
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The use of sentiment analysis in clinical research has typically
been used to assess social media-based opinions around a
specific topic such as hospital quality [42], palliative care [43],
or tobacco use [44]. The methods used in the sentiment analysis
vary—some build and train a model based on the study data,
whereas others use open-source or private algorithms [18]. We
used an open-source library, which allows others to use the
same methodology. With preliminary correlation with the USE
scale, the sentiment analysis suggests that it may assess similar
domains in this context. Owing to the association between
sentiment analysis and usability scores, we believe that a
sentiment analysis can be actionable within the development
cycle without the burden of a questionnaire. This can be
accomplished with automated analytic scripts that parse, clean,
and analyze interviews after they have been completed.
However, future validation studies, similar to factor analyses
for survey methods, should be considered.
We sought to increase external validity and reproducibility by
using the public Bing sentiment library [45] because of its
previous use and implementation simplicity. This lexicon
enabled us to measure variations within and across interview
texts, as in other sentiment analyses [18]. LDA methods assume
that each text grouping is a mixture of topics and that such topics
are a probabilistic mixture of words. Previous studies have
applied these methods to clinical notes to identify topics
predictive of specific diseases such as dementia [46] and heart
failure [47]. In theory, these methods could be used to predict
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e16862 | p.362
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such outcomes (through notes alone) before a diagnosis. The
concept that a conversation or interview is also a mixture of
topics that comprise probabilistic mixtures of words makes
sense as the interviewee will express different topics that are
important to them. Here, we did not use LDA-identified topics
in prediction but in the identification of concepts that could
assist in improving development and as a proof-of-concept that
there are differences between the patients’ and clinicians’
perceptions of remote medical sensing. Analogs to naming
discovered themes in the qualitative analysis (here the identified
latent topic) must be entitled by the researchers themselves
through interpretation, as it is not an automated process.
Discovering the clear differences in topics between patient and
clinician interviews validates the need to include both
stakeholders in the design and development of remote medical
sensing apps. This is an extension of the coproduction concept
wherein patients and clinicians combine to help support patients
contributing to the management of their own conditions [48,49].
As the use of sentiment analysis and LDA evolve, our results
suggest that they can potentially be used alongside more
traditional qualitative methods to examine the concepts and
perceptions within the context of user-centered design and
interviews.

Strengths
This study has several strengths. First, we were able to recruit
both older adults and clinicians to participate in a user-centered
design. Such an approach provides differing perspectives in
addressing complex usability problems. Second, we
demonstrated that researchers can use a sentiment analysis and
LDA-based topic mapping for interviews with older adults and
clinicians. Our evaluation goes beyond traditional qualitative
methods that may not necessarily capture sentiments of
developing specific apps. Finally, this study paired these
evolving quantitative methods with known usability
questionnaires to demonstrate the relationship between overall
interview sentiment and perceived utility.

Limitations
Although our pilot study sample size was not very large, we
were able to reach a total number of participants that allowed
us to isolate conceptual themes within the suggested ranges for
theoretical saturation [50]. The small sample size, magnitude,
and significance of the regression results are less important;
however, our goal was to demonstrate an important direction
of effect for future research. The scope of the study is also
limited to the development of the mobile app; we did not
examine the efficacy of its implementation within a patient
population of older adults or clinicians. We used a single
sentiment library rather than building a sentiment library that
worked for this data set. Our approach should be further tested
in other medical usability studies to verify these results. As all
NLP and sentiment analyses were conducted after development,
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we did not examine how they could be used in the active
development cycle and could potentially be considered in future
design processes. As such, we did not have an a priori
hypothesis of effect size, and this analysis serves as formative
work for others interested in using NLP and sentiment analysis.
In addition, LDA-identified topic clusters may be difficult to
interpret; here, we qualitatively examined the words most
associated with the topic and named them for their underlying
concept. Finally, using sentiment analysis around spoken words
in the medical and health setting might not be as accurate as its
use in a written corpus [51].

Future Work
With the development of the mobile app, we will next focus on
deploying it and the resistance exercise band in real at-home
experiments. Although challenges still exist in mHealth’s ability
to impact health behavior [52], monitoring adherence and
engagement is the first step. Not all of the insights identified
by patients and clinicians could be implemented in this short
study and should be added in future versions. Furthermore, new
studies will examine the efficacy of the use of the app and its
connected device.
The utility of NLP-based methods and sentiment analysis should
be further examined in the context of interviews and usability
questionnaires within the medical field with larger samples.
Although we demonstrated correlation with a usability
questionnaire, more work needs to be done to understand how
sentiment analysis could be used in the context of conversations
and how they may replace or augment questionnaire-based
methods. These methods could be used within the development
of technology used by patients and providers to assess how they
are perceived. The use of NLP and sentiment analysis pipelines
could be set up before interviews are conducted, allowing for
analysis to occur immediately after the interview. Although not
possible in this study, insights from NLP and sentiment analysis
could then be incorporated into the design. Finally, additional
research needs to examine how interviews could be structured
to most effectively use NLP and sentiment analysis. Specifically,
asking participants to describe how they felt during different
uses or aspects of use may generate data that are actionable
within the user design cycle. For user-centered design, many
questionnaires are developed for assessing a fully functional
product and not one that is partially functioning or disparate
parts of a product, making it difficult to use such questionnaires
in a pre-post fashion. Using sentiment analysis may allow
researchers to more reliably compare the quantification of users’
thoughts through the developmental rounds.

Conclusions
User-centered design with both patients and clinicians allowed
us to build an app that older adults can use. This is the first
analysis that used NLP and usability questionnaires to quantify
the user-centered design of technology for older adults.
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Abstract
Background: Many people use apps to help understand and manage their depression symptoms. App-administered questionnaires
for the symptoms of depression, such as the Patient Health Questionnaire-9, are easy to score and implement in an app, but may
not be accompanied by essential resources and access needed to provide proper support and avoid potential harm.
Objective: Our primary goal was to evaluate the differences in risks and helpfulness associated with using an app to self-diagnose
depression, comparing assessment-only apps with multifeatured apps. We also investigated whether, what, and how additional
app features may mitigate potential risks.
Methods: In this retrospective observational study, we identified apps in the Google Play store that provided a depression
assessment as a feature and had at least five user comments. We separated apps into two categories based on those having only
a depression assessment versus those that offered additional supportive features. We conducted theoretical thematic analyses
over the user reviews, with thematic coding indicating the helpfulness of the app, the presence of suicidal ideation, and how and
why the apps were used. We compared the results across the two categories of apps and analyzed the differences using chi-square
statistical tests.
Results: We evaluated 6 apps; 3 provided only a depression assessment (assessment only), and 3 provided features in addition
to self-assessment (multifeatured). User comments for assessment-only apps indicated significantly more suicidal ideation or
self-harm (n=31, 9.4%) compared to comments for multifeatured apps (n=48, 2.3%; X21=43.88, P<.001). Users of multifeatured
apps were over three times more likely than assessment-only app users to comment in favor of the app’s helpfulness, likely due
to features like mood tracking, journaling, and informational resources (n=56, 17% vs n=1223, 59% respectively; X21=200.36,
P<.001). The number of users under the age of 18 years was significantly higher among assessment-only app users (n=40, 12%)
than multifeatured app users (n=9, 0.04%; X21=189.09, P<.001).
Conclusions: Apps that diagnose depression by self-assessment without context or other supportive features are more likely to
be used by those under 18 years of age and more likely to be associated with increased user distress and potential harm. Depression
self-assessments in apps should be implemented with caution and accompanied by evidence-based capabilities that establish
proper context, increase self-empowerment, and encourage users to seek clinical diagnostics and outside help.
(JMIR Mhealth Uhealth 2020;8(8):e18392) doi:10.2196/18392
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mobile health; mHealth; depression; qualitative research; mental health

https://mhealth.jmir.org/2020/8/e18392

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18392 | p.367
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Digital devices have become an essential part of our lives.
People increasingly rely on digital content and functionalities
delivered through mobile apps for information, entertainment,
daily task management, work functions, and even for
health-related activities, such as symptom tracking, diagnosis,
and digital health treatment. Increased patient willingness and
appetite to adopt mental health apps and share data [1,2] has
resulted in a growing market for mental health apps. Mental
health apps could play a critical role in addressing unmet needs
in mental health disease screening, self-management,
monitoring, and health education [3,4]. This role is especially
needed, considering the severe shortage of mental health
professionals and the long wait for mental health services.
However, most publicly available mental health apps have not
been scientifically validated [5-7], provide inaccurate
information, and do not follow clinical guidelines [8]. Often
these apps also employ misleading marketing tactics [9] that
may suggest to the end user an unearned medical or algorithmic
authority. App-administered questionnaires for the symptoms
of depression, such as the Patient Health Questionnaire-9
(PHQ-9) [10], are of particular concern because the results are
often presented without proper context or access to additional
resources. Although safety concerns have been raised about
leaving patients to their own devices [11,12], it has not been
established whether apps that administer a depression
self-assessment are beneficial or dangerous, especially when
an app solely offers a depression self-assessment. Given that
people with mental health concerns are at high risk, it is essential
to evaluate the safety of readily available mobile apps and the
presence or absence of mitigating factors to reduce this risk.
In this study, we assessed the self-reported user experience using
user comments publicly posted for app review. This study aimed
to compare user experiences with apps that are assessment-only
for depression with no supportive content to those that have
additional resources and contextual information for depression.
We hypothesized that consumers using assessment-only apps
might report more distress without proper support, while those
using multifeatured apps might fare better with additional
supportive information and contexts. Our objective was to
determine to what extent and how app-administered depression
self-assessments may be associated with a perceived benefit
versus self-reported distress or harm.

Methods
Due to the public availability of these comments, this study was
exempt from the requirements for institutional review board
approval.

Inclusion Criteria
We limited our analysis to apps available in Google Play store,
as we were unable to extract comments automatically from the
Apple App store. This study also included only those apps that
offered a depression assessment feature and had more than five
user comments.
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Data Collection
Author SD searched the Google Play store on October 15, 2018,
with Google Chrome in incognito mode using the term
“depression test.” SD read each app description and selected
apps that met the inclusion criteria. Author SAH manually
visited each Google Play app web page on October 19, 2018,
selected “Read All Reviews,” scrolled downward until the page
had loaded all of the reviews, and then selected “view page
source” from the Google Chrome browser menu. After saving
these pages’ source codes as files, author SAH developed a
custom web scraping script to remove extraneous information
(eg, HTML coding, rating), extract the user comments from
each file, and compile them for analysis. This script used the
Python library BeautifulSoup 4 (PyPi) to walk through the
source page’s HTML tree and then used regular expressions to
extract the relevant information.

Data Analysis
The apps were categorized as those that provide only a
depression assessment (assessment-only) and those having other
features in addition to the assessment (multifeatured).
This observational study employed the theoretical thematic
analysis approach defined by Braun and Clarke [13] to analyze
the qualitative data of user comments. Guided by our research
interests to evaluate whether the apps may be associated with
perceived benefit or harm, we utilized a hybrid inductive and
deductive framework. We adopted preconceived themes of
benefit and distress but induced other themes by reading and
coding the user comments. We first familiarized ourselves with
the data, highlighting relevant words, phrases, and sentences
related to helpfulness, risks, and functionalities. We began with
free-form thematic tagging before grouping based on similar
themes. Then we generated new themes, reviewed and finalized
the definitions of themes, and finally coded all comments using
the definitions and guideline. Coding for all themes was defined
after reviewing the data multiple times. The full guideline and
results can be found in the Results section. SD performed the
initial manual thematic coding and grouping, and TB retagged
the comments blind using the thematic scheme developed by
SD. The final tagging was obtained based on discussion and
consensus for any discrepancies, and a third independent coder
(SAH) settled any disagreements. The prevalence-adjusted and
bias-adjusted κ (PABAK) score determined inter-rater reliability.
Pearson chi-squared test with Yates continuity correction was
used to analyze the difference between the assessment-only
apps and multifeatured apps. The degree of freedom of the
chi-squared test is 1. The significance level was set at P<.05.

Results
Apps Included in the Study
The apps that met the inclusion criteria, number of comments
retrieved for each app, and the number of times each app had
been rated are listed in Table 1. While ratings were not factored
into the thematic coding, the number of ratings might reflect
the relative user base of each app, as no additional data was
available to indicate the actual number of users. Eight apps with
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depression assessments were excluded due to having fewer than

five comments.

Table 1. The apps included in this analysis.

a

Features

Google Play app ID

In-app purchase

Ratings, na

Comments, nb

Multifeaturedc (proprietary assessment)d

de.moodpath.android

Yes

7062

1226

Multifeatured (PHQ-9e)

com.moodtools.moodtools

Yes

2871

788

Multifeatured (modified PHQ-9)

com.williamalexander.android.depressiontracker

No

267

63

Assessment onlyf (PHQ-9)

nl.japps.android.depressiontest

No

1408

264

Assessment only (proprietary assessment)d com.programming.advanced.depressiontest

No

436

43

Assessment only (PHQ-9)

No

213

27

com.moodtools.depressiontest

The number of ratings for each app, some of which may not include a comment.

b

The number of ratings that included a written comment.

c

Apps that have other capabilities aside from a depression assessment.

d

A nonstandard assessment.

e

PHQ-9: Patient Health Questionnaire-9 (a 9-question survey to determine the severity of depression symptoms).

f

Apps that have a depression assessment only.

Themes
Two tags, which capture benefit and harm for all apps selected,
tested our hypothesis that more users of assessment-only apps
than multifeatured apps reported distress and suicidal ideation
(see Methods). In familiarizing ourselves with the comments
and generating new themes, we were surprised to find that some
comments indicated the users were probably minors. As
pediatric users might be more vulnerable and should be
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considered separately, we created a youth (vs adult) tag to
capture whether the post was apt to be from someone who was
under 18 years of age. Three themes (tracking, report, and
library) emerged to capture the useful app features in
multifeatured apps, and three tags (management, self-knowledge,
and therapy) were generated to capture the stated utility of
additional features, when available. The full thematic coding
guideline and finalized themes are described in Table 2.
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Table 2. Thematic coding guidelines and finalized themes.
Theme

Description

Coding guideline

Youth

To capture whether the user •
was likely a youth or adult
•

Comment specifically mentioned the user age was under 18, or self-reported as being
a child or being young.
Comment indicated that they still needed their parents’ help or approval (which
suggests they were under 18 years of age).

Perception of helpfulness and harmfulness
Helpful

To indicate that the app was •
affirmatively beneficial to
the user.
•
•
•
•
•

Distress

To capture suicidal ideation •
or self-harm
•
•
•
•

Marked “Y” if the user said the app is good (or similar) but also mentions a specific
app feature, indicating that they are using the feature and think it is good.
Marked “N” if the user only said the app is “good” or complements a design aspect.
Marked “Y” if the comment used the words “helpful” or “useful” to describe the
app (aside from this, most short comments were an “N.”
Marked “Y” if the user stated that the app would be generically beneficial for depression, but mark “N” if the user also noted the app was not helpful for them.
Marked “Y” if the app prompted them to get professional help.
Marked “Y” if the user said they love the app or similar.
Marked “Y” for any comments like “kill me now” or “I want to die” or “why am I
alive?”
Marked “Y” for comments where they talked about someone else who is suicidal.
Marked “Y” for comments that talked about hospitalization for past suicide attempts.
Marked “Y” for comments that indicated the app 'saved their life' or app is a “lifesaver.”
Marked “N” if the comment only referenced the safety plan.

Features mentioned (for multifeatured only)
Tracking

To capture whether this app •
was used as a tracking tool
•
•

Reporting

To capture any mention of •
the depression assessment
or waiting for the depression
assessment results.
•
•

Library

To encapsulate features that •
can be used once and be
useful; are not ongoing
•
tracking but are also not references to the depression
assessment.

Comments mentioned “tracking” or used similar terminology. Mood tracking,
journaling, and cognitive behavioral therapy were grouped under this tag. The key
distinguisher here was activities over time.
Since the Moodtools app calls journaling a “Thought Diary,” any mention of mood
tracking, thought diary or journal features were included with this tag.
In the Moodpath app, a series of questions tracked mood, so references to a “questionnaire” were tagged with tracking.
For Moodtools, the users may mention a “report” or a “doctor's note.” Since the
depression assessment was meant to be shared with the doctor, tagged comments
with “Y” when a user mentioned sharing results with their doctor.
For Moodtools, since the assessment follows two weeks of mood tracking, we also
marked references to waiting for two weeks as references to the depression assessment, even without explicitly mentioning the evaluation.
Marked “Y” any mentions of a “test,” “diagnosis,” “results,” or “accuracy,” which
probably refer to the assessment
Terms like “resources,” “educational,” “informative,” etc, suggest that this tag was
appropriate.
This tag encompassed mentioning information, activities, videos, and the “Safety
plan” in Moodtools.

How and why it helps (for multifeatured only)
Management

To capture using the app for •
managing depression,
moods, or other mental illness through activities done
over time with broader inter- •
pretation.
•
•
•
•
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This tag overlapped with the “Tracking” tag frequently. The comment must indicate
that the user is using the tracking feature to help their symptoms. “Great for tracking”
would be an example of a comment that was tagged “Management” but not
“Tracking.”
Included comments that captured activities that would relieve symptoms of depression, such as “I can express myself,” “it's like talking to a friend,” “I like that it
checks in on me.”
Included comments in which the user expressed that the app helped them feel better.
Included comments that referenced depression or other mental illness and indicated
that they were using the app to manage this state.
Included comments that indicated the app helped the user handle or manage things.
Included comments that referenced self-knowledge over time for symptom management. Note: this tag overlapped with the self-knowledge tag.
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Self-knowledge

To capture comments that
•
indicate that the user learned
more about themselves
•
through use of the app.
•

Despite some overlap with the “Library” tag, we were looking for more personal
comments that indicated the user had learned something about themselves.
This tag overlapped with the management tag when the user referenced that they
have learned more about themselves and helped them to manage their symptoms.
Tagged comments that referred to learning about patterns or learning new skills.
Words like “insightful” or “educational” frequently indicated use for self-knowledge.

Therapy

Infers if the user is in thera- •
py, using the app with a
•
therapist, or prompted by the
app to go to a therapist.
•

Included any comments by therapists.
Included comments that generically mention that the user could or might have used
the app with a therapist or medical professional.
Included comments such as “you should use this app with a professional” because
it indicates that using the app with a therapist is a priority for the user.

Coding Results
The PABAK scores for all tags, which were used to determine
inter-rater reliability, 0-1 with 1.0 being the most reliable, were
between 0.737 and 0.996 after the initial tagging (Multimedia
Appendix 1), except for the “Help” tag for the multifeatured
comments which had a PABAK score of 0.584. The two coders
decided to treat comments that indicated general enthusiasm

for the app as “helpful” comments, resolving the conceptual
discrepancy that resulted in the low PABAK score with the
updated PABAK score for Help of 0.682 and 95% CI
0.649-0.713.
The results of the thematic coding after a third coder adjudicated
the final decisions on discordant coding are summarized in
Table 3.

Table 3. Thematic coding results summary.

a

Theme

Assessment only (n=329), n (%)

Multifeatured (n=2069), n (%)

P value (assessment-only vs multifeatured)

Helpful

56 (17.02)

1223 (59.11)

<.001

Distress

31 (9.42)

47 (2.27)

<.001

Youth (vs adult)

40 (12.16)

9 (0.43)

<.001

a

Tracking

N/A

509 (24.60)

N/A

Report

N/A

180 (8.70)

N/A

Library

N/A

253 (12.23)

N/A

Management

N/A

438 (21.17)

N/A

Self-knowledge

N/A

359 (17.35)

N/A

Therapy

N/A

118 (5.70)

N/A

N/A: not applicable.

Thematic Analysis
The most common words in all app comments were words with
the root “help*” (1007 occurrences) and “depress*” (443
occurrences). Of the multifeatured app comments, 59%
(1223/2069) expressly indicated the app was beneficial in some
way, which is statistically different from 17% (56/329) of the
comments for the assessment-only apps (X21=200.36, P<.001).
Many comments from assessment-only apps simply reported
the score the user received or expressed powerlessness or
frustration over their self-diagnosed condition. Of the comments
for multifeatured apps, 2.3% (31/329) indicated suicidal ideation
or self-harm, compared to 9.4% (47/2069) of the comments for
assessment-only apps, representing a statistically significant
4-fold increase (X21=43.88, P<.001).
Of users who self-reported their age category (youth vs adult),
12% (40/329) of comments from assessment-only app users
indicated they were under 18 years of age, compared with 0.04%
(9/2069) for the multifeatured app users, a statistically
https://mhealth.jmir.org/2020/8/e18392
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significant difference (X21=189.09, P<.001). The P values of
the comparison tests between depression test-only and
multifeatured apps are listed in Table 3.
As indicated by the coding guideline, additional app features
for multifeatured apps were grouped into tracking, library
(informational resources), and depression assessment (report
theme) categories. Comments mentioning tracking or
informational resources (Library) appear 664/2069 times (32%)
versus 180/2069 (9%) for the depression assessment. Users who
discussed how and why they used the multifeatured apps most
often referenced self-management of moods and using the apps
to understand triggers and improve their state of mind
(438/2069, 21%; Table 3). Others referenced how the apps
allowed them to increase self-awareness and validate
misunderstood feelings (359/2069, 17%). Few people mentioned
using the app with a clinical provider (118/2069, 6%). The
numbers of comments reflecting the induced themes for the
multifeatured apps and the numbers of comments covering
multiple themes are illustrated in Figure 1.
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Figure 1. Comments that indicate app features being used (left) and explanations of app use and why it is beneficial (right). ‘Tracking’ refers to mood
tracking or journal features, ‘Library’ refers to informational resources, videos, or prompts for activities, and ‘Assessment’ refers to the depression
assessment (left). ‘Management’ refers to comments that indicate applying the app for self-management of moods or mental health over time, ‘Knowledge’
refers to self-knowledge or insight gained from using the app, while ‘Therapy’ refers to app use in conjunction with some kind of clinical therapy.

Discussion
Principal Findings
Our study supported our hypothesis that compared to users of
multifeatured apps, assessment-only app users reported more
distress, as seen in the significantly more substantial amount of
comments indicating suicidal ideation. Additionally, users of
assessment-only apps were more likely to be under 18 years of
age than those using multifeatured apps. Compared to users of
assessment-only apps, more users of multifeatured apps
commented in favor of the apps’ helpfulness, mood tracking,
journaling, and informational resources.
Our findings were consistent with other studies that showed
that people who used health apps valued the ongoing tracking
features greatly [14] and suggested that standalone apps that
only administered a depression assessment were less beneficial
than multifeatured apps. Alarmingly, we observed a remarkable
4-fold increase in comments indicating suicidal ideation and
self-harm in the assessment-only apps, suggesting these apps
may be more associated with potential harm. In another study,
users scored higher on suicidal ideation indicators when the
PHQ-9 was given via an app versus a clinician [15], indicating
the importance of clinical guidance and resources at the time
of assessment. While some evidence suggested that the privacy
afforded by an app might increase self-disclosure [16-18], our
analysis, which only compared apps, did not provide sufficient
data to derive this conclusion for depression self-assessments.
Instead, our results suggested that self-assessments given
without proper support and context may be associated with
triggering and exacerbating suicidal ideation. An underexplored
factor in the literature is whether the self-diagnosis of depression
through an app may induce demoralization. Demoralization is
characterized by a sense of disheartenment and disempowerment
that can follow a severe diagnosis and which is significantly
associated with suicidal ideation [16]. We think this potentially
confounding factor merits further study. Activities that lead to
https://mhealth.jmir.org/2020/8/e18392
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self-empowerment and self-awareness can decrease depressive
symptoms [19,20], and an increase in perspective and perceived
self-control can directly combat demoralization [21]. The
additional features offered by the multifeatured apps might have
provided the functionalities and engagement needed to enhance
their self-awareness and sense of self-empowerment.

Limitation and Challenges
A fundamental limitation of this observational study is that
participants were self-selecting, in addition to the small sample
size of the three assessment-only apps and the three
multifeatured apps. The expressed opinions through user
comments might not be representative of the user population
due to the selection bias. Also noted in this comparative analysis
is the highly disparate number of comments on the two types
of apps. The smaller number of comments in the
assessment-only apps might not be representative of the
underlying user base. The retrospective nature of this research
precluded obtaining user assessments of all the different themes
we are trying to analyze from all the users. Instead, we had to
rely solely on the publicly available comments in the app store.
Inferring user opinion was also a challenge. Even though we
followed a clearly defined coding guideline for consistency,
coders still had different interpretations. We recognize that
despite our best efforts, we may have misrepresented what users
tried to convey.
This observational study is insufficient to establish causality.
The assessment-only apps that we studied appear to have a
higher number and proportion of underage users. This more
substantial proportion might be due to the app’s simplicity and
the likely associated ease of use, the free assessment, or possibly
due to statistical variation resulting from a lack of a larger
sample of data. Without a proper study design on a more
extensive user base, we are unable to explain the reasons
underlying the difference in the frequencies of underage users
in the two types of apps. However, we feel that our results
warrant caution and further study on the use and development
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of mental health assessment apps. Especially concerning is the
large proportion of adolescent users self-reporting suicidal
ideation in the user comments of these apps. With the rising
pediatric suicide rate [22], adolescents need more protective
interventions against potential harms. All the best intentions of
app creators to fill in the resource gaps before first mental health
visits or between visits, the desire to give patients independence
and privacy, and the goodwill to offer cheaper alternatives to
clinical appointments might not be enough to keep a good
balance on benefits and risks when implementing mental health
apps. This caution is particularly important for younger users.

additional evidence-based information on depression [24,25].
If an assessment-only app can give the proper warnings and
provide informational links, they can still be beneficial,
especially to people who would want to an initial understanding
of their mental health in private, or people with limited financial
means. The advocated enhancement should be straightforward
to implement and should not add much development costs to
the apps. It might be more beneficial for the multifeatured app
to offer the assessment module for free. These additions need
to be balanced by engagement design factors [5] to avoid
deterring use by younger users.

Finally, the landscape of health apps is extraordinarily dynamic
and rapidly evolving [23]. We were only able to capture the
data at one point and unable to validate our findings against
more current data from 2019 to 2020, which is another limitation
of this study. Nonetheless, we are confident our research
provides an important data point in the continuous timeline, and
our conclusions are expected to stand with the newer data.

Even though multifeatured mental health apps seem to mitigate
some risks of harm, additional larger-scale prospective research
studies are needed to accurately assess the long-term benefits
and risks of mental health apps [1,4]. All aspects of apps,
including user experience, user engagement, age appropriateness
of contents, values of different features, impacts attributed to
apps, and others, should be investigated. We agree with many
research studies that recommend apps incorporate
evidence-based content [5], adopt a digital health app
development standard [3,26], rely on clinician recommendations
of validated apps versus social media, personal searches, or
word-of-mouth to explore or adopt a health app [27,28] and
require app stores to standardize reporting. We realize that
implementation of these recommendations presents significant
challenges requiring collaboration and development efforts
across multiple fields, including clinical research, mobile health
research, health IT industry, regulation, clinical practice, and
others. Nevertheless, these standardizations and safeguards are
essential to help patients find validated apps, prevent harm, and
assure mental health apps create the value they claim to provide.

Conclusions
In summary, we express our reservation about using mental
health assessment-only apps without providing additional
resources and functionalities. We also recommend that
evidence-based, mitigating activities (eg, mood tracking,
journaling, educational materials, and self-empowerment and
self-awareness activities) should accompany any app that can
lead to the self-diagnosis of depression or other mental health
conditions. Assessment-only apps should firmly emphasize that
assessment done in the app is not diagnostic, provide a clear
recommendation to follow up with health professionals to
conduct clinical diagnostic testing, and provide links to
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Abstract
Background: Military personnel have an elevated risk of sustaining mild traumatic brain injuries (mTBI) and postconcussion
symptoms (PCS). Smartphone apps that provide psychoeducation may assist those with mTBI or PCS to overcome unique barriers
that military personnel experience with stigma and access to health care resources.
Objective: This study aims to (1) use the Mobile Application Rating Scale (MARS) to evaluate smartphone apps purporting to
provide psychoeducation for those who have sustained an mTBI or a PCS; (2) explore the relevance, utility, and effectiveness of
these apps in facilitating symptom management and overall recovery from mTBI and PCS among military personnel; and (3)
discuss considerations pertinent to health care professionals and patients with mTBI when considering the use of mobile health
(mHealth), including apps for mTBI psychoeducation.
Methods: A five-step systematic search for smartphone apps for military members with mTBI or PCS was conducted on January
31, 2020. Cost-free apps meeting the inclusion criteria were evaluated using the MARS and compared with evidence-based best
practice management protocols for mTBI and PCS.
Results: The search yielded a total of 347 smartphone apps. After applying the inclusion and exclusion criteria, 13 apps were
subjected to evaluation. Two apps were endorsed by the US Department of Veterans Affairs and the US Department of Defense;
all the others (n=11) were developed for civilians. When compared with evidence-based best practice resources, the apps provided
various levels of psychoeducational content. There are multiple considerations that health care professionals and those who sustain
an mTBI or a PCS have to consider when choosing to use mHealth and selecting a specific app for mTBI psychoeducation. These
may include factors such as the app platform, developer, internet requirement, cost, frequency of updates, language, additional
features, acknowledgment of mental health, accessibility, military specificity, and privacy and security of data.
Conclusions: Psychoeducational interventions have a good evidence base as a treatment for mTBI and PCS. The use of apps
for this purpose may be clinically effective, cost-effective, confidential, user friendly, and accessible. However, more research
is needed to explore the effectiveness, usability, safety, security, and accessibility of apps designed for mTBI management.
(JMIR Mhealth Uhealth 2020;8(8):e19807) doi:10.2196/19807
KEYWORDS
psychoeducation; mTBI; military; app; smartphone; mHealth, concussion; Mobile App Rating Scale; MARS; mobile phone
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Introduction
Background
Mobile health (mHealth) is an emerging field, with health care
professionals increasingly using apps as part of clinical practice
[1]. Apps geared toward well-being and health promotion have
drastically increased in number and availability and may offer
new opportunities for individuals seeking immediate and
confidential health care [2,3]. One population that has the
potential to benefit from the use of such apps is public safety
personnel and military members [4]. Canadian Armed Forces
(CAF) service members (SMs), similar to other global militaries,
have significant mental and physical health challenges associated
with unique occupational stressors associated with military
duties [4,5]. Military service commonly involves high-risk
activities during physical training, daily trade-related tasks,
overseas deployment, and responses to natural disasters among
others. Their involvement in such activities can increase their
likelihood of sustaining physical and mental health injuries,
including mild traumatic brain injury (mTBI) [5,6].

mTBI
mTBI, also known as concussion, is defined as a temporary
change in brain functioning caused by an insult to the head with
a period of posttraumatic amnesia lasting less than a day [7,8].
In contrast, moderate and severe TBI include changes in brain
functioning resulting from a head insult causing periods of
posttraumatic amnesia lasting longer than a day and often a
period of hospitalization in an acute care facility and/or tertiary
rehabilitation [7,8]. Symptoms of mTBI may include headaches,
fatigue, nausea, sensitivity to light and sound, visual
disturbances, cognitive dysfunction, memory loss, sleep
disturbances, balance or vestibular issues, emotional
disturbances, seizures, and loss of consciousness to name a few
[7-20]. Symptoms of mTBI generally resolve within 2 weeks
when no additional physical or mental comorbidities and
extenuating factors are present [7,8]. If 3 or more symptoms of
mTBI persist for longer than 3 months, a diagnosis of
postconcussion symptoms (PCS) may be made [5,7,8].

Incidence of mTBI and PCS Among Military Populations
The cause of an mTBI varies among CAF-SMs, with some
occurring as a result of motor vehicle collisions, falls, sports,
explosions, or other forces related to combat and military
training [9-16,18]. Rates of mTBI prevalence and severity of
symptoms vary by element (ie, Army, Navy, or Air Force), age,
gender, trade or profession, and unit [18]. Military members
who experience an mTBI in combat may be at risk of developing
career-limiting medical conditions [16]. As of 2019, mTBI
affected 1 in 25 CAF-SMs, with 5.7% female and 3.9% male
CAF-SMs diagnosed with mTBI over a 5-year period
(2012-2017) [18]. Notably, this was after the completion of
CAF’s involvement in Operation Iraqi Freedom (OIF) and
Operation Enduring Freedom (OEF), indicating that these
incidences of mTBI took place largely outside of combat zones
[18]. Among CAF-SMs deployed to Afghanistan during OEF
between 2009 and 2012, 5.2% self-reported experiencing an
mTBI, 21% of whom noted PCS [5,7]. In comparison, US
studies among military populations report mTBI rates of 12%
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to 22.8% during OEF and OIF, with PCS rates of 15.8% to 35%
[9-11,14]. The UK Armed Forces report a 4.4% mTBI
prevalence among SMs deployed into these global conflicts
[11]. Although numbers vary greatly between different global
militaries, the evidence base consistently demonstrates higher
rates of mTBI and PCS in military personnel than in civilian
populations. Similarly, although the incidence of PCS among
the global civilian population has been estimated at 15% [8], it
is well documented that this rate is elevated among military
populations, with global estimates ranging from 15.8% to 35%
[5,9,12,14-21]. This is because of a host of factors that are more
prevalent among military populations than civilians, including
a higher incidence of mental health disorders, exposure to
traumatic experiences, previous mTBI, stigma, and a general
lack of knowledge about mTBI [9,12,14-16].
Military members experience a higher incidence of posttraumatic
stress disorder (PTSD), anxiety, and depression, which can have
significant functional implications when co-occurring with
mTBI. mTBI or TBI and mental health disorders, such as PTSD,
can co-occur from the same or separate traumatic incidents
[6,7,9-16]. The presence of trauma, as well as previously
diagnosed neurological or mental health disorders, has been
demonstrated to exacerbate mTBI symptoms and may be a
major factor in the presence, longevity, and severity of PCS
[5,12,13]. Additionally, it is possible that military members
have had multiple previous mTBI that may or may not have
been formally diagnosed [18]. The compounding effects of
subsequent mTBI have been researched in recent years;
however, the severity, longevity, and specificity of these
symptoms and subsequent dysfunction they may cause are still
widely unknown [7,8].
In addition to symptoms and stressors directly attributed to
mTBI, psychosocial stressors may also be experienced by
military members. Such stressors may include social and
geographical isolation as well as concerns regarding medical
employment limitations. It is widely acknowledged that mTBI
is underreported both in the CAF and other global militaries
because of several factors including stigma, fear of career
implications, and ignorance of the potential seriousness of mTBI
[9,12,18]. Seeking medical care and receiving an mTBI
diagnosis may result in time away from work or absences from
courses, training exercises, or deployments [13,16,18]. Military
members may not have awareness that resources and
interventions available through primary care, physical
rehabilitation, and mental health could assist with recovery from
mTBI or PCS. Widespread education about mTBI and treatment
options that reduce perceived or actual stigma and threats to
careers may be effective in reducing the negative impact of
mTBI and PCS.

Psychoeducation for mTBI Among Military Populations
Various interventions for treating mTBI symptoms have been
studied among military populations [15-19,21]. A 2015 study
reviewing the effectiveness of interventions for military
members with mTBI, PCS, and mental health comorbidities
isolated 4 categories of interventions: psychoeducation,
psychotherapy, cognitive rehabilitation therapy, and integrated
behavioral health interventions [15]. Psychoeducational
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e19807 | p.377
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interventions have a strong evidence base both as treatments
for mTBI and as supplements to therapies for mental health
disorders in both the acute and chronic phases of the illness
[8,14,15,17,19-21]. Access to appropriate and timely
psychoeducation is important to facilitate timely recovery from
mTBI [8,15,17,19-21]. Providing psychoeducation directly after
sustaining a mTBI and during the chronic phase (ie, PCS) has
been demonstrated to reduce the impact and longevity of somatic
symptoms and the potential exacerbation of mental health
distress [8,15,17-20].
Military members require psychoeducational interventions that
are clinically effective, cost-effective, user friendly, available
in multiple environments, secure, and confidential [3]. This is
particularly important when in-person therapy is not possible,
such as during deployment, natural disaster response, or a
pandemic. At such times, it is essential that clinicians explore
more novel interventions and modes of service delivery, which
may include the use of smartphone apps. As apps have evolved
with better accessibility, usability, and quality, the delivery of
psychoeducational material for behavioral change and health
improvement via this method has become more common. This
paper will refer to apps as opposed to applications in accordance
with recommendations Lewis et al [22] in 2014.

mHealth and mTBI
As with the civilian population, the use of health apps is
becoming more widespread within military populations [3,23].
A 2018 scoping review of mental health mobile apps for use
by military members reviewed the current literature aimed at
determining whether or not mobile apps are perceived as an
acceptable form of mental health support [23]. Studies included
in the review addressed app utilization through an assessment
of users’ general attitudes of the app, perceived ease of use, and
whether they would recommend the app to others [23]. Although
the majority of the studies were conducted with the US military,
the results of the review overwhelmingly indicated that military
members were generally willing to use apps [23] and viewed
mobile apps as being an ideal supplement to traditional health
care [3,23].
Since the first appearance of an mTBI-based app in 2009, apps
specific to mTBI have been rapidly produced and evolving [24].
A 2018 review searching a wide variety of available
mTBI-focused apps found 5 general categories: (1) education
and prevention, (2) diagnostic assessment, (3) head impact
sensors, (4) symptom tracking, and (5) treatment [25]. The most
common type of available mTBI apps, and arguably the most
controversial in the evidence-based literature, are those in the
diagnostic assessment category, which are designed and/or
marketed to sports medicine professionals or the general public
for use in the recognition and assessment of concussion [24].
Although diagnostic assessment apps may widen the opportunity
to identify mTBI, they also provide the potential for
less-qualified individuals to use such apps inappropriately [24].
To date, only a limited number of medical devices have been
approved or cleared by the Food and Drug Administration to
aid in the diagnosis, treatment, or management of head injury,
and these do not yet include smartphone apps [26]. Research
on apps specific to mTBI has largely focused on the diagnostic
http://mhealth.jmir.org/2020/8/e19807/
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abilities of apps and not on the quality of psychoeducational
content that these apps provide. This gap in the literature relates
especially to the military medical context.
There are both potential benefits and challenges associated with
using apps for health and behavioral change. Benefits include
decreased stigma and improved privacy, immediate access to
psychoeducational content, reduced wait times to access
resources, less administrative burden for appointment
scheduling, and the ability to track symptoms and share
information with health care providers [2,3,27]. There is also
evidence to suggest that health care apps may increase
help-seeking behaviors and engagement with health care services
[27]. Specific to military personnel, the use of mobile
technologies for mental health support and care may be a
desirable option for many military members and veterans who
fear stigmatization and the career implications of engaging with
health care systems [23]. Along with the potential benefits of
health care apps are potential challenges. Some apps may have
a limited evidence base or health care professional involvement
during their development phase. This is particularly problematic
given that apps in development are not required to undergo any
certification or regulatory process, and as many health apps do
not utilize peer-reviewed research, their purported claims may
not be backed by evidence and may be misleading [2,3,28,29].
Although multiple apps are available specifically for TBI, few
guidelines exist to assist individuals in evaluating whether the
value of such an app is supported by evidence [24,25].

Purpose
The purpose of this evidence-based app review was to (1) use
the Mobile Application Rating Scale (MARS) [2] to evaluate
smartphone apps that advertise the provision of
psychoeducational support for those who have sustained an
mTBI or a PCS, (2) explore the relevance, utility, and
effectiveness of these apps to facilitate symptom management
and overall recovery from mTBI among military personnel, and
(3) discuss considerations pertinent to health care professionals
and patients with mTBI when considering the use of mHealth,
including apps for mTBI psychoeducation. It is hypothesized
that multiple high-quality apps exist specific to mTBI in the
military
population
that
provide
evidence-based,
population-specific psychoeducation for mTBI.

Methods
An app search was conducted on January 31, 2020. The Google
Search Engine, the Google Play Store (Canadian) and the Apple
App Store (Canadian) were the 3 platforms used for the search.
Initial search terms employed with the Google search engine
included “military” and “mtbi” or “mild traumatic brain injury”
or “concussion” and “apps” or “applications” or “mobile device
applications.” Google was selected as the database because of
its familiarity, popularity as a search tool, and accessibility from
CAF computers. A Google search also provides the user with
peer recommendations, which can provide more information
about the usefulness of the app for specific populations and may
describe features in more detail than the description provided
by the 2 app stores. Searches were then conducted on the Apple
App Store and the Google Play Store using the terms
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e19807 | p.378
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“concussion” and “mTBI.” The Department of Defense Mobile
Health Practice Guide (3rd ed) was also utilized as a starting
point; however, it had not been recently updated and did not
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yield any apps that were not found via the Google search [3].
Review of the apps involved 5 rounds of elimination (Figure
1) and the evaluation of the selected apps using the MARS.

Figure 1. Summary of the 5 rounds of elimination to analyze the apps. mTBI: mild traumatic brain injury.

Rounds of Elimination
In Round 1, the writer screened descriptions from the app stores
and excluded apps that were irrelevant, which included games
and health and fitness apps unrelated to mTBI. Apps were also
excluded if they had an associated cost, were specifically created
for use by health care clinicians, were not in English or French,
and were not accessible by the author on either the Apple App
Store or the Google Play store. In Round 2, apps that were meant
for peer support purposes, brain games, text messaging apps,
for individuals aged 18 years or younger, and/or specific to 1
symptom of mTBI were also excluded. These included
eye-tracking apps, balance apps, and apps aiming to diagnose
an mTBI (such as sport-specific sideline apps) that did not have
an associated psychoeducational component. Apps were
excluded if they did not specifically address mTBI or concussion
in the description or title and/or were designed for other
purposes (ie, first aid apps). This was because of the assumption
that if an app is not specifically designated for concussions or
mTBI and does not list this in the name or description, it is
unlikely that a person would recognize and choose the app. In
Round 3, the remaining apps were compared from the Apple
App Store with the Google Play Store to remove duplicates. In
elimination Round 4, the writer opened the apps using an iPhone
8 iOS 12.3 (Apple Inc) and Google Pixel XL with Android 9.0.
Apps were then excluded if they were intended to be used
alongside an in-person therapist or sports coach, or if they
otherwise did not include a psychoeducational component for
http://mhealth.jmir.org/2020/8/e19807/
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a patient recovering from an mTBI. If the app remained and its
purpose was for mTBI detection but it had an educational
component, it was included for further consideration. Round 5
involved the use of the MARS for evaluation. A literature search
of the 13 apps that remained at Round 5 was conducted using
the Scopus, Medical Literature Analysis and Retrieval System
Online (MEDLINE), Excerpta Medica dataBASE (EMBASE),
and Cumulative Index of Nursing and Allied Health Literature
(CINAHL) Plus databases. The aim of this literature search was
to determine whether studies using the apps had been published
in the evidence-based literature.

MARS
Once the remaining 13 apps were screened and selected for
inclusion in this review, they were evaluated by 3 raters using
the MARS [2]. The MARS was created by Stoyanov et al [2]
in 2015 for developing an mHealth app rating tool that was
reliable, multidimensional, and which could provide a
framework to trial, classify, and rate apps. Stoyanov et al [2]
developed the MARS and found a high level of interrater
reliability for overall MARS scores after evaluating 50 health
and well-being apps. The components of the MARS were
selected following a literature review to determine existing
websites and app evaluation tools and after consulting a
multidisciplinary advisory team that included psychologists and
mHealth developers [2]. The resulting 3 MARS categories, app
quality, app subjective quality, and app specific, were chosen
to merge existing mHealth evaluation criteria into a format that
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e19807 | p.379
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was not overly technical, difficult to use, or specific to any one
health domain [2].

targeted health behavior. These items were rated on a scale from
1 (strongly disagree) to 5 (strongly agree).

The app quality category is broken down into 4 subsections:
(A) engagement, (B) functionality, (C) aesthetics, and (D)
information (Table 1) [2]. Each subsection is averaged with a
mean score out of 5. Engagement (A) is addressed using 5
questions and explores the ability of the apps to hold a user’s
attention by rating (1) how interesting it was to use, (2) how
well-tailored it was to the targeted users, (3) how fun or
entertaining it was, and (4) how well it could be customized for
each user. Functionality (B) has 4 questions that rate how well
the app works for the user. This includes how intuitive the
gestures and icons are, how well the components worked when
trialed, and how easy it is for a new user to learn. Aesthetics
(C) is the shortest subsection, with 3 questions addressing the
quality of the visual appeal and graphics. Information (D) is the
last and largest subsection, with 7 questions exploring the
credibility of the developer and content in the app and whether
the app’s efficacy has been tested and reported in published
research. This section also addresses how the information within
the app is presented to users (eg, is the information accessible
to the target audience?) and if the information is of sound quality
[2].

Use of the MARS to rate apps has numerous benefits. Its
consideration of a health app based both on design elements
(ie, color, graphic resolution, and layout) and content is essential
for evaluating quality [2]. Newly published research exploring
the quality of apps intended to equip individuals to self-manage
their disease reports that apps that have been tested and rated
highly on the MARS tool are trustworthy for clinicians to
recommend to clients [30]. The MARS was selected to facilitate
evaluation of apps in this research project for these features and
because it is more comprehensive than the subjective star ratings
featured on app stores [4] and is customizable for this specific
research focus [2].

App-specific items are available to assess how effectively the
app is perceived to address or impact a targeted health behavior
[2]. In this study, the targeted health behavior was mTBI
management. The 6 app-specific items indicated the rater’s
belief that the assessed app would be able to increase the
knowledge of, attitude toward, and intention to change health
management strategies of someone with an mTBI. The
app-specific items also address how strongly the rater felt that
the use of the app would actually result in a change in this
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Three raters were trained in the MARS by watching the MARS
training video posted by Stoyanov on YouTube [31]. These
raters included a PhD candidate and a CAF Occupational
Therapist, an MSc Occupational Therapist, and an American
College of Sports Medicine Certified Clinical Exercise
Physiologist. The finalized app selection was evaluated by the
writers using the MARS January 30, 2020, with apps
downloaded onto a Samsung Galaxy Tab A SM-T350 with
Android version 7.1.1 software, Google Pixel XL with Android
9.0 software, and/or iPhone 8 iOS 12.3. The results from the
raters were averaged to create the final MARS score. The
Ontario
Neurotrauma
Foundations’ Guideline
for
Concussion/Mild Traumatic Brain Injury and Persistent
Symptoms: 3rd Edition, 5th International Conference on
Concussion in Sport Concussion Consensus Statement and
relevant military-specific evidence-based publications [15,18-20]
were used to evaluate the quality and accuracy of the
information (Information: Section D of MARS) provided within
each app [7,8].

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e19807 | p.380
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Jones et al

Table 1. The Mobile Application Rating Scale.
Sections and subsections

Question number and headings

App quality ratings
A. Engagement

1.
2.
3.
4.
5.

Entertainment
Interest
Customization
Interactivity
Target group

B. Functionality

1.
2.
3.
4.

Performance
Ease of use
Navigation
Gestural design

C. Aesthetics

1.
2.
3.

Layout
Graphics
Visual appeal

D. Information

1.
2.
3.
4.
5.
6.
7.

Accuracy of app description
Goals
Quality of information
Quantity of information
Visual information
Credibility
Evidence base

1.
2.
3.
4.

Would you recommend this app to people who might benefit from it?
How many times do you think you would use this app in the next 12 months if it was relevant to you?
Would you pay for this app?
What is your overall star rating of the app?

1.
2.
3.
4.
5.
6.

Awareness
Knowledge
Attitudes
Intention to change
Help seeking
Behavior change

App subjective quality
N/Aa

App specific
N/A

a

N/A: not applicable.

Results
The search yielded 347 apps that were subjected to 5 rounds of
elimination (Figures 1 and 2). The results of the Apple App
Store and Google Play Store searches conducted on January 31,
2020, resulted in 13 apps (refer to Figure 2 for a flowchart of
the exclusion process). When the Round 1 exclusion criteria
were applied, 254 apps from the 347 original apps were excluded
as they did not meet the inclusion criteria regarding language,
target audience, cost, or relevance. In Round 2, 60 apps were
further eliminated because of the goal of the app not specifically
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targeting psychoeducation for individuals with mTBI. A total
of 12 duplicate apps were removed in Round 3. After 20 apps
were opened for additional screening, 7 apps were removed in
Round 4. This resulted in a total of 13 apps that were evaluated
by the writer using the MARS. Information about each of the
13 apps is available in Tables 2 and 3.
Scores for each individual section of the MARS are listed in
Table 3. Scores ranged from 1 to 5 out of 5, with higher scores
indicating higher engagement, function, information, and overall
quality. The interrater reliability was 90% among the raters in
all sections of the MARS.
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Figure 2. App search results. MARS: Mobile Application Rating Scale.
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Table 2. Individual features of the 13 apps.

a

App names Developers

Availability

Log-in Internet

mTBIa
Ax.

Mindfulness

CBTb

Goal
setting

Symp- Return French Militom
to actary
track- tivity
ing

Concussion US Department
Coach
of Veterans Affairs

Google Play
and Apple App
Store

No

No

Yes

Yes

Yes

Yes

Yes

No

No

Yes

World
Mobanode
Rugby
Concussion
App

Google Play
and Apple App
Store

No

No

Yes

No

No

No

Yes

Yes

No

No

CDC
Centers for DisHeads Up! ease Control
Concussion (CDC)
and Helmet
Safety App

Google Play
and Apple App
Store

No

No

No

No

No

No

No

Yes

No

No

Concussion Hockey Canada
Awareness

Google Play
and Apple App
Store

No

Yes

No

No

No

No

No

Yes

No

No

Concussion Parachute
Ed

Google Play
and Apple App
Store

No

No

Yes

No

No

No

Yes

Yes

Yes

No

LifeArmor

Google Play
and Apple App
Store

Yes

No

Yes

Yes

Yes

Yes

Yes

No

No

Yes

CCMI
CCM Inc
Concussion
Tracker

Google Play
and Apple App
Store

Yes

Yes

Yes

No

No

No

Yes

No

No

No

Concussion ABI IreSmart
land/Medtronic

Apple App
Store

No

No

Yes

No

No

No

Yes

Yes

No

No

Concussion Sport Northern
NI
Ireland

Google Play

No

Yes

No

No

No

No

No

Yes

No

No

Concussion American Acade- Google Play
Quick
my of Neurology and Apple App
Check
Store

No

No

Yes

No

No

No

No

Yes

No

No

Concussion Programming is
Info
Fun

Google Play

No

No

No

No

No

No

No

No

No

No

How to
nermine_92
Treat a
Concussion

Google Play

No

No

No

No

No

No

No

No

No

No

PACE
PACE ConcusConcussion sion

Google Play

Yes

N/Ac

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

National Centre
for Telehealth
and Technology

mTBI: mild traumatic brain injury.

b

CBT: cognitive behavioral therapy.

c

N/A: not applicable.
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Table 3. Mobile Application Rating Scale scores for each of the 13 apps.
App names

Section A: engagement

Section B: function- Section C: aesality
thetics

Section D: information

App quality

Section E:
subjective

Section F:
app specific

Concussion Coach

3.8

4.3

4.7

4.6

4.4

5.0

4.3

World Rugby Concussion App

4.4

5.0

4.8

4.3

4.6

4.5

4.0

CDC Heads Up! Concussion and Helmet
Safety App

3.8

5.0

5.0

4.3

4.5

4.0

3.8

Concussion Awareness

2.4

2.8

2.3

2.7

2.6

1.8

2.7

Concussion Ed

3.6

4.8

4.3

4.0

4.2

3.5

4.0

LifeArmor

3.4

4.0

3.7

4.0

3.8

3.0

3.0

CCMI Concussion
Tracker

3.4

4.5

4.7

4.1

4.2

3.3

3.7

Concussion Smart

3.2

4.8

4.3

3.4

3.9

3.0

3.7

Concussion NI

2.8

4.0

4.7

4.0

3.9

3.0

3.7

Concussion Quick
Check

2.6

3.8

3.0

3.6

3.3

2.0

3.0

Concussion Info

2.4

2.3

2.3

2.3

2.3

1.8

2.7

How to Treat a Concus- 2.6
sion

3.8

3.3

2.3

3.0

1.5

2.7

1.0

3.0

1.3

1.8

1.0

1.0

PACE Concussion
a

N/Aa

N/A: not applicable.

Discussion
The decision of whether to use mHealth apps, as well as
selecting which apps are appropriate, can be complex even
without the addition of military health care, culture, and
contexts. There are multiple considerations that need to be taken
into account by both the person with an mTBI and/or a clinician
using an app to assist with a psychoeducational intervention.
To date, most of the available literature surrounding the use of
mHealth and smartphone apps for mTBI focuses on diagnostic
assessment or concussion recognition, and few studies have
been published regarding app quality for psychoeducation and
mTBI management. On the basis of the results of this search
and subsequent MARS evaluations, 5 apps demonstrated
superior app quality domains, including engagement,
functionality, aesthetics, and information. The 5 highest-scoring
apps included Concussion Coach, World Rugby Concussion,
CDC Heads Up!, Concussion Ed, and LifeArmor (Tables 2 and
3; Figure 3). For the app-specific component of evidence-based
merit (Information: Section D) for mTBI psychoeducation, the
highest-scoring apps included Concussion Coach, World Rugby
Concussion, CDC Heads Up!, Concussion Ed, and LifeArmor
(Table 3; Figure 3).
Rating apps using the MARS highlighted features of the apps
that may be beneficial to individuals with mTBI. Of the top
apps, World Rugby Concussion, CDC Heads Up!, and
Concussion Ed addressed acute mTBI recognition and
management by providing parents, coaches, and individuals
with instructions to follow in the event of sustaining an mTBI
in a sporting context (ie, remove from play); these instructions
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are consistent with the best practices for sport-related mTBI
[7,8]. All 5 apps provided a feature for symptom tracking. They
also provided psychoeducational material for mTBI management
and recovery, including information on mTBI acute
management, recognition, and return to activity. Concussion
Coach had the most robust psychoeducational resources of all
the apps, with extensive information on sleep, headaches, goal
setting, and cognition, in line with current best practice literature
for mTBI and PCS psychoeducation for civilians and military
populations [7,8,16,18]. Only 2 of the apps provided additional
links to find community support in the United States
(Concussion Coach and LifeArmor). Overall, the
psychoeducational content provided was consistent with the
current evidence base for mTBI recognition and management
for both civilian and military populations. At no point was the
information observed contraindicated for the recognition,
management, and recovery of mTBI. The top-5 rated apps
provided references or a link to a web resource where references
could be found. References were evidence-based materials and
seminal publications on mTBI management and best practices.
Most app users will be familiar with the 5-star rating system of
the Google Play Store and the Apple App Store as a subjective
manner for users to provide feedback on apps. Within this star
rating system, the scores of the aforementioned top apps, as
rated by the MARS, varied greatly. In the Apple App Store,
Concussion Coach, World Rugby Concussion, and
ConcussionEd each had 5 out of 5 stars, with CDC Heads Up!
and LifeArmor not having enough ratings to formulate an
average score. In the Google Play Store, CDC Heads Up! had
5 out of 5 stars, whereas World Rugby Concussion had 4.5 stars,
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e19807 | p.384
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Concussion Coach and LifeArmor had 4 stars, and Concussion
Ed had 3 stars. It was noted that many of these scores were
deemed as having less than 10 reviews. Although the 5-star
rating system of the platforms could be helpful for some users
deciding on whether to use the app, it is clear that the MARS
provides greater overall reliability and validity because of being
less subjective and having defined scoring criteria.

Jones et al
Although scoring from the MARS was helpful in assessing these
health apps and providing a numeric score and ranking, there
are many additional factors that need to be considered. These
factors will be further discussed, including app platform,
developer, internet requirement, cost, frequency of updates,
language, additional features, acknowledgment of mental health,
accessibility, and military specificity.

Figure 3. The top 5 scoring apps based on the Mobile Application Rating Scale (MARS) evaluation. Concussion Coach, World Rugby Concussion,
Concussion Ed, CDC Heads Up!, and LifeArmor.

App Platform
On searching both the Apple App Store and the Google Play
Store, it was evident that the Google Play Store contained more
apps; however, the Apple App Store produced a more refined
and relevant search results (Figure 1). The requirements to
publish apps vary between the Apple App Store and the Google
Play Store, which influence the quality and volume of apps
available. The Apple App Store has more rigorous review
processes before allowing an app to be available to the public,
which results in a more restrictive selection [32]. In addition,
apps that score poorly in their customer five-star rating system
risk being removed from the platform [32]. The Apple App
Store may be a better option for finding adequate and usable
apps for psychoeducation as a person with active symptoms of
mTBI may struggle with the volume of results and the need to
filter those that are not relevant [29]. Availability in both the
Google Play Store and the Apple App Store will maximize the
availability of the app to the target audience. It is evident that
a clear title and description is key for finding and using an app
[29].

Developer
Ideally, the developer of the app is an organization whose
policies and protocols are based on evidence-based,
peer-reviewed literature, such as a government or an academic
institution. The most common evidence-based apps are those
that were developed through nationally competitive government
or research funding and have undergone rigorous research
ideally with randomized control trials [2]. None of the results
yielded apps that had been researched to this degree.
Additionally, health care app developers do not always involve
medical professionals in app development; therefore, apps may
have limited referencing and make misleading claims [33].
When health providers recommend apps, they need to be
competent in the evidence-based literature on the topic to
evaluate the apps for the quality of the content and ensure that
http://mhealth.jmir.org/2020/8/e19807/
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it is in line with the desired therapeutic interventions and
outcomes [3]. Although this expectation may be realistic for
health care professionals who are clinically trained in a military
health care system, it could be an unattainable expectation for
military members in distress from an mTBI who are exploring
mobile resources for themselves [4].

Internet Requirement and Log-In
Most of the apps reviewed did not require an internet connection
to function once downloaded and installed. This may be an asset
for those apps intended for the military population as access to
the internet may not always be available, especially when on
deployment, in rural areas, or on a military exercise.
Additionally, many smartphone users have limited data and are
reliant on Wi-Fi. The requirement of a log-in and an account
may benefit users in that they can save more of their
customizations and information within the app and virtually
share their progress with health care professionals. Regular
access to the internet, however, may be required as well as the
sharing of more personal information within the app. The
top-rated apps, Concussion Coach, World Rugby Concussion,
CDC Heads Up!, Concussion Ed, and LifeArmor (Figure 3),
did not require internet access after the app was initially
downloaded to the device. In addition, they did not require a
log-in or an account that negated the need for additional personal
data to be stored and transmitted.

Cost
Cost is also a factor in selecting the right app for health care
needs, and health care professionals recommending the use of
apps should consider the benefits and drawbacks of free versus
paid apps. Free apps are more accessible and more likely to be
used but may come with intrusive advertisements that may be
distracting and confusing for someone experiencing cognitive,
vestibular, or visuospatial dysfunction from mTBI. Paid apps
may have fewer or no advertisements but are less likely to be
downloaded [34]. A 2015 study concluded that although 93%
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of smartphone users download apps, only 35.8% will purchase
apps that have an associated cost [34]. All 13 apps in this study
were free to download and did not provide an option to pay for
an upgraded version of the app. Advertisements were either
absent or subtle enough to not disrupt the user experience.

Up-to-Date
Several apps were outdated and had not undergone a version
update in several years. All apps encouraged periods of complete
rest after an mTBI; however, the evidence base is evolving
toward a more active approach to recovery [7,17]. Although no
regulations or standards exist regarding the frequency with
which a developer should update an app, these apps should
ideally be updated regularly enough to reflect the rapidly
changing evidence base and recommendations regarding
psychoeducation and mTBI management [28]. The 5 top-rated
apps had received updates within 24 months of the app search,
except the French version of Concussion Ed (last updated
version in 2017).

Language
Concussion Ed was the only app available in both of Canada’s
official languages, English and French. All other apps reviewed
were only available in English. If the CAF wishes to use a
standard app across all regions, there is currently only 1
available option that will meet the official language needs of
the country.

Jones et al
frequent tracking could conceivably foster hypervigilance and
preoccupation with symptoms, especially among anxious
individuals [25].

Acknowledgment of Mental Health
To provide evidence-based best practice care for mTBI, it is
important that a holistic multidisciplinary approach is
encouraged because of the variable experiences of those who
experience mTBI [10]. This requires that mental health distress
and diagnoses, such as PTSD, anxiety, and depression, are
acknowledged as potential contributors to mTBI and PCS,
especially in the military context where evidence of these
comorbidities is strong [15,17-20]. The majority of apps
reviewed did not contain reference to mental health. Although
mental health symptomology and its comorbid relationship with
mTBI is a key piece of the psychoeducational strategies
recommended for mTBI management and intervention, only 1
app, Concussion Coach, explicitly acknowledged the
comorbidity of mTBI and mental health conditions [8,15].
Furthermore, only 2 apps, Concussion Coach and LifeArmor,
provided resources for mindfulness, goal setting, and cognitive
behavioral therapy, which have been identified as components
of a psychoeducational or integrated behavioral health
intervention for mTBI and comorbid mental health conditions
[15].

Diagnostic Assessment or Recognition

Of the 13 apps reviewed, 6 contained education specific to return
to activities, such as sports, work, military duty, and/or school.
Of the top 5 rated apps, the World Rugby Concussion, CDC
Heads Up!, and Concussion Ed included this component and
had concrete, specific examples for activity grading of
frequency, volume, and intensity for both physical and cognitive
tasks. The suggested return to play, school, or work guidance
was consistent with evidence-based and best practice
recommendations [7,8]. Guidance on return to activity is a
common reason civilians and military members alike seek
guidance from health care professionals [17]. This is also an
area that is rapidly evolving in the literature as recent studies
increasingly promote a more active recovery in contrast to
previous recommendations that advocated for a longer period
of complete rest immediately after sustaining an mTBI [7,8,17].

Of the 13 apps, 7 had a component of acute mTBI assessment
or recognition. Several were based on well-known and validated
diagnostic tools utilized in a health care context such as the
Glasgow Coma Scale and the Sport Concussion Assessment
Tool 3 or 5 (SCAT3/SCAT5) [7,36,37]. The SCAT3/SCAT5
is a commonly used and evidence-based mTBI screen
recommended for use during sport [7,37]. Of the top 5 rated
apps, 3 (World Rugby Concussion, CDC Heads Up!, and
Concussion Ed) included this component. As all the apps in this
review are indicated for use by the general public, the mTBI
assessment and recognition could carry significant legal liability,
which is a concern that has been voiced in other reviews [24,25].
As stated earlier, none of the available smartphone apps in
Canada and the United States have been federally regulated or
approved for use in diagnosing mTBI [25,26]. The diagnostic
utility of apps in mTBI detection is a controversial topic with
emerging evidence-based literature [38-40].

Symptom Tracking

Accessibility

Of the 13 apps, 6 had a component of interaction with the app
that allowed for customized day-to-day symptom tracking.
Symptom tracking features addressed symptoms such as
dizziness, headaches, balance issues, cognitive dysfunction,
nausea, visual disturbances, sensitivity to noise, hearing
difficulties, fatigue, sleep disturbances, and mood changes.
Consistent with best practice recommendations, some apps
utilized evidence-based outcome measures such as the
Neurobehavioral Symptom Inventory to guide questions
regarding symptom occurrence and severity [8,35]. Symptom
tracking may have benefits such as allowing a patient with an
mTBI to visualize improvement and better report their symptom
status to their health care team. This may assist with decisions
to re-engage with returning to certain activities. Conversely,

Readability and function of a concussion app needs to be
appropriate for an individual experiencing mTBI symptoms;
however, most apps contain layouts and fonts that would be
difficult to read and process for individuals with visuospatial
or cognitive symptoms of mTBI. As symptoms of concussion
may include light sensitivity, difficulty reading, and visual
disturbances, larger fonts, high visibility text, pictures or
diagrams, and an intuitive interface are very important for
usability [41]. Only Concussion Ed had a customizable interface
that allowed the user to easily enlarge the text. In the opinion
of the authors, the apps that scored in the top 5 had the best
visibility and usability of the 13 apps assessed. With mTBI and
its symptomatology being multifaceted and complex,

Return to Activity
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intervention and rehabilitation will vary widely depending on
the needs of the person [20].

Military Specificity
As mentioned earlier, the use of “military” as a search term
confounded the app search with multiple games and other
nonrelevant apps. It is unrealistic to expect someone to search
through all the options, especially if they are experiencing
distress and cognitive dysfunction, as may be the case with
military members who sustained an mTBI or a PCS and/or have
a mental health condition [42]. Given the rate at which new
apps are entering the marketplace, the open access nature of
app stores may impact the effectiveness of starting a search
there; consequently, search results are not guaranteed to be
consistent [42].
Only 2 apps, Concussion Coach and LifeArmor, provided
military-specific resources. The majority of apps, as well as
evidence-based literature on mTBI, focus on sport-related mTBI,
which is common in the civilian population. Although military
populations experience these types of mTBI, apps specific to
military contexts would be an asset as there are multiple
complexities within military organizations, cultures,
occupational roles, and the environment to which civilians are
not exposed [13].
Military members are exposed to a variety of physical and
psychosocial variables, which either in isolation or in
combination can exacerbate the severity, longevity, and
dysfunctionality of mTBI symptoms [9-16,43]. Psychosocial
factors that are prevalent at a higher rate in military populations
include increased geographical isolation, alcohol consumption,
mental health diagnoses (ie, depression, anxiety, and PTSD),
chronic pain, TBI, and sleep disturbances, all of which can
exacerbate mTBI symptoms [9-16]. In addition, military contexts
necessitate higher levels of cognitive functioning. Cognitive
dysfunction can potentially result in decreased efficiency and
effectiveness, along with an increased risk of harm to self, the
unit, and a mission [18]. Reduced physical, mental, and/or
cognitive functioning may result in involuntary release from
the CAF because of the inability to meet the Universality of
Service criteria for employment, deployment, and fitness [44].
Moreover, as a CAF-SM transitions from the CAF to veteran
status, PCS may continue to contribute to challenges within the
transition processes, the family unit, civilian employment,
leisure activities, and self-care [21].
Blast injuries are also more unique to military populations, with
a portion of the mTBI sustained by military members during
OEF and OIF being potentially attributable to members being
in close proximity to explosions [5,9-13,43]. A blast mTBI is
an injury to the brain leading to dysfunction that is the result of
an explosion or a blast [13,43]. Despite differences among
mechanisms of injury, no significant variations in mTBI
symptoms and PCS caused by blast versus blunt force have
been identified apart from a blast mTBI preceding more severe
hearing loss [13]. Finally, repeated exposure to low-level head
trauma, such as being in proximity to low-level blasts, use of a
ram, or other weapon utilization, is another mechanism of
possible head trauma that is unique to military and paramilitary
personnel being explored in the literature [45]. More research
http://mhealth.jmir.org/2020/8/e19807/
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is needed to determine whether these mechanisms cause
differences in the presentation of mTBI and PCS, and whether
military-specific mTBI needs to be addressed as a unique subset
compared with civilian mTBI.

Health Care Use and Future Direction
There is potential for psychoeducational apps for mTBI to be
utilized in a clinical setting [29]. A health care provider could
recommend a vetted app to assist with education, reassurance,
and potentially behavioral change. This may reduce the need
for multiple follow-up appointments and could assist with
symptom reporting and monitoring [3]. Some apps have a
feature that allows data to be electronically provided to the
health care professional, which could reduce the administrative
burden on both the health care professional and the patient as
long as data sharing, privacy, and security are considered [26].
Although there could be some benefits, this area of mHealth
remains novel and not without significant issues [1,27-29,33].
Currently, health-related mTBI apps, including those providing
psychoeducation and included in this review, are not formally
regulated by government agencies, although Concussion Ed is
endorsed by Health Canada [46]. The purpose of such regulation
would be to provide the consumer with confidence that the
product can be safely used [26]. Until this is changed, the onus
is on app developers and the app provider (ie, Apple or Google)
to provide the consumer with a well-documented and described
product and a clear indication as to the intended target group
of the app [24]. The abundance of available health apps and the
rapid rate at which they continue to be released indicate that it
will take considerable time for agencies or regulatory bodies to
monitor a virtual market for regulation [25,26].
None of the apps investigated were found to have rigorous
peer-reviewed research published on the app-specific
effectiveness of the psychoeducational or mTBI management
components. The lack of empirical research to demonstrate
effectiveness may be related to the short time frame during
which mHealth apps have emerged, the speed at which their
availability changes as well as the focus on diagnostic apps
opposed to psychoeducational apps [25].
The type and volume of data gathered from an electronic device
when an app is downloaded and the details of the electronically
signed end user license vary [46]. App creation, app use, and
data storage may all occur in different countries with different
laws and regulations regarding data privacy and sharing of data
collected through electronic means [47]. Data sharing and
privacy is a consideration that requires attention from
researchers, health care professionals, and the general public
when deciding on which app to utilize or if app utilization is
appropriate at all [33]. Future systems of app evaluation and
research would benefit from adding a component that considers
data sharing, storage, and privacy.
Technology acceptance and usability studies are also lacking
for apps related to mTBI [24]. There are few early feasibility
and compliance studies for mTBI apps published with small
sample sizes that are not specific to the psychoeducational
components of the apps [25]. Investigation into the feasibility,
logistics, security, IT compatibility, and acceptance by health
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care providers and military members with mTBI is critical to
the implementation of standardized practices in military health
care systems. The rapid rate at which mHealth is evolving
contrasts with the slower pace of traditional evidence-based
research practices [25]. Exhaustive evaluation for effectiveness,
efficacy, and usability through research may not be practical
and new approaches to evidence may have to be considered
[25]. New methods of research with novel tools, such as the
MARS, may also need further consideration and acceptance to
assist both with the rapid need for mHealth research and the
regulation of health apps.

settings, and routinely work with military and civilian
populations who have sustained mTBI. They are also skilled at
providing psychoeducational content to address mTBI and
support subsequent recovery. The execution of the a priori
process for app rating, coupled with the educational and clinical
experience of the researchers, contributed to the validity and
rigor of the app evaluation results and subsequent knowledge
synthesis of findings. As mHealth is a rapidly evolving field,
the brief time from app search and evaluation to manuscript
preparation facilitated timely knowledge translation and
integration into clinical practice.

Study Limitations and Strengths

Conclusions

This study has a number of limitations. First, the search and
identification of apps was limited to 1 day, and given the
fast-paced release of new apps, it may not have captured all
apps available till date. Second, there are specific concerns
regarding the use of the MARS as a rating tool for health apps.
The MARS does not address data sharing, security, and privacy,
which are important components to consider when making
decisions regarding mHealth utilization. Furthermore, the MARS
involves several potentially subjective responses by the raters,
most notably in the area of app subjective quality. For instance,
question 2 asks, “Is the app interesting to use? Does it use any
strategies to increase engagement by presenting its content in
an interesting way?” [2]. As such questions may be interpreted
subjectively, mitigation strategies were implemented. These
included rater participation in standardized video training before
rating the apps, engagement of multiple raters in the rating
process, and averaging ratings across raters [2,29].

As a component of mHealth, smartphone apps have become
widely available in recent years as app technology rapidly
improves. Similar to civilians, military populations have also
embraced the use of health apps, which may have advantages
specific to the challenges and barriers faced by military
personnel, including geographical isolation and stigma. Health
apps have the potential to be an engaging and accessible means
of providing psychoeducational information for mTBI
management. Of the 13 apps reviewed in this study, 5
(Concussion Coach, World Rugby Concussion, CDC Heads
Up!, Concussion Ed, and LifeArmor) were well-suited to provide
evidence-based psychoeducational information on mTBI
management. Only 2 (Concussion Coach and LifeArmor)
contained information specific to military populations and
addressed mental health information and strategies, which are
a critical component of mTBI and PCS management and
recovery [8]. Further research should investigate the
applicability, technology acceptance, and usability specific to
the utilization of psychoeducational apps among military
members with mTBI at the patient and health professional level
within military contexts such as garrison, training, and deployed
environments.

The main strength of this study is the systematic, methodological
evidence-based approach undertaken to evaluate the apps,
including the use of an evidence-based tool and multiple rounds
of elimination. In addition, the researchers engaged in this
project have clinical experience, are employed in clinical
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Abstract
Background: Modern smartphones contain sophisticated high-end hardware features, offering high computational capabilities
at extremely manageable costs and have undoubtedly become an integral part in users' daily life. Additionally, smartphones offer
a well-established ecosystem that is easily discoverable and accessible via the marketplaces of differing mobile platforms, thus
encouraging the development of many smartphone apps. Such apps are not exclusively used for entertainment purposes but are
also commonplace in health care and medical use. A variety of those health and medical apps exist within the context of tinnitus,
a phantom sound perception in the absence of any physical external source.
Objective: In this paper, we shed light on existing smartphone apps addressing tinnitus by providing an up-to-date overview.
Methods: Based on PRISMA guidelines, we systematically searched and identified existing smartphone apps on the most
prominent app markets, namely Google Play Store and Apple App Store. In addition, we applied the Mobile App Rating Scale
(MARS) to evaluate and assess the apps in terms of their general quality and in-depth user experience.
Results: Our systematic search and screening of smartphone apps yielded a total of 34 apps (34 Android apps, 26 iOS apps).
The mean MARS scores (out of 5) ranged between 2.65-4.60. The Tinnitus Peace smartphone app had the lowest score (mean
2.65, SD 0.20), and Sanvello—Stress and Anxiety Help had the highest MARS score (mean 4.60, SD 0.10). The interrater
agreement was substantial (Fleiss κ=0.74), the internal consistency was excellent (Cronbach α=.95), and the interrater reliability
was found to be both high and excellent—Guttman λ6=0.94 and intraclass correlation, ICC(2,k) 0.94 (95% CI 0.91-0.97),
respectively.
Conclusions: This work demonstrated that there exists a plethora of smartphone apps for tinnitus. All of the apps received
MARS scores higher than 2, suggesting that they all have some technical functional value. However, nearly all identified apps
were lacking in terms of scientific evidence, suggesting the need for stringent clinical validation of smartphone apps in future.
To the best of our knowledge, this work is the first to systematically identify and evaluate smartphone apps within the context of
tinnitus.
(JMIR Mhealth Uhealth 2020;8(8):e21767) doi:10.2196/21767
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Health care; Mobile Health; Smartphone Apps; Mobile Apps; Tinnitus; App Quality Assessment and Evaluation; MARS
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Introduction
Tinnitus is a condition mainly associated with the perception
of a continuous ringing noise in the ears in the absence of any
external sound source. The direct causative factors of the
perception of subjective tinnitus are manifold and are not fully
understood. However, tinnitus is often associated with
underlying damage in the inner ear, such as the loss of cochlear
hair cells. Worldwide, roughly 15% of the population suffers
from tinnitus; among them 2% experience a substantial decrease
in quality of life due to the phantom percept [1]. At present,
tinnitus is considered to be a condition that involves changes
at different levels of the auditory pathway, the auditory cortex,
and nonauditory areas such as the limbic system. These changes
may additionally be influenced by psychosocial stress (eg,
negative thoughts, stress at home, increased workload, etc),
which affects not only the emotional status of the patient but
also the auditory system [2,3]. Consequently, people with
tinnitus often report that their perception of it varies, including
its loudness or related distress [4]. This moment-to-moment
variability can be captured by utilizing ecological momentary
assessments [5]. Herein, we consider smartphone-based
solutions and apps that can be employed to better understand
tinnitus, or to offer assistance to patients with tinnitus in
managing tinnitus-related distress.
Interestingly in recent years, smartphones, smartphone apps,
and auxiliary health devices such as heart monitors and smart
wristbands have gained significant popularity by helping patients
to monitor and treat their health problems [6-8]. Specifically,
smartphones provide an app ecosystem that can easily be
extended with new apps. For instance, on one hand,
smartphone-based app solutions can be applied to monitor the
ecological or environmental surroundings of patients to better
understand health phenomena [9,10]. On the other hand, these
solutions can also easily be designed or tailored to assist patients
in managing or mitigating the symptoms of their health problems
[11]. Within the scope of this paper, such solutions can be
directly applied within the context of tinnitus and other closely
related health complaints, such as stress [12-15], Ménière
disease [16,17], hearing loss [18-20], vertigo [21-23], and
dementia [24,25]. Consequently, developers frequently push
new apps to the markets to capitalize on the growing interest
in health care–related smartphone apps in both academia and
industry. Thus, timely assessment and evaluation of these
smartphone apps are critically important, particularly due to the
sensitive nature of their target domain.
Several mobile health (mHealth) app assessment tools and
models are available [26-29], yet they either are focused on a
particular health domain or are too time consuming and complex
to employ in research. Furthermore, it is often hard to establish
an objective score based on these rating and assessment tools.
Nonetheless, among them the Mobile Application Rating Scale
(MARS) [30] is a reliable and valid instrument for the quality
assessment of smartphone-based medical apps or mHealth apps.
It offers a straightforward multidimensional rating process to
objectively assess health care apps without requiring excessive
training for the rater. In addition, MARS has been diversely and
widely used in evaluating smartphone-based health apps, for
http://mhealth.jmir.org/2020/8/e21767/
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instance, pain management apps [31], weight management apps
[32], diabetes management apps [33], and rheumatology apps
[34,35]. Additionally, MARS can be employed for rating
smartphone apps for complex psychological or physiological
conditions such as depression [36], hypertension [37], or tinnitus
[38]. In the field of tinnitus, Sereda and colleagues [38] gathered
tinnitus management apps based on patient opinion via a
web-based survey. Features of the patients’ most cited apps
were then analyzed with MARS. We again apply MARS to
evaluate tinnitus management apps, yet in this paper, we
emphasized systematic search and exploration of the most
prominent commercial mobile app platforms to identify the
relevant tinnitus apps. Furthermore, we aimed to identify and
evaluate recent apps (those newly added since 2019 or not
previously identified) in comparison to those previously
reviewed [38].

Methods
Overview
Our work offers 3 major contributions. First, based on the
PRISMA guidelines [39], we systematically searched, screened,
and identified smartphone apps aimed at assisting patients with
tinnitus. Second, with respect to the objective quality of the
smartphone apps and the user experience ratings, all identified
apps were critically evaluated and assessed based on MARS.
As an added step, we compared our MARS ratings to ratings
from other sources and computed interrating agreements. Last,
we gathered information for quality ratings of the health apps
from various established information platforms, as well as the
star ratings from the Google Play Store and the Apple App
Store.

Finding Relevant Apps
In order to generate an exhaustive overview of relevant tinnitus
apps, we employed PRISMA guidelines for a systematic search,
screening, and identification of the apps.
We performed an open keyword search (Textbox 1) on 2 of the
most prominent app markets, namely Google Play and Apple
App stores to cover both major mobile platforms (ie, Android
and iOS, respectively). Due to the device-specific limitations
of apps from different app stores, we did not include app stores
such as Amazon App Store, Sony Apps, Samsung Galaxy Apps,
Huawei App Store, and LG SmartWorld in our app search
workflow. Furthermore, third-party app providers such as
Aptoide and F-Droid were not taken into account as they are
not considered to be reliable sources because of security issues
and their reliance on rooted devices. Rooting is the process of
acquiring full system access or administrative control of mobile
devices. This process is highly discouraged by device
manufacturers and app developers as it may introduce security
vulnerabilities [40].
The overall workflow to systematically identify relevant apps
was based on PRISMA guidelines and is illustrated in Figure
1. The search yielded a total of 675 apps from both app markets
(Google Play Store: 334; Apple App Store: 341 apps); 311 apps
were identified after removing duplicates. These were screened
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satisfied the required criteria.

Textbox 1. Search summary.
Sources: Google Play Store and Apple App Store
Keywords:tinnitus, hearing, noise, cognitive behavior therapy (CBT), self-help
Strategy: manual investigation of app title, description, and top 10 comments (if available)
Inclusion criteria:
1. Smartphone apps with English title and description
2. Availability of smartphone app on either Google Play Store or Apple App Store
3. App title or description clearly addressing tinnitus, CBT, or self-help as the main subject matter
Exclusion criteria:
1. Apps with missing description
2. Misleading apps claiming to address tinnitus, self-help, or CBT.

Figure 1. PRISMA workflow for systematic identification of smartphone apps.

Using the same keywords (with the keyword app appended),
Google searches were performed to find any missing or
additional apps (in May 2019 and in December 2019). The
Google search yielded multiple webpages and forum posts. The
contents of these webpages and forum posts were manually
http://mhealth.jmir.org/2020/8/e21767/
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also performed searches on 3 independent third-party mHealth
app libraries: (1) the government-funded National Health Service
Apps Library [41], (2) the privately funded AppScript Library
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Library [43]. These third-party mHealth app libraries are web
portals that curate smartphone apps [44]. This ancillary search
of smartphone apps on webpages, tinnitus forums, and
third-party mHealth app libraries resulted in the identification
of 5 additional apps; therefore, a total of 34 apps were identified
for assessment and evaluation. All were available for Android,
whereas only 26 apps could also be used on the iOS platform.

internal consistency was based on Cronbach α [47], and the
interrater reliability was based on Guttman λ6 [48] as well as
intraclass correlation—ICC(2,k) with 95% CI [49].

Apps Assessments and Evaluations

A comprehensive list of apps that assist patients (ie, for
tinnitus-related relief) and that were identified through PRISMA
is shown in Table 1, with their respective properties. Among
the app properties, the downloads property provides insight into
the apps’ usage, however, in the case of the iOS platform, the
number of users is not publicly provided by the app store; rating
provides a general understanding of the quality of the app based
on the user opinion and is according to the app store’s rating
system; update reports the last recorded update for the
corresponding store; and for pricing, the app price is given, or
if the app was free, further information is given.

The smartphone apps that were identified in the app-store search
based on PRISMA guidelines were evaluated using MARS
scoring guidelines. To rate the smartphone apps, 4 raters (2
raters from a tinnitus domain, and 2 raters from a mobile
app–development domain with background in tinnitus research)
were recruited. According to the recommendations of the MARS
developers, the raters were instructed to watch a video
presentation [45] to familiarize themselves with the scoring
process. In addition and to further facilitate the familiarization,
the raters were requested to read the MARS scoring paper [30].
Next, all raters rated a sample app for training purposes, and
the results were discussed briefly to ensure that all raters had
the necessary understanding of the MARS scoring process as
well as the individual items of the MARS scale. Finally, all of
the raters were assigned all of the identified apps for rating
purposes. Note that the quality rating of the MARS is based on
a scale ranging from 1 to 5 points: 1=inadequate, 2=poor,
3=acceptable, 4=good, and 5=excellent. MARS further includes
19 items that are divided into 4 subscales, namely, engagement,
functionality, aesthetics, and information quality. Additionally,
MARS includes a fifth category, namely subjective, which is
not included in the calculation of the final MARS score.
In order to evaluate MARS scores from the 4 raters, we
calculated the interrater agreement based on Fleiss κ [46], the
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Results
Tinnitus Relief Using Smartphones

A categorical distribution of the smartphone apps that were
identified is depicted in Figure 2. Two main categories were
identified based on the app descriptions: tinnitus therapy (24
apps) and cognitive behavior therapy (10 apps). In the
tinnitus-therapy category, 18 apps had the main focus of
providing of sound therapy, including sounds for tinnitus
masking (7 apps), sound habituation (4 apps), neuromodulation
(4 apps), and distraction (3 apps). The remaining 6 apps of the
tinnitus-therapy category were almost evenly distributed among
zen therapy (1 app), notch therapy (1 app), game-based therapy
(1 app), individual therapy (1 app), and tinnitus management
(2 apps). Cognitive behavior therapy for tinnitus made up the
other main category (self-help: 6 app; chatbots: 3 app;
acceptance and commitment therapy: 1 app).
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Table 1. Tinnitus relief–related apps.
Appa

Description

Downloads

Rating (out of 5)

Update

Pricing, € (US $)b

Beltone Tinnitus
Calmerc

Combination of relaxation exer- Android
cise and sound therapy to avoid
iOS
tinnitus

>1000

4.7

September 2019

In-app purchases

—

5.0

September 2019

In-app purchases

CBTd Companion

Employs visual tools to learn
and practice CBT techniques

Android

>50,000

4.6

February 2019

In-app purchases

iOS

—

4.7

February 2019

Free

Diapason for tinnitusc Game-based digital therapeutic Android
providing app for tinnitus relief
iOS

>5000

3.1

May 2019

In-app purchases

—

—

May 2019

In-app purchases

H & T Sound Therapy Noise player (pink noise, white Android
noise or brown noise) for
masking tinnitus

>10,000

4.3

October 2019

Free

Kalmeda mynoisec

Offers medically based individ- Android
ual tinnitus therapy
iOS

>1000

3.0

July 2019

In-app purchases

—

3.6

July 2019

In-app purchases

CBT tools to manage and con- Android
trol anxiety
iOS

>100,000

3.9

October 2019

Free

—

4.2

October 2019

Free

Moodfit—Stress &
Anxiety

Stress and anxiety management Android
and tracking, and offers CBT
exercises

>5000

4.4

August 2019

Free

myNoisec

Controlling tinnitus via combi- Android
nation of different sounds and
iOS
noises

>100,000

4.4

March 2018

In-app purchases

—

4.6

April 2019

In-app purchases

Self-help CBT companion
based on 3-column technique

Android

>10,000

3.6

July 2019

In-app purchases

iOS

—

4.7

September 2019

In-app purchases

Sleep assisting app that combines sounds and melodies

Android

>10,000,000 4.6

May 2019

Ad-supported, in-app
purchases

iOS

—

4.8

May 2019

In-app purchases

MindShift CBTc

Quirk CBT

Relax Melodiesc

Platform

Relax Noise 3c

Masking tinnitus by using red,
white, or pink noise

Android

>100,000

4.2

March 2015

Free

ReSound Reliefc

Avoiding tinnitus using combi- Android
nation of sound therapy and reiOS
laxation exercise

>100,000

4.5

February 2019

In-app purchases

—

4.7

January 2019

In-app purchases

Sanvello—Stress &
Anxiety Help

Audio and video CBT exercis- Android
es, anxiety tracking and manageiOS
ment

>1,000,000

4.6

February 2019

In-app purchases

—

4.8

Nov 2019

In-app purchases

SimplyNoisec

Controlling and managing
stress and tinnitus using white
and brown noise

Android

>50,000

3.7

June 2012

Free

4.4

May 2018

In-app purchases

CBT based visual exercises to
manage stress and anxiety

Android

>10,000

4.2

July 2019

In-app purchases

iOS

—

4.6

June 2019

In-app purchases

Tinnitus masking, self-manage- Android
ment, and education app
iOS

>10,000

4.3

October 2017

Free

—

3.9

October 2017

Free

Masking tinnitus using customized tones

Android

>100

2.7

January 2015

7.95 (9.38)

iOS

—

1.3

January 2015

8.03 (9.48)

Controlling and managing tinni- Android
tus by filtering out music for
iOS
sound therapy

>10,000

3.8

April 2019

In-app purchases

—

3.6

February 2019

In-app purchases

Controlling annoying tinnitus
using customized sounds or
music

Android

>50,000

3.7

March 2016

Free

iOS

—

2.3

March 2016

Free

Stress & Anxiety
Companion
Starkey Relax

StopTinnitus

c

c

Tinnitracksc

Tinnitus Balance
Appc

http://mhealth.jmir.org/2020/8/e21767/

XSL• FO
RenderX

iOS

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e21767 | p.396
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Appa

Description

Tinnitus Helpc

Downloads

Rating (out of 5)

Update

Pricing, € (US $)b

Tinnitus masking using natural Android
sounds or music
iOS

>500

3.0

November 2015

9.90 (11.68)

—

4.4

January 2019

17.99 (21.23)

Tinnitus Notch

Provided custom tailored notch Android
therapy for tinnitus relief

>1000

2.7

September 2016

In-app purchases

Tinnitus Peace

Offers melodies to match the
Android
frequency of tinnitus to reduce
its effects

>5000

3.8

November 2015

Free

Tinnitus Relief

Tinnitus masking using headphones

Android

>10,000

4.2

December 2019

In-app purchases

Tinnitus Sound Thera- Sound/acoustic therapy for
py
masking tinnitus

Android

>10,000

3.9

June 2019

Free

Tinnitus Therapy

Android

>500

3.6

February 2019

6.49 (7.66)

iOS

—

5.0

March 2019

5.36 (6.32)

Tonal Tinnitus Thera- Helps to mitigate symptoms of Android
tonal tinnitus based on acoustic
pyc
neuromodulation

>10,000

4.0

July 2018

In-app purchases

Track Your Tinnitusc

>1000

2.1

October 2018

Free

—

5.0

June 2017

Free

What's Up? A Mental Offers CBT and ACTe methods Android
Health App
to manage stress, anxiety as
iOS
well as depression

>50,000

4.4

June 2019

In-app purchases

—

4.6

December 2016

In-app purchases

Whistc

Android

>1000

4.2

March 2017

2.18 (2.57)

iOS

—

3.7

January 2019

1.78 (2.10)

Masking and controlling tinni- Android
tus using environmental sounds
iOS

>5000

4.6

September 2018

3.19 (3.76)

—

4.8

April 2019

2.67 (3.15)

Avoiding tinnitus using relax- Android
ing zen sounds and exercises to
iOS
manage tinnitus

>10,000

3.8

May 2017

Free

—

5.0

November 2017

Free

A chatbot for guided-CBT to
manage stress and anxiety

Android

>100,000

4.8

November 2019

Free

iOS

—

4.7

November 2019

Free

A chatbot offering CBT and

Android

>1,000,000

4.7

November 2019

In-app purchases

(Lite)c

Avoiding tinnitus with sound
masking and therapy

Widex Zenc

Woebot—Your SelfCare Expert

c

Wysa: Mental Health
c

Platform

Managing tinnitus by tracking Android
tinnitus patterns in daily activiiOS
ty

Controlling tinnitus using
sounds with adjusted volume,
pitch, etc

White Noise (Lite)c

f

Therapy

DBT techniques

iOS

—

4.7

December 2019

In-app purchases

Youper—Emotional

A chatbot based on CBT and
ACT techniques monitoring
and tracking mood changes

Android

>1,000,000

4.7

December 2019

In-app purchases

iOS

—

4.9

December 2019

In-app purchases

Healthc
a

Mehdi et al

Retrieved December 15, 2019.

b

An exchange rate of €1 to US $1.18 is applicable.

c

Apps reported in literature.

d

CBT: cognitive behavior therapy.

e

ACT: acceptance and commitment therapy.

f

DBT: dialectical behavior therapy.
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Figure 2. Categorical distribution of identified apps. CBT: cognitive behavior therapy; ACT: acceptance and commitment therapy.

Evaluation of Tinnitus Relief Apps
The ratings of each individual rater and the mean of all 4 raters
are depicted in the Figure 3; it can be seen that evaluations are
rather consistent between the 4 raters. Note, that MARS ratings
range from 1 (inadequate) to 5 (excellent); however, none of
the apps in our evaluation process scored less than 2. To ensure
consistency between raters and internal consistency, as well as
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reliability, we performed statistical psychometric analyses (Table
2).
In addition to the objective MARS scores calculated using the
arithmetic mean of 4 categories (engagement, functionality,
aesthetics, and information quality), MARS guidelines also
allow subjective scoring of the smartphone apps, reflecting
individual rater opinion. In Figure 4, the results of the subjective
criteria of the MARS questionnaire are shown.
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Figure 3. MARS scores.
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Table 2. Interrater agreement, internal consistency, and reliability with interpretations [46-49].

a

Rating category

Fleiss κ

Cronbach α

Guttman λ6

ICC(2,k)a (95% CI)

Engagement

0.62 (substantial)

.93 (excellent)

0.93 (high)

0.92 (0.88-0.95) (excellent)

Functionality

0.52 (moderate)

.90 (excellent)

0.89 (high)

0.89 (0.82-0.93) (good)

Aesthetics

0.49 (moderate)

.96 (excellent)

0.97 (high)

0.94 (0.88-0.97) (good)

Information

0.78 (substantial)

.96 (excellent)

0.96 (high)

0.96 (0.94-0.98) (excellent)

MARSb score

0.74 (substantial)

.95 (excellent)

0.94 (high)

0.94 (0.91-0.97) (excellent)

Subjective score

0.45 (moderate)

.96 (excellent)

0.96 (high)

0.95 (0.92-0.97) (excellent)

ICC: intraclass correlation.

b

MARS: Mobile Application Rating Scale.

Figure 4. Mean MARS subjective score (with range).

Additionally, we gathered information on the quality of the apps
from various repositories. We used existing ratings both from
established information platforms for health app quality ratings
as well as from the Google Play Store and the iOS App Store
(star ratings). The first information platform that we chose was
PsyberGuide [50], which is a nonprofit website that is funded
by One Mind and operated by Northwestern University.
PsyberGuide’s app reviews consist of a credibility score that
represents the research support, a user experience score that is
based on MARS, and a transparency score that represents the
app developer’s privacy information transparency. The second
information platform that we chose was ORCHA [51], an
organization that offers evaluations of health apps and advice
for governments, health, and social care organizations. ORCHA
app reviews consist of a score that is a calculated mean of the
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3 domains: data privacy, clinical assurance, and user experience
plus a level that classifies the app in 1 of 5 levels based on their
focus and functionality. This quality information is given in
Table 3.
Since the objective MARS scores calculated in this paper and
PsyberGuide and ORCHA ratings (apart from PsyberGuide’s
user experience) are incomparable, a separate chart (Figure 5)
depicts a comparison of MARS scores from our study with those
from 2 papers from literature [38,52] and with PsyberGuide’s
user experience score. The MARS scores in [38] are for general
tinnitus apps such as Beltone Tinnitus Calmer, Relax Noise 3,
ReSound Relief, myNoise, Tinnitus Therapy (Lite), and White
Noise (Lite), while MARS scores in [52] are given for
mindfulness and cognitive behavior therapy apps such as Relax
Melodies and MindShift CBT.
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Table 3. Rating scores comparison (higher numbers are better for all criteria).
App

ORCHA

Star rating

Credibility

User experience

Transparency

Score, %

Level

Android

iOS

2.14

3.70

Questionable

69

3

3.9

4.2

Sanvello—Stress & Anxiety Help 4.29

4.79

Acceptable

N/Aa

N/A

4.6

4.8

Stress & Anxiety Companion

1.80

N/A

N/A

N/A

N/A

4.2

4.6

What’s Up? A Mental Health App 1.43

3.83

Unacceptable

51

3

4.4

4.6

Woebot—Your Self-Care Expert

4.64

4.38

Acceptable

N/A

N/A

4.8

4.7

Wysa: Mental Health Therapy

3.86

3.86

Acceptable

N/A

N/A

4.7

4.7

Youper—Emotional Health

2.50

4.33

Questionable

N/A

N/A

4.7

4.9

Widex Zen

N/A

N/A

N/A

77

3

3.8

5.0

Whist

N/A

N/A

N/A

71

3

4.2

3.7

Tinnitus Therapy (Lite)

N/A

N/A

N/A

68

3

3.6

5.0

White Noise (Lite)

N/A

N/A

N/A

59

3

4.6

4.8

Tinnitus Relief

N/A

N/A

N/A

56

3

4.2

N/A

Relax Melodies

N/A

N/A

N/A

55

3

4.6

4.8

Beltone Tinnitus Calmer

N/A

N/A

N/A

54

3

4.7

5.0

Resound Relief

N/A

N/A

N/A

54

3

4.5

4.7

MindShift CBT

a

PsyberGuide

N/A: not available.

Figure 5. MARS score comparison.

Discussion
Literature
A significant portion of tinnitus scientific literature [53-57]
reports on different smartphone and mobile crowdsensing apps
to support clinicians in better understanding tinnitus, ranging
from data collection to mitigating tinnitus symptoms via
therapeutic interventions. These apps are specifically designed
to assist patients, clinicians, and researchers alike. From the
perspective of patients, these apps aim to provide the necessary
http://mhealth.jmir.org/2020/8/e21767/
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RenderX

means to mask, control, mitigate, or manage tinnitus symptoms.
For example, the TrackYourTinnitus smartphone app
systematically records data about fluctuations of tinnitus
symptoms over time from patients, thus providing information
about patient’s tinnitus variability [53]. Similarly, Henry et al
[54] delve into the development of an app, based on progressive
tinnitus management, to support patients in learning and using
coping skills for tinnitus. From the perspective of clinicians and
researchers, these apps support a better understanding of tinnitus,
particularly in identifying symptom severity and tinnitus
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characteristics in different patients. For instance, the data
collected from the TrackYourTinnitus app can be used to
associate tinnitus with daily routines or activities [55] or to
shape recruiting strategies for tinnitus-related studies [56].
Similarly, TrackYourTinnitus app was also used to better
understand tinnitus variability and tinnitus loudness and stress
associations [57].
Generally, health care apps have been exhaustively discussed
and reviewed in the literature [58]; however, the number of
papers that focus on reviewing and evaluating tinnitus-related
smartphone apps is underwhelming. Nevertheless, among
pre-existing literature, some papers have discussed the role of
tinnitus smartphone apps in clinical scenarios. For instance,
internet- and smartphone-based solutions for treatment and
management of tinnitus have been reviewed in [59], similarly,
the review by Kalle et al [60] discusses internet- or
smartphone-delivered cognitive behavior therapy with particular
focus on self-help for tinnitus. Both of these papers demonstrate
the role of several approaches and technologies involved in
advancing tinnitus clinical practice but focus less on current
and available apps for patients. Furthermore, the review by Lui
et al [61] addresses efficacy or effectiveness of therapeutic
solutions provided by mental health apps and hearing health
care apps have been discussed in [62]. Comparatively, both
[61,62] list a limited number of apps and many are no longer
commercially available on the app stores. Specifically, in terms
of the assessment of tinnitus-related smartphone apps using
MARS, the reviews by Sereda et al [38], which were further
extended and repeated by Smith et al [63], are the only closely
related works in relation to this work. Both of these reviews
[38,63] list tinnitus management apps based on patient opinions,
gathered via a web-based survey. The added value of our review
was primarily the exploration of smartphone app markets to
reveal relevant apps as opposed to using a survey. Additionally,
our proposed work also compares the star ratings and MARS
scores with quality information gathered by third-party app
assessment platforms.

Limitations
A noticeable limitation of our work was the restricted search of
relevant smartphone apps to only 2 app stores. Although the
restriction was justified in the paper, it might be possible that
there would be benefit in exploring other app stores, such as
Amazon and Samsung app stores. Another possible limitation
lay in the inclusion criteria for the apps. To include an app, we
inspected the app description and a few top-rated comments
from the users. Despite being effective and straight-forward,
this approach is subjective and highly relies on the knowledge
of the inspector about the domain. This limitation can be
overcome or can be further improved by gathering additional
opinions from domain experts.

Future Work
In future research, the study will be extended and developed in
2 directions. First, additional app evaluation and assessment
instruments (currently under development or newly developed)
will be used to repeat the study. For example, recently, the
THESIS app evaluation instrument was presented [64].
Therefore, we intend to extend our current work by evaluating
http://mhealth.jmir.org/2020/8/e21767/
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the identified apps using THESIS and comparing the results
with those of MARS. This will include updates on the available
and relevant apps in the app stores. Second, although the already
developed instruments systematically and objectively measure
the quality of mHealth apps from a user-experience perspective,
the lack of instruments to clinically validate smartphone apps
is undeniable. Therefore, we intend to further invest our efforts
in this research direction. Additionally, as a consequence of this
study, we learned that there exist 7 evidence-based tinnitus apps;
therefore, we are currently working on a review paper detailing
the scientific evidence of these 7 apps.

Principal Findings
The aim of this study was to systematically identify smartphone
apps within the context of tinnitus. The identification process
yielded a total of 34 commercially available tinnitus smartphone
apps, which were divided in 2 categories: tinnitus therapy (24
apps) and cognitive behavior therapy (10 apps). In an added
step, we evaluated the identified apps using MARS. From
MARS objective scores (Figure 3), first, we can see that all 34
identified apps have MARS scores higher than 2, indicating
that most of these apps provide some level of user experience
and that they all have some functional value. Furthermore, the
MARS rating process discovered that only 7 apps—Tinnitus
Therapy (Lite), ReSound Relief, SimplyNoise, Audio Notch,
Wysa, Woebot, and MindShift—out of 34 apps scored in the
evidence-based subitem of the information category, suggesting
a lack of clinical validation for most of the apps. Furthermore,
the mean MARS scores (Figure 3) of all 4 raters ranged from
2.65-4.60, with Tinnitus Peace having the lowest mean score
(mean 2.65, SD 0.20) and Sanvello—Stress and Anxiety Help
having the highest mean score (mean 4.60, SD 0.10). On the
individual-rater level, Tinnitus Notch had the lowest (score:
2.39), while, Sanvello—Stress and Anxiety Help had the highest
(score: 4.69). Furthermore, some apps were rated better in
comparison to the others. For instance, Beltone Tinnitus Calmer,
Resound Relief, Sanvello—Stress and Anxiety Help, as well
as Woebot and Youper received very good ratings, whereas
Tinnitus Help, Tinnitus Notch, and Tinnitus Peace were the
worst of all. The mean subjective scores presented in Figure 4
ranged from 1.44-4.69, with Relax Noise 3 having the lowest
scores (mean 1.44) and Beltone Tinnitus Calmer, Woebot, and
Youper having the highest scores (mean 4.69). From Figure 4,
naturally, the range of the subjective scores was wider than
those of the objective scores; however, it is notable that the
mean subjective results were more or less in line with the mean
objective results.
Values from the 4 psychometric measures (Table 2) confirm
the reliability and validity of our MARS rating procedures,
especially for measures testing internal consistency and
reliability (>0.89). The interrater agreement, as demonstrated
by Fleiss κ, was merely moderate for subjective, functionality,
and aesthetics scores. This is noteworthy and may be related to
individual differences in the raters with regards to their
backgrounds. In any case, from Figure 3, Figure 4, and Figure
5, it is evident that our rating procedures generally produced
valid, reliable, and thus viable results.
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Interestingly, the expert ratings from both information platforms
(PsyberGuide and ORCHA) and the user ratings from the app
stores varied, sometimes considerably. For example, What’s
Up? A Mental Health App received high ratings from its users
in the app stores (Google Play Store: 4.4; Apple App Store:
4.6), whereas both expert ratings were considerably lower
(PsyberGuide: credibility: 1.43, transparency: unacceptable,
user experience: 3.38; ORCHA: 51%). Another app whose app
store rating differed significantly from its ORCHA rating is
Beltone Tinnitus Calmer (Google Play Store: 4.7; Apple App
Store: 5.0; ORCHA: 54%). The ORCHA score was moderate
as a result of a moderate rating for data privacy and clinical
assurance; the apps hadn’t been rated by PsyberGuide. These
examples illustrate that an independent rating with validated
instruments is crucial for the informed selection of health apps.
From Figure 5, it can be seen that the MARS scores in our work
were more in line with those of PsyberGuide’s user experience
score. Similarly, the differences between MARS scores from
our paper and those from literature were evidently higher for
all apps except myNoice, Relax Melodies, and White Noise
(Lite). These differences were as a result of version changes in
the apps. In our case, similar to PsyberGuide’s case, the MARS
scores present the contemporary assessment of the most recent
version of the apps, thus validating the need of an up-to-date
MARS assessment of tinnitus apps.
All 34 identified apps obtained a MARS objective score higher
than 2 (ranging between 2.65-4.60), indicating that they provide

Mehdi et al
some level of user experience and at least some technical
functional value for the user. Furthermore, in addition to
presenting the objective MARS scores, the subjective MARS
scores (ranging between the values of 1.44-4.69) were also
discussed. The 4 psychometric measurements—Fleiss κ,
Cronbach α, Guttman λ6, and ICC(2,k)—confirmed and
depicted positive interrater agreement, internal consistency as
well as reliability between the raters. The only exception was
noticed in Fleiss κ with moderate values for subjective score,
functionality, and aesthetics. The quality information of
identified apps from PsyberGuide and ORCHA as well as the
star ratings from the Google Play Store and the Apple App Store
were compared. The quality information comparison exhibited
incongruity. Finally, the comparison between MARS scores
from this work and MARS scores of smartphone apps reported
in previously published papers depicted a high coherence.
Through these steps, we were able to comprehensively capture
the wide array of heterogeneous apps for tinnitus and present
an up-to-date assessment of identified apps.

Conclusions
This work highlighted the impact of smartphone apps,
specifically within the context of tinnitus research. As a
consequence, we demonstrated that there exists a plethora of
smartphone apps utilized in supporting and controlling tinnitus
symptoms, understanding tinnitus, and monitoring patients with
tinnitus. Among the 34 identified apps, only 7 apps were
evidence-based suggesting that the majority were in need of
more stringent clinical validation.
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Abstract
Background: Antiretrovirals (ARVs) are key in the management of HIV. Although no cure exists, ARVs help patients live
healthy lives and prevent transmission to others. Adherence to complex regimens is paramount to outcomes and in avoiding the
emergence of drug-resistant viruses. The goal of therapy is to reach an undetectable viral load. However, adherence is a common
problem, stemming from issues such as mental health, chaotic home situations, and busy work schedules. Mobile health (mHealth)
represents a new approach in improving medication adherence, and multiple studies have been performed in this area.
Objective: This study aims to review the current implementation of mHealth in the management of HIV among different groups
of patients.
Methods: We used PubMed, Academic Search Elite, and 1 journal database with various search terms to review the current
implementation of mHealth in HIV care.
Results: Titles and abstracts were screened, and 61 papers were identified and fully reviewed. The literature was divided into
lower- and higher-income nations, as defined by the United Nations. A total of 20 studies with quantitative results were identified,
with 10 being text- and SMS-based interventions (the majority of these being in lower-income countries) and 8 being
smartphone-based apps (primarily in higher-income countries). The majority of these studies determined whether there was an
effect on adherence or biochemical parameters (viral load and CD4 count). Various qualitative studies have also been conducted,
and many have focused on determining the specific design of interventions that were successful (frequency of messaging, types
of messages, etc) as well as priorities for patients with regard to mHealth interventions.
Conclusions: There seems to be a role of mHealth in the management of HIV in lower-income nations; however, the optimal
design of an intervention needs to be delineated. In higher-income countries, where the 2 significant risk factors were injection
drugs and men who have sex with men, the benefit was less clear, and more research is needed.
(JMIR Mhealth Uhealth 2020;8(8):e14739) doi:10.2196/14739
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Introduction
Background
HIV remains to be a significant public health concern, causing
an estimated 770,000 deaths worldwide, with significant
mortality from poorly managed disease, even in developed
nations [1,2]. Particularly in the developing world, there is
significant morbidity with 79.1% of HIV prevalence centered
in Africa (25,700,000 people) and Southeast Asia (3,500,000
people) [3,4].
The burden of this disease is not only health related but also
impacts economics and development. A large proportion of
deaths from HIV occurs in young and middle-aged adults; the
same group of people who raise children, are caretakers, work,
and teach future generations. Especially in lower-income
countries, families who have had a death from HIV cope by
pulling children out of school, reducing food intake, or using
up agricultural resources prematurely [5]. In addition, although
first-line antiretrovirals (ARVs) cost US $80 per year, the cost
of second- and third-line regiments (used with drug resistance)
may be as high as US $2200 per year [6].
Despite all these bleak consequences, studies have shown that
with adherence to ARV therapy, a patient aged 20 years could
expect an additional 43.3 years of life [7]. In contrast, those
who are not adherent and develop AIDS have a median survival
of 12.1 months [8]. Adherence to ARVs is key to prolonging
life, improving immune function and quality of life, and
preventing transmission [9-14].
Without proper adherence, there is a risk of disease progression
or drug resistance. Despite increasing access to ARVs
worldwide, adherence is far from perfect [15,16]. One
meta-analysis reported adherence at 62%, and studies on
subgroups, such as illicit drug users, are as low as 27% [17,18].
Factors such as psychiatric disorders, cognitive impairment,
social stigma, substance abuse, and volatile housing can prevent
optimal adherence [19,20]. Burch et al [21] found clear
associations between markers of the social determinants of
health and HIV outcomes. Rachlis et al [22] found that substance
abuse and unemployment were associated with suboptimal care.
The risk of transmission and resistance make it crucial to
develop methods for improving adherence to medications.
Indeed, international organizations have called for strategies to
improve adherence to medication and its importance [23-25].
Consumer informatics, particularly mobile health (mHealth),
has shown promise in improving ARV adherence. Indeed,
research has shown that patients living with HIV are interested
in apps to support HIV self-management, and much past
research has been done to support disease management [26,27].
Given the widespread adoption of cellphones (95% of the
population) and smartphones (77%) in different parts of the
world, mHealth is becoming an important tool to improve care
[28]. Furthermore, in North America, access to mobile data and
the internet ranges close to 80%, and with expanding mobile
computing capabilities, this represents further opportunities
[29].
https://mhealth.jmir.org/2020/8/e14739
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Objectives
We believe that the major benefits that mHealth could offer
would be helping with medication and appointment adherence,
improving HIV education, and increasing engagement in care.
Some studies have shown promise in improving viral
suppression and CD4 count. However, there are existing gaps
in current reviews [30]. First, as technology is a rapidly growing
field, constantly updated work is needed to summarize
developments. Second, and most importantly, people who live
with HIV are a diverse group of patients with a variety of
challenges, including living in developing countries with poor
health infrastructure and having comorbid substance use issues
[31-34]. Each of these patient populations has unique
characteristics and concerns that may influence care. For
instance, access to the internet and smartphones, health care,
income, and psychiatric comorbidities could be vastly different
in various groups. The majority of existing reviews homogenize
and summarize the existing literature as a whole and do not
consider the differences in patient populations [35-39]. An
intervention may have varying levels of success in each group
and likely needs to be tailored to fit unique needs. For instance,
a smartphone app for disease education may be successful in
college-educated, smartphone-owning patients; however, it may
have a vastly different effect on a patient in the developing
world without a smartphone or an advanced education. The
underlying differences in patient groups need to be considered,
and our review groups studies into subgroups and discusses the
implications of such differences.

Methods
Search Strategy
Two separate databases with peer-reviewed, reputable articles
were used, PubMed and Academic Search Elite. All relevant
articles reviewed were within the time period of 2010 to 2019.
For PubMed, we used the following search terms: “mHealth
AND HIV AND medication adherence,” “app AND HIV AND
adherence,” “smartphone AND app AND HIV AND
anti-retroviral adherence,” and “mobile phone AND
anti-retroviral adherence AND HIV.” On reviewing the literature
using these search terms, we added the search terms “WelTel”
and “CAMPS and retroviral” to capture relevant studies found
in the references of the articles retrieved from the initial search.
We used the search terms “mHealth AND HIV AND medication
adherence,” “mobile phone AND anti-retroviral adherence AND
HIV,” and “app AND HIV AND adherence” for the Academic
Search Elite database search.
Finally, we used the Journal of Medical Internet Research
database, a group of journals that focuses on informatics
implementations in health care, to identify articles listed under
“mHealth for Treatment Adherence.”

Inclusion and Exclusion Criteria
A total of 386 search results were screened using the title or
abstracts for relevance, and 61 articles were fully reviewed and
are discussed in this study.
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Articles were included if they were experimental in nature
(encompassing qualitative or quantitative studies as well as
randomized controlled trials [RCTs] or other studies). Study
designs included RCTs, case studies, cohort studies,
cross-sectional studies, and qualitative studies (focus groups,
interviews, observations, and surveys). No age restrictions were
set, although the majority of the literature focused on adults and
studies were required to have all participants diagnosed with
HIV. A significant number of articles were excluded (273/325,
84%). Reasons for exclusion were irrelevance to the topic
discussed, inclusion of patients not diagnosed with HIV, articles
written in a language other than English, reviews rather than
original research on this topic, categorization as nonexperimental
irrespective of whether qualitative or quantitative (for instance,
a commentary of mHealth), or if they were protocols for
experiments.

As factors such as technology accessibility, socioeconomic
background, and internet or cellular connectivity vary based on
geographical location, the authors chose to separate the
discussion into studies performed in lower- and higher-income
countries. Studies were divided into categories (upper middle
and upper vs lower middle and low) as per the definition by the
United Nations [42].

We defined mHealth in this study as any intervention that
involved the use of mobile phones, smartphones, or other
wireless devices (such as smart pill bottles). Although no formal
definition of mHealth exists, this description is in agreement
with the World Health Organization [40]. Pilot trials found on
literature review were included in our review.

Overview

Interventions were text or SMS based, voice message based, or
smartphone apps. All work in the lower-income countries
consisted of simple text or SMS or voice interventions (7/7,
100% of quantitative studies) [43-49]. In contrast, in
higher-income countries, more of the work included advanced
smartphone apps (8/13, 62%; Table 1) [50-58]. Although we
have summarized the quantitative studies on efficacy in Table
1, other studies discussed the optimal designs or considerations
in intervention development and are reviewed in the following
sections.

A total of 61 papers were identified from the period of 2010 to
2019. In accordance with the mHealth categories previously
described by the United Nations, we categorized apps according
to type and found that these apps were focused on either
treatment support (reminders) or education [41]. In addition,
we categorized apps as either push or pull and as one-way versus
dual communication. Interventions that were primarily reminders
tended to use push, whereas those that were education used pull
(Table 1).

On an evaluation, using the Oxford Centre for Evidence-Based
Medicine’s Levels of Evidence, there was a large amount of
high-level evidence in developing countries, with many RCTs
[59]. On the basis of this, we believe that conclusions regarding
efficacy are possible. There is also a high level of evidence
(with a large number of RCTs) in higher-income countries;
however, there remain some limitations to those studies (Table
1). The authors believe that further work may need to be
performed in higher-income countries.

Results
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upper-income countries was primarily men who have sex with
men (MSM) or intravenous drug users (IVDU). The majority
of these studies were performed in North America (Canada and
the United States).
For lower middle- and low-income countries, the majority of
these studies were based on the African continent, with some
conducted in Asia.
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Table 1. Quantitative studies on the effects of mobile health and ubiquitous Health interventions in HIV management and antiretroviral adherence.
Modes of interven- Patient population
tion

Designs

Effects

Push (central) vs pull
(client) vs
other

One-way App type
vs dual
communication

Individually randomized multisite to SMS or control; intervention was weekly SMS with
response required within 48
hours; primarily zidovudine
or stavudine+lamivudine+efavirenz or nevirapine

Improved rate of
Push
viral suppression
(57% vs 48%,
P=.04); improved
self-reported adherence (62% vs 50%;
P=.006)

Dual

Diagnostic
and treatment support (reminder)

720 patients randomized to
short daily (70), long daily
(72), short weekly (73), and
long weekly (74) messages.

Improved adherPush
ence of >90%
(53% vs 40%;
P=.03); decreased
lapses of >48 hours
(in the weekly
message subgroup;
81% vs 90%;
P=.03)

One way

Diagnostic
and treatment support (reminder)

Improved self-reported adherence
(76.9% vs 55.8%;
P=.02); improved
CD4 (193-575
cells/mL vs 131361.5 cells/mL;
P=.007)

Push

Dual

Diagnostic
and treatment support (reminder)

63 patients who were random- Improved adherized to scheduled SMS and
ence (91% vs 79%
c
RTAM (21), triggered SMS vs 79%; P=.04);
from RTAM (20), or RTAM decreased lapses (7
only (21); the scheduled SMS vs 11 vs 11 for 48
group was daily for 1 month hours and 1 vs 3 vs
and weekly for 2 months, fol- 4 at 96 hours;
lowed by reminders triggered P=.02); no signifiby late or missed doses. SMS cant differences in

Other (one
arm was
push with
scheduled
messages,
another
arm was
triggered
by smart
pill bottle)

One way

Diagnostic
and treatment support (reminder)

200 patients randomized to
No significant difweekly SMS developed from ference in adherfocus groups that were varied, ence
contemporary (eg, Season’s
Greetings), with a call back
number (101) vs usual care
(99)

Push

Dual

Diagnostic
and treatment support (reminder)

62 primarily nonheterosexual
males who were randomized
to weekly SMS and reminders
for ARVs and exercise with
WeChat educational materials
sent 3 times per month (31)
or control (31)

Push

Dual

Diagnostic
and treatment support (reminder)

Text message/SMS based (n=10)
Resource-limited settings (n=5)
Lester et al
Low income, primarily urban popu[43]; WelTel lation in Nairobi who were:
Kenya1
1. Starting ARVsa for the first
time
2. >18 years old
3. Daily access to mobile phone.
538 randomized: 273 SMS and 265
control in primary analysis
Pop-Eleches
et al [44]

Maduka et al
[45]; SMS
and counseling

Rural government clinic in Kenya.
1.
2.

Patients were >18 years old
Patients were started ARV 3
months earlier

Data gathered from MEMSb
caps

Tertiary care Nigerian hospital, pa- 104 randomized to interventients who had the following:
tion of monthly adherence
counseling and twice weekly
1. ARVs for ≥3 months
ARV (52) or control with no
2. History of nonadherence
SMS or counseling (52)
(<95%)
3.

Access to mobile SMS

Haberer et al Rural Southwestern Uganda.
[46]
1. Patients were >18 years old
2. Patients were initiating ARVs
3. Patients had an own operational cell
4. Patients had 1-2 social supporters
5. Patients were close to hospital

was also sent to social supVLd suppression
porters if there was no signal
>48 hours; triggered SMS was
sent only in response to late
or missed doses
Mbuagbaw
et al [47]

Hospital in Yaounde, Cameroon
with patients who:
1.
2.

Are >21 years old
Owned mobile phone, could
read, and text

Had >1 month of ARV
Higher-income countries (n=5)
Guo et al
[60]

Large metropolitan South Chinese
hospital.
1.
2.
3.

Patients were >18 years old
Patients had >1 month of
ARVs
Patients were able to read or
write
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No significant difference in CD4
counts or missed
medications
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Moore et al
[61]; SMS
for adherence and
drug use,
iTAB

One-way App type
vs dual
communication
Diagnostic
and treatment support (reminder)

63 patients randomized to
daily texts on medications,
twice daily mood texts, and
daily substance use texts eliciting responses from patients
(33) or usual care (30)

No significant dif- Push
ference in proportion of missed visits (P=.12); no difference in substance use days;
improved adherence (66%-85% vs
62%-71%; P=.04)

Dual

Diagnostic
and treatment support (reminder)

85 enrolled with 5 lost and
administered intervention,
which was modeled after
WelTelKenya1 with SMS or
texts every Monday asking
Attended a clinic for at least 1 “How are you?” requiring a
response from patients within
year
1 day. If no response, this was
3
Had CD4<500 cells/mm
followed-up by further texts
Were detectable VL 1 year
and calls
prior
Were ≥14
Had a high risk for disengagement

Mean VL dePush
creased from 1098
copies/mL to 439
copies/mL
(P=.004); adherence to ARV (OR
1.14; P<.001); decreased appointment adherence
(OR 0.81; P=.03)

Dual

Diagnostic
and treatment support (reminder)

Patients recruited from Rhode Island 32 patients enrolled, with 20 Improved VL sup- Push
clinic providing HIV services, pri- completing study (exclusions pression (P=.002)
were due to death, incarceramarily white, and MSMi as a risk
tion, transferal of care, or no
factor with patients who:
response) given a daily bidi1. Were ≥18 years
rectional texting intervention
2. Had a cell phone capable of
texting
3. Were newly engaged in care
within 1 year or re-engaging
after a lapse of >1 year or at
risk for nonadherence

Dual

Diagnostic
and treatment support (reminder)

Pilot study from 2 outpatient clinics
in Virginia serving mainly nonurban
and rural, primarily male and white,
patients who:
1.
2.

4.

5.

Were >18 years old
Had an active prescription for
ARVs
Had <95% adherence in the
past 2 weeks
Consumed illicit drugs or had
a risky level of drinking within
30 days
Had good command of English

Repeated measures study where patients recruited from a clinic for
women and families living with HIV
in Vancouver, British Columbia,
who:
1.
2.
3.
4.
5.

Rana et al
[63]

Push (central) vs pull
(client) vs
other

Dual

1.
2.

75 randomized to iTAB,
which were daily personalized
Were >18 years old
texts built from focus groups
Had DSM-IV-TRf diagnosis of and focused on responsibility
methamphetamine abuse or
to others, self-esteem, nonaddependence or self-reported
herence risks, harm reduction,
use within 45 days
reminders, spirituality, celebraWere willing to participate in tion of health, and disease
study components
control (50) vs control (25).
Also assessed methamphetamine use with daily texts

Effects

No significant dif- Push
ference in adherence (measured by
MEMS caps); fewer methamphetamine use days
(P=.05)

3.

King et al
[62]

Designs

Pilot at UCSDe whose patients:

3.

Ingersoll et
al [51]; SMS
including adherence,
mood, and
substance
use

Lee & Valerius

Smartphone or computer apps (n=8)
Higher-income countries (n=8)
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Venter et al
[54]; lab results, appointment
reminders,
disease information

Multisite RCTh in the inner city of
Johannesburg, South Africa (1
community health center, 3 clinics,
1 tertiary care hospital) with patients
who:

Himelhoch t
al [50]

Pilot study from a Baltimore urban
outpatient HIV clinic whose patients:

1.
2.
3.

1.
2.

3.
4.
Dillingham
et al [52]

Were >18 years old
Read English or Zulu
Were residents of the area

Lee & Valerius
Designs

Effects

353 randomized to
SmartLink, which provided
appointment reminders, information about lab tests, ARV
adherence and HIV info, and
CD4 and VL results (181) as
well as control (172)

No significant dif- Push
ference in adherence; improved
linkage to care in
the 18- to 30-yearold subgroup (20%
increase, P=.02)

2.

77 enrolled in study primarily
male, slightly less than half
New (within 90 days) HIV di- MSM given PositiveLinks itagnosis, returning to care after eratively designed user-centered app with tailored relapse, or considered elevated
sources, queries of mood,
risk of nonadherence
Fourth grade reading level or stress, adherence; appointment reminders, and commubetter
nity forum

Horvath et al Pilot study recruited from ads on
[53]
Grindr from Miami, Orlando,
Washington DC, Charlotte, Houston, and New Orleans as well as
flyers or cards from organizations
and clinics serving the targeted
population. Patients were:
1.
2.
3.
4.
5.

6.

Dworkin et
al [55]

90 patients randomized to
APP+ for MSM who use
stimulants, giving informational material, a playable storyline of a fictional HIV+ character, and a tool to track personal adherence (45) vs conMale and MSM within 5 years trol (45)
A US resident
Currently taking ARVs
Reporting suboptimal adherence
The use of illicit stimulants
(eg, methamphetamines, cocaine, ecstasy, amphetamines)
within 6 months
Owning an iPhone or Android
phone

Patients in Chicago who were:
1.
2.
3.
4.

5.

Aged 18-34 years old
On ARVs for >3 months
Owning an Android smartphone
Scheduled for a blood draw or
visit during 3 months after
baseline assessment
African American MSM

Whiteley et
al [56]
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43 patients enrolled, with 11
lost to follow-up, given avatar
conversational agent intervention on mobile phones

One-way App type
vs dual
communication
One way

Diagnostic
and treatment support (reminder)
and education and
awareness

One way

Diagnostic
and treatment support (reminder)
and education and
awareness

Improved retention Pull
in care at 12
months (P<.001);
improved constant
visits (P<.001);
improved CD4
count (P<.001);
improved VL suppression (P≤.001)

Dual

Diagnostic
and treatment support (reminder)
and education and
awareness

Temporary signifi- Pull
cant improvement
in self-reported adherence (P=.04);
no significant difference in substance use

One way

Education
and awareness

Improved adherPull
ence (via pill count
adherence >80%;
P=.05)

One way

Education
and awareness

Pull

One way

Education
and awareness

30 patients randomized to the No significant difHeart2HAART app giving
ference in adhermedication reminders; infor- ence
mation regarding adherence;
Were aged 18-64 years
ecological momentary for side
Were patients of the clinic’s
adherence program. The adher- effects, depression, and cravings for drug use and tailored
ence counselor determined
education; recommendation;
difficulty in adherence.
and encouragement (20) vs
Had self-reported history of
control of smartphone only
drug or alcohol use
(10)
Carried mobile phones

Study from a clinic in Virginia
whose patients were:
1.

Push (central) vs pull
(client) vs
other

Push
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Lee & Valerius
Designs

Push (central) vs pull
(client) vs
other

One-way App type
vs dual
communication

Pull

One way

Education
and awareness

Improved adherPull
ence in subgroups
with lower baseline
adherence rates (in
<85% adherence,
P=.04; in <80%
adherence P=.09)

One way

Education
and awareness

631 educated patients randomized to motivational call with
inquiry of adherence requiring
response and pictorial SMS
(315) or control (316)

No significant dif- Push
ference in viral
load; no significant
difference in adherence

Dual

Diagnostic
and treatment support (reminder)

Quasi experimental, where
150 primarily male patients
were all given automated interHad access to mobile phones active voice response call and
noninteractive neutral picture
Had >1 month on ARVs
Had first-line regimens (zidovu- SMS every week for 6 months
and studied at the end of the
dine or stavudine+lamivudine+nevirapine or efavirenz) intervention

Improved adherPush
ence (85%-91%
during intervention
and 6 months after,
P=.02)

Dual

Diagnostic
and treatment support (reminder)

Patients recruited from the greater
Jackson, MS area who were:
1.
2.
3.
4.
5.
6.
Perera et al
[57]

Patients who were primarily male
and homosexual, recruited from the
Auckland City Hospital Infectious
Diseases Clinic and local HIV support organization who were:
1.
2.

Ownby et al
[58]

66 patients who were primarily male, black, and nonheterosexual enrolled, with 5 pa14-26 years of age
tients lost receiving BattleViReceiving or starting ARVs
ro mobile game designed
Aware of status
Detectable VL within 1 month from qualitative user feedback
that helped ARV adherence,
of screening
viral load, and other knowlSpeaking English
edge regarding HIV
Able to consent
28 randomized to augmented
apps, including graphical representations of ARV concentrations and simulation of immune activity (17) vs normal
On ARVs for at least 6 months apps with medication clock
only (11)
Using Android smartphones

Recruitment of patients in Broward 124 participants recruited in
County, FL with a large proportion educational intervention, with
a final 109 patients analyzed
of MSMg
for results

Effects

Greater decrease in
VL (0.96 log
greater decrease in
intervention;
P=.04); improved
adherence (71% vs
48%; P=.05)

Increased self-reported adherence
via MARSi score
(48.93 vs 47.09;
P=.03); lower VL
at 3 months (1.30
log10 vs 1.70
log10; P=.02)

Voice calls (n=2)
Resource-limited settings (n=2)
Shet et al
[48];
HIVIND, interactive automated
voice all and
reminder
pictorial
messages

1 ambulatory and 1 private HIV
clinics in India whose patients:
1.
2.
3.

Were aged 18-60 years
Were ARV naïve
Had first-line ARV: (zidovudine or stavudine or tenofovir+lamivudine+nevirapine
or efavirenz)

Rodrigues et Bangalore, South Indian tertiary,
al [49]
nonprofit private facilities outpatients who:
1.
2.
3.

a

ARV: antiretroviral.

b

MEMS: medication event monitoring system

c

RTAM: real-time adherence monitoring.

d

VL: viral load.

e

UCSD: University of California at San Diego.

f

DSM-IV-TR: Diagnostic and Statistical Manual of Mental Disorders – IV – Text Revision.

g

MSM: men who have sex with men.

h

RCT: randomized controlled trial.

i

MARS: medication adherence report scale.
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Lower-Income Countries Group
Given the rising rates of cellular access in the developing world,
mHealth represents a significant opportunity to improve care
[64].
A variety of studies have been conducted on mHealth
interventions in the developing world, with a wide range of
study methodologies. The quantitative experimental designs
(including cohort studies and RCTs) are summarized in Table
1 for ease of comparison. Seven studies with quantitative data
were available, with the majority being text- or SMS-based
modalities (5 studies) and a minority being voice call based (2
studies) [43-49].
Other studies investigated user acceptability and surveyed
patient concerns regarding the use of mHealth. A pilot study in
rural Uganda by Musiimenta et al [65] enrolled 63 patients and
randomized them to a scheduled SMS, triggered SMS (by
missed or delayed doses), or no SMS. The feedback received
was positive, citing usefulness for motivation, reminders, and
social support. However, confidentiality, shared phones, ability
to use the phone, and availability of electricity were concerns
[65]. Similarly, an explorative study by Lepere et al [66]
demonstrated that mHealth was acceptable among people who
live with HIV in Cote d’Ivoire, Togo, and Burkina Faso and
advocated for its use. Mbuagbaw et al [67] also demonstrated,
in a qualitative arm of the CAMPS trial, that these interventions
were acceptable, although content, timing, technical challenges,
and privacy need to be considered.

Higher-Income Countries Group
Countries classified as high or high middle income were
analyzed. The primary risk factors in these studies were either
IVDU or MSM, in agreement with the previous literature
[68,69].
Quantitative experimental studies are described in Table 1
[50-58,60-63,70]. In addition, a number of nonquantitative or
nonexperimental studies were conducted to investigate the nature
of optimal interventions. These are summarized in Table 2
[71-84].
Different studies have investigated aspects of mHealth apps
other than efficacy. WelTel was studied in Vancouver, British
Columbia, on patients involved with substance abuse using both
quantitative and qualitative methodologies [62,84]. One such
study was done by Campbell et al [85], who studied WelTelBC1
from an economic perspective on 85 viral load–positive
vulnerable patients (defined as substance use and other
psychosocial factors), finding that the cost of caring for a highly
vulnerable patient was US $347.74, whereas the overall median
cost was US $36.72.
Multiple quantitative studies investigated the acceptability of
mHealth interventions. In Seattle, 224 patients with HIV were
randomized to receive two-way pagers with personalized
adherence messages. Of these patients, 55% identified as gay
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or lesbian, and the majority were white males. Participants were
surveyed for the usefulness of the pager and asked whether they
adhered to their medications; 73% reported liking the pager,
51% began finding messages annoying, and 48% believed that
the pager did not improve their adherence. The overall response
rate was only 42.8% but declined over 3 months. The
self-reported pager adherence was 90.8% (SD 33%) compared
with the medication event monitoring system showing 53.6%
(SD 37%) adherence [86].
Similarly, a Peruvian study by Krishnan et al [87] with 359
transgender women or MSM patients asked about mHealth
preferences using a 5-point Likert scale. They found an overall
positive uptake, with a mean of 3.21 for technological
medication reminders and 3.56 for anonymous internet chats
to discuss HIV issues.
Other studies, using focus groups and other quantitative study
methods, were used to determine how best to deliver mHealth
interventions. For instance, Krishnan et al [87] also found that
daily messages were preferred in terms of frequency within
their study population. In Bangkok, Anand et al [88] interviewed
16 MSM and 2 transgender women. They gathered information
on preferences and how to address needs with electronic health.
The group found that 39% (7/18) of patients preferred instant
messaging and 11% (2/18) preferred phone calls. Of these, 39%
(7/18) wanted a private website chat room and 11% (2/18)
preferred Skype (Skype Communications) video chats. All
patients desired personalized reminder messages; 50% (9/18)
wanted reminders on an instant message app, 17% (3/18)
preferred a stand-alone app, and 33% (6/18) wanted it as an
SMS. The theme that emerged was web based, accessible, and
reliable disease information [88].
Work performed in higher-income countries also had diversity
in intervention type. For instance, Skrajner et al [89] enrolled
a patient with cognitive impairment in a video-conferenced,
cognitive-psychosocial program that improved the pill count
adherence rate from 75% to 97.9% in 1 month (80% in 2-3
months). Similarly, the weCare team, which has done non-HIV
work on social media, is currently developing a tailored
Facebook, text, and social and sexual networking app–based
intervention to help engage care [90]. Hwayoung et al [91]
combined an electronic pill bottle, fitness tracker, and phone
alerts and found that the pill bottle encouraged adherence and
self-management of medications. However, they mentioned
that the smart pill bottle was too small to fit all the pills,
although they liked how it was easy to open and discrete [91].
Finally, Schnall et al [92] created the mVIP app, which
attempted to provide self-care strategies for self-management
of different HIV-related symptoms. They found improvements
in a variety of symptoms, including anxiety (P=.001), depression
(P=.001), neuropathy (P=.002), fevers or chills or sweats
(P=.04), and weight loss (P=.02). Results for adherence were
mixed, showing improvement only when measuring it via the
center for adherence support evaluation adherence index [92].
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Table 2. Qualitative studies on the priorities and important themes in mobile health interventions.
Study

Designs

Themes reported by patients

Senn et al [71]

22 African American MSMa with HIV in Rochester completed surveys 1.
2.
and qualitative interviews
3.

Importance of social support
Convenience
Anonymous and confidential

LeGrand et al
[72,73]

EPIC Allies (University of North Carolina, Duke University) under- 1.
going study now. Game-like app that uses game mechanics and social 2.
networking to improve HIV care. Development study looked at ARVb 3.
4.
adherence needs, preferences, and usability testing in young MSM
5.
and transgendered women who have sex with men
6.
7.

Information about side effects
Discrete medication reminders
Interactive
Engaging
Social
Informational
Customizable

Dworkin et al
[74]

5 different focus groups composed of African American MSM with
HIV in Chicago iteratively designed a talking avatar app providing
information about disease, improved adherence, and helped with appointment attendance

Positive impression
Importance of confidentiality
Motivational over negative messages
Customizable

Castel et al [75]

Focus groups and surveys on patients with HIV aged between 13 and 1.
24 year (no delineation as to acquisition) for 3 different game proto- 2.
types that were linked with Wisepill dispensers

Game was feasible and acceptable
Customizable, challenging, and user-friendly games

Morano et al
[76,77]

Primarily, 132 African American males enrolled to the Care4Today 1.
app that helped with medication management and appointments and
tracked health, wellness, and goals
2.

Higher education levels, staff support, and possession
of smart phone predicted use of app
70.2% of patients interested in medication reminders

Cook et al [78]

37 patients in Colorado studied to determine if messages matched to 1.
psychological states were useful. Patients were primarily ethnic minorities and nonheterosexual

Changing messages improved adherence (potentially
indicating importance of novelty)

Olalla et al [79]

Spanish study on 30 patients (15 randomized to app group) who were 1.
>60 years old. The app offered medical news, reports about HIV, and
an anonymous chat between patients
2.
3.

No clinical or analytical parameter changes (likely
due to short intervention period and small sample)
Patients enjoyed the social aspect of the app
Analysis of the chat logs showed interested in general
health over HIV specifically
Most patients seemed to have positive emotions and
often mentioned happiness

1.
2.
3.
4.

4.

Westergaard et al Recruited patients with HIV who were absent from appointments,
1.
[80]
had substance use, and had an unsuppressed viral load. Investigated
acceptability and uptake of a 2-part intervention that included a
2.
smartphone app (delivering tailored interventions and communication)
and a peer navigator (psychosocial and logistical support)

The participants universally commented on the app’s
usefulness as medication and appointment reminders
Some requested alternate apps at the end of the trial

Przybyla et al
[81]

Found high report completion rates demonstrating
feasibility and acceptability of the app
Challenges include those with limited smartphone
experience

Used app for adult patients with HIV who had been on ARVs for >3 1.
months with history of alcohol and a history of at least one recent day
of nonadherence. Evaluated feasibility and acceptability of the app
2.

Horvath et al [82] Focus groups for stimulant using MSM with HIV (San Francisco,
Minneapolis) and explored app components that were important for
continued use and engagement

Rosen et al [83]

1.

Important features included: low cost, customizable,
integrate well into their lives, be engaging, credible,
private, and provide appointment and medication reminders

Focus groups of patients with HIV with a history of substance abuse 1.
using the iHAART app (which used visual representations of adher- 2.

Need a balance of requested and provided information
Emotions provoked by the app can affect adherence

ence, VLc, and CD4)
Smillie et al [84]

a

Pilot WelTel study in Vancouver, British Columbia, on patients with
substance abuse using a qualitative methodology of semistructured
interviews

1.

Participants thought app was more useful as means
of accessing psychosocial support and health care
providers rather than as a reminder or source of information

MSM: men who have sex with men.

b

ARV: antiretroviral.

c

VL: viral load.
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Discussion
Lower-Income Countries Group
Many studies have been performed using mHealth to improve
adherence, with most in sub-Saharan Africa. Some of the studies
were rigorous, large RCTs, such as Kenya WelTel [43]. There
were some limitations in other studies where mHealth was not
studied independently. For instance, in the study by Maduka et
al [45], the effects of adherence counseling and SMS messages
were not separated, and in the trial by Haberer et al [46], the
role of social supporters was unclear. However, most of the
studies indicate an improvement in adherence and VL (Table
1) [43-46,48,49]. Furthermore, it seems that mHealth represents
a cost-effective intervention compared with the alternatives,
with 1 study showing that a nurse could manage 1000 patients
per week [43].
Although most studies found benefits, there is a gap in the
literature regarding the design of a successful intervention. It
was found that daily messages were not optimal, habituation
likely being a significant factor [43-47]. Pop-Eleches et al [44]
found that weekly interventions were more effective than daily
interventions and long versus short messages made no
difference, potentially reflecting that the messages were used
more as reminders.
Most other successful interventions agreed with tapering
schedules, twice weekly messaging in Nigeria, weekly WelTel
Kenya1 messages, and the weekly South Indian study
[43,45,46,49]. Another variable was message interactivity and
content. On the basis of the existing literature, it is unclear if
the interactivity of messages is important. In terms of content,
Pop-Eleches et al [44] showed that a motivational message
“This is your reminder. Be strong and courageous, we care about
you” was not better than a generic impersonal message. These
findings potentially indicate that an interactive or customized
message does not negate the effects of habituation. Further work
is necessary to determine the exact type of message that
generates the maximal benefit.
Cultural contexts likely play a role in feasibility, and caution
should be exercised when extrapolating results to different
locations. Different views on health care, HIV stigma, baseline
demographics, and cultural or religious views could be important
when designing an intervention. The HIVIND study illustrates
this, with high baseline adherence further boosted by the
Hawthorne effect [48].

Lee & Valerius
In those with IVDU as a risk factor, compliance is important
as it has implications for disease transmission. Finding
meaningful interventions to improve adherence is crucial as
there are higher rates of drug use in patients with HIV+, and
these patients often face barriers to adherence [20,99].
However, there are a series of unique challenges for these
patients that have implications in implementation and
interpretation of studies. An inherent difficulty in studies
performed on patients with a history of substance misuse is their
heterogeneity, with a variety of substances used, including
alcohol, marijuana, cocaine, amphetamines, and opioids.
Prolonged use of drugs such as methamphetamines can cause
psychotic episodes, resulting in more chaotic lives than other
addictive substances [100,101]. Opioids have substitution agents
that represent an opportunity for frequent, recurrent health care
interaction in dispensing [102]. An intervention efficacious in
one group may not be efficacious in another.
In addition, a variety of barriers exist that confound the ability
of mHealth interventions to help with adherence. These include
unstable financial and housing situations as well as psychiatric
comorbidities [103]. Some of these barriers may limit the ability
for any intervention to be beneficial without first addressing
them.
The majority of the interventions studied in patients with
substance misuse were text or SMS based, whereas those
focusing on populations with MSM as the major risk factor had
more advanced smartphone apps (Table 1) [50-58,60-63]. A
potential explanation is the financial resources required for a
smartphone and an accompanying plan, which supports the need
for stable financial situations before a successful intervention.
Overall, across risk groups in higher-income countries, there
seemed to be a theme of advanced mHealth interventions (using
apps, social media, and game-like interventions). Examples in
our review included EPIC Allies, the talking avatar, and the
weCare interventions that contrasted mainly to call and
text-related interventions in lower-income countries [72-74,90].
This could potentially be explained by the availability of
smartphones and internet connectivity in higher-income
countries [28,29].
Regardless of risk factors, a limitation of many of these
individual studies was the small sample size. For instance, the
iTAB study only showed an effect on methamphetamine use,
but as this factor could contribute to nonadherence, a larger
sample size may have had an effect on adherence [61].

These studies collectively show a role for mHealth in improving
HIV care in low-income or lower middle-income nations;
however, we still need to delineate the best design. A
less-than-daily message frequency seems to be optimal;
however, interactivity and content need to be considered.
Geographical and cultural differences may also affect efficacy.

In addition, studies outside North America should be interpreted
with caution if implemented in North America, as many different
considerations exist. For instance, different regions of the world
preferentially use different messaging apps [104]. These may
have different functions and capabilities. Certainly, further work
is required [105,106].

Higher-Income Countries Group

Design-related studies indicated the themes that interventions
should be customizable, provide disease information, and
maintain confidentiality [71-84]. A reminder intervention seems
to be acceptable in the patients studied [76,77,80,82]. The role
of applications as a conduit for health care support was also
emphasized [71,84].

The major risk factor for HIV in higher-income countries was
either IVDU or MSM [93-98]. Although in higher-income
countries different factors were identified in HIV management
compared with lower-income countries, optimizing adherence
is still the key.
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A reasonable conclusion from the totality of the data is that
there is a role in improving adherence in higher-income
countries, but specific nuances need to be considered on a
case-by-case basis. There are limitations affecting the ability to
make conclusions, including small sample sizes, heterogeneous
populations,
and
heterogeneous
interventions
[53,54,60,62,80-82,88].

Conclusions
This study attempted to review the existing literature on mHealth
in HIV adherence, divided the literature to the largest subgroups
for which evidence was found, and discussed existing studies
with each of these groups as specific contexts.
On the basis of an evaluation of both the results and the quality
of evidence available, we believe a clear role for mHealth
interventions in developing countries exists; however, further
work is needed before a final conclusion can be made in the
higher-income countries, where the 2 main subgroup risk factors
were MSM and IVDU. In addition, a gap in the literature in all

Lee & Valerius
3 groups is the exact nature of interventions (optimal message
frequency, content, and intervention themes).
In addition, as demonstrated by the variety and scope of
interventions in our review, there is a difference between digital
and mobile access, with some groups having the hardware and
connectivity to access advanced apps such as smartphone apps,
whereas other groups simply have mobile access and can only
access text or SMS or voice call interventions.
Our review of the literature provides an optimistic outlook on
the role of mHealth in improving HIV care; however, there are
limitations to our work. Our narrative, compared with a
systematic methodology, provides a broad and comprehensive
overview of the subject area but does not have the stringent
inclusion and exclusion criteria of a systematic review.
However, our review provides a broad view of the subject and
identifies specific focus areas for future systematic reviews.
Specific areas of future work include better delineation of the
efficacy of different types of interventions in higher-income
countries and in specific risk groups within higher-income
countries.
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Abstract
Background: Mobile health (mHealth) defines the support and practice of health care using mobile devices and promises to
improve the current treatment situation of patients with chronic diseases. Little is known about mHealth usage and digital
preferences of patients with chronic rheumatic diseases.
Objective: The aim of the study was to explore mHealth usage, preferences, barriers, and eHealth literacy reported by German
patients with rheumatic diseases.
Methods: Between December 2018 and January 2019, patients (recruited consecutively) with rheumatoid arthritis, psoriatic
arthritis, and axial spondyloarthritis were asked to complete a paper-based survey. The survey included questions on
sociodemographics, health characteristics, mHealth usage, eHealth literacy using eHealth Literacy Scale (eHEALS), and
communication and information preferences.
Results: Of the patients (N=193) who completed the survey, 176 patients (91.2%) regularly used a smartphone, and 89 patients
(46.1%) regularly used social media. Patients (132/193, 68.4%) believed that using medical apps could be beneficial for their
own health. Out of 193 patients, only 8 (4.1%) were currently using medical apps, and only 22 patients (11.4%) stated that they
knew useful rheumatology websites/mobile apps. Nearly all patients (188/193, 97.4%) would agree to share their mobile app
data for research purposes. Out of 193 patients, 129 (66.8%) would regularly enter data using an app, and 146 patients (75.6%)
would welcome official mobile app recommendations from the national rheumatology society. The preferred duration for data
entry was not more than 15 minutes (110/193, 57.0%), and the preferred frequency was weekly (59/193, 30.6%). Medication
information was the most desired app feature (150/193, 77.7%). Internet was the most frequently utilized source of information
(144/193, 74.6%). The mean eHealth literacy was low (26.3/40) and was positively correlated with younger age, app use, belief
in benefit of using medical apps, and current internet use to obtain health information.
Conclusions: Patients with rheumatic diseases are very eager to use mHealth technologies to better understand their chronic
diseases. This open-mindedness is counterbalanced by low mHealth usage and competency. Personalized mHealth solutions and
clear implementation recommendations are needed to realize the full potential of mHealth in rheumatology.
(JMIR Mhealth Uhealth 2020;8(8):e19661) doi:10.2196/19661
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Introduction
Rheumatoid arthritis, psoriatic arthritis, and axial
spondyloarthritis are complex pathogenetic chronic diseases.
These disease entities also require a complex treatment structure
with interdisciplinary care by various specialists
(rheumatologists,
dermatologists,
gastroenterologists,
ophthalmologists, physiotherapists, etc), and intensive and
regular disease monitoring is essential. With this complexity,
affected patients often report a lack of understanding of their
disease [1].
Mobile health (mHealth) holds promise to improve health care
delivery and outcomes for people with chronic diseases [2].
Ideally, mHealth solutions, such as mobile apps and wearable
sensors could empower patients, provide individual support,
and lead to better outcomes than those available through
standard care. Patients with chronic rheumatic diseases already
have access to a broad range of mHealth solutions, starting from
symptom checkers [3] or referral tools [4]. Once a diagnosis is
established, mHealth tools enable patients to better monitor
their symptoms passively through sensors [5] and actively by
entering data [6,7]. Furthermore, electronic medication
reminders can increase medication adherence [8,9], and
supporting digital therapy can reduce pain [9] and improve
important comorbidities (eg, depression) [10].
Recently the European League Against Rheumatism and
Working Group Young Rheumatology of the German Society
for Rheumatology (Arbeitsgemeinschaft Junge Rheumatologie
der Deutschen Gesellschaft für Rheumatologie) published
recommendations for the development of mobile apps in
rheumatology [11,12]. The early integration of patients in the
app development process was stressed in both papers. However,
little is known about the patient perspective on mHealth
solutions, as current literature focuses on rheumatologists
[11,13,14]. To successfully integrate the various mHealth
solutions into clinical routine, it is essential to identify barriers
and the needs of patients.
The aim of this study was to explore mHealth usage,
preferences, barriers, and eHealth literacy reported by German
patients living with rheumatic diseases.

Methods
Between December 2018 and January 2019, consecutive patients
seen at one rheumatology outpatient clinic of the University
Hospital Erlangen were asked to complete a paper-based survey.
This study was approved by the Ethics committee (No. 418-18B)
and conducted referring to good clinical practice. All patients
provided informed consent.
To create the survey (Multimedia Appendix 1), a broad literature
review was carried out. Previous mHealth patient surveys in
oncology [15] and rheumatology [16] served as a starting basis.
The survey comprised four main parts: (1) sociodemographics
and health characteristics, (2) mHealth preferences and usage,
(3) eHealth literacy, and (4) communication and information
preferences. The survey was pilot-tested with 10 patients to
detect necessary formatting and wording changes. Minor
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revisions were made accordingly. Foreign words and technical
term explanations were provided in a footnote. Inclusion criteria
were patients (1) aged ≥18 years, (2) who were literate in
German, (3) who had the physical and mental ability to fill out
a structured questionnaire, and (4) who fulfilled classification
criteria for rheumatoid arthritis [17], axial spondyloarthritis
[18], or psoriatic arthritis [19].
The sociodemographic and health characteristics included age;
gender; residence; diagnosis; disease duration; patient global
assessment of disease activity; and current usage of smartphones,
tablets, activity trackers, and social media.
The mHealth preferences and usage section included questions
about the preferred time and frequency for using a rheumatology
app. Patients were asked to rate their preference of app features
(5-point Likert scale) and rate the importance of app
characteristics (10-point Likert scale). Inquiries were made on
internet usage and perceived usefulness, willingness to share
recorded app data, general perception about the utility of medical
apps, web-based services for improving patient’s health, and
telemedicine.
Patients’ eHealth literacy was measured using the validated
German version [20] of the eHealth Literacy Scale (eHEALS)
[21]; eHEALS has been translated and validated in multiple
languages [20-22]. It is based on a 5-point Likert scale and
includes 8 statements concerning self-perceived eHealth literacy.
Patients were asked to state their preferences concerning
medication reminders, medical information format, digitally
provided information structure, patient diary type, and physician
communication type. Rankings did not have to be unique.
Characteristics were summarized using means, standard
deviations, counts, and percentages as appropriate. We used
Pearson correlation to explore relationships between continuous
variables. The relationship between the eHEALS score and
internet use frequency was examined using a linear regression
model with the eHEALS score as the dependent variable and
internet use as an ordinal predictor encoded using orthogonal
polynomials to characterize nonlinear effects. Relationships
between eHEALS score and binary preferences were examined
using logistic regression. All models included age and gender
adjustments. Two-sided P values less than .05 were considered
significant. We used Excel (Microsoft Corp) and R (version
3.5.3; R Foundation for Statistical Computing) for data
manipulation and analyses.

Results
Patient Characteristics
In total, 224 patients were recruited. Only complete surveys
(N=193) were considered for the final analysis. The number of
patients rejecting participation was not measured. The study
sample’s demographics are shown in Table 1. Mean age was
52.1 (SD 13.7) years, with 34.7% (67/193) being at least 60
years old; 59.6% (115/193) were female, and 53.9% (104/193)
had been diagnosed with rheumatoid arthritis. The mean disease
duration was 8.3 years (SD 8.0). Nearly all patients regularly
used a smartphone (176/193, 91.2%), and nearly half of the
patients regularly used a tablet (86/193, 44.6%) and social media
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(89/193, 46.1%). Only a minority used activity trackers (20/193,
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10.4%).

Table 1. Demographic and health characteristics.
Characteristic

Values (N=193)

Age (years), mean (SD)

52.1 (13.7)

Age (years), n (%)
18-39

46 (23.8)

40-59

80 (41.5)

≥60

67 (34.7)

Gender n (%)
Female

115 (59.6)

Male

78 (40.4)

Diagnosis, n (%)
Rheumatoid arthritis

104 (53.9)

Axial spondyloarthritis

37 (19.2)

Psoriatic arthritis

52 (26.9)

Patient global assessment of disease activity (0-10), mean (SD)

3.8 (2.4)

Disease duration (years), mean (SD)

8.3 (8.0)

Disease duration (years), n (%)
≤1

42 (21.8)

2-5

44 (22.8)

>5

107 (55.4)

Residence, n (%)
Village

74 (38.3)

Small city

48 (24.9)

Midsized city

35 (18.1)

Big city

36 (18.7)

Regular usage, n (%)
Smartphone

176 (91.2)

Tablet

86 (44.6)

Activity tracker

20 (10.4)

Social media

89 (46.1)

Medical apps

8 (4.1)

Medical App Acceptance and Willingness to Provide
mHealth Data for Research Purposes
Preferences and attitudes regarding potential mHealth apps and
data flow were addressed (Table 2). More than two-thirds of
the patients (132/193, 68.4%) believed that medical apps are
helpful for their health; however, only 4.1% (8/193) patients
currently used medical apps, of which none were rheumatology
specific apps. Increasing eHEALS scores were associated with
a higher probability of expressing belief that apps were helpful
after adjusting for age and gender (odds ratio [OR] 1.13, 95%
CI 1.07 to 1.19, P<.001). Nearly all patients (188/193, 97.4%)
were willing to transfer app data for research purposes, if data
security would be ensured. The main barrier for sharing app
data with the physician was that personal contact was considered
http://mhealth.jmir.org/2020/8/e19661/
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as sufficient (53/193, 63.9%). Second, patients (42/193, 50.6%)
were concerned about data transfer. The majority of patients
(174/193, 90.2%) wanted to be contacted in case an app detected
an abnormality concerning their health, whereas 57.0%
(110/193) were also willing to transfer app data to the treating
physician. Concerns were data usage, storage, and transfer. Only
28.0% (54/193) were interested in comparing their medication
adherence to the medication adherence of other patients.
Regarding official app recommendations, 75.6% (146/193) of
interviewed patients wanted advice from the national society
of rheumatology. Weekly data entry was preferred by 30.6%
(59/193) with durations of 5-15 minutes (65/193, 33.7%).
Measured on a scale of 10, the most important app
characteristics were security (mean 8.9, SD 2.5) and usability
(mean 8.5, SD 2.5) (Table 2). Regarding preferred app functions,
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patients were most interested in information about medications
and diseases and were least interested in direct exchange such

as chats with peers with the same disease (Figure 1).

Table 2. Patient attitudes towards medical apps.
Characteristic

Values (N=193)

Patients believing medical apps are helpful for their health, n (%)

132 (68.4)

Patients willing to transfer app data for research purposes, n (%)

188 (97.4)

Patients willing to transfer data to physician with app, n (%)
Reason for not willing to transfer data to physician with app, n (%)

110 (57.0)
a

I don't have a suitable device

13 (15.7)

I don't have the technical skills

23 (27.7)

I have concerns about data usage

33 (39.8)

I have concerns about data storage

31 (37.3)

I have concerns about data transfer

42 (50.6)

I have concerns about data protection

24 (28.9)

I only want personal contact with physician

53 (63.9)

I don't find this useful

11 (13.3)

Patients who want to be contacted in case of app-monitoring abnormalities

174 (90.2)

Patients interested to compare medication adherence to other patients, n (%)

54 (28.0)

Patients who want official app recommendations from national society of rheumatology, n (%)

146 (75.6)

Preferred frequency of app usage, n (%)
Not at all

64 (33.2)

Daily

11 (5.7)

Weekly

59 (30.6)

Monthly

37 (19.2)

Each 3 months

18 (9.3)

Less frequently

4 (2.1)

Preferred time of app usage (minutes), n (%)
Not at all

64 (33.2)

0-5

45 (23.3)

5-15

65 (33.7)

15-30

18 (9.3)

>30

1 (0.5)

Importance of app characteristics (0-10), mean (SD)

a

Interactivity

4.5 (2.9)

Design

4.7 (3.2)

Usability

8.5 (2.5)

Data security

8.9 (2.5)

Multiple answers were possible.
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Figure 1. App function preferences (responses to "What app functions would you like?").

Internet Usage and Perceived Usefulness
To address habits regarding information search, patients were
questioned concerning internet usage. The majority of patients
(168/193, 87.0%) had previously used the internet to obtain
health information (Table 3), and the remaining patients (25/193,
13.0%) lacked the skills or motivation to do a search; 7/25
(28.0%) had no internet access, 7/25 (28.0%) did not think it
would be helpful, 6/25 (24.0%) found the information from
their physician sufficient, 2/25 (8.0%) did not know how to do
a search, and 3/25 (12.0%) stated another reason. Some patients
had previously communicated with a physician by email
(56/193, 29.0%). Participation in an online health program was
rare (3/193, 1.6%). Online support groups were used by patients
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to post information (14/193, 7.3%), chat with other patients
(19/193, 9.8%), or read information (85/193, 44.0%); 19.7%
(38/193) were aware of the medication website of the German
Society of Rheumatology (Deutsche Gesellschaft für
Rheumatologie).
Figure 2 presents the type of health information searched on
the internet. Most patients looked for medication information
(134/168, 79.8%) whereas information on support groups was
the least commonly searched (58/168, 34.5%); 124/193 (64.2%)
patients preferred filling out medical questionnaires
electronically before their clinical visits, 102/193 (52.8%)
patients preferred receiving a doctor’s letter in an electronic
format instead of paper, and 98/193 (50.2%) patients preferred
communicating with their rheumatologist by a video call.
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Table 3. Internet usage, perceived usefulness, and eHealth literacy.
Characteristic

Values (N=193)

Did you previously look for health information on the internet? n (%)
Yes

168 (87.0)

No

25 (13.0)

Did you previously communicate with a physician by email? n (%)
Yes

56 (29.0)

No

137 (71.0)

Did you previously participate in an online health program? n (%)
Yes

3 (1.6)

No

190 (98.4)

Did you use an online supporting group before to...?a n (%)
Post information

14 (7.3)

Chat with patients

19 (9.8)

Read information

85 (44.0)

I never used one before

103 (53.4)

Do you know useful rheumatology websites or apps? n (%)
Yes

22 (11.4)

No

171 (88.6)

Do you know the DGRhb medication information website? n (%)
Yes

38 (19.7)

No

155 (80.3)

How useful do you find the internet to make health-related decisions? n (%)
Not useful at all

17 (8.8)

Not useful

19 (9.8)

Unsure

74 (38.3)

Useful

72 (37.3)

Very useful

11 (5.7)

eHealth literacy, mean (SD)
a

26.3 (7.1)

Multiple answers were possible.

b

DGRh: Deutsche Gesellschaft für Rheumatologie (German Society of Rheumatology).
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Figure 2. Information previously searched on the internet (responses to "What health information did you look for on the internet?).

eHealth Literacy
Mean eHealth literacy using eHEALS was 26.3 (SD 7.1) out
of 40. Mean scores in women and men were 25.8 and 27.0,
respectively, with a mean difference of –1.15 (95% CI –3.14 to
0.84) showing no important effect of gender. Age showed a
negative correlation (r=–0.38, 95% CI –0.5 to –0.26) with the
eHEALS score (Figure 3). Table 4 shows the distribution of
responses to the 8 eHEALS items. The majority of the patients
agreed that they know how to use the internet to answer their
questions about health (82/193, 71.5%), and a considerable
proportion of patients (82/193, 42.5%) felt uncomfortable using
information from the internet to make health decisions. A lower
eHEALS score was associated with a decreasing frequency of
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internet usage; the regression analysis shows that, after
adjustment for age and gender, the negative association with
decreasing frequency of internet use and eHEALS score
followed a second-order polynomial (linear: –8.87, 95% CI
–11.97 to –5.76; quadratic:–5.64, 95% CI –8.37 to –2.92)
meaning that each step of decrease in the use-frequency
categories was associated with, not an equal, but a progressively
greater decrease in the eHEALS score (Figure 4). Figure 5 shows
the usage frequency of different health information sources
during the last 3 months prior to the clinical visit. The internet
was the most frequently used information source (144/193,
74.6%), with 9.3% (18/193) using it daily, 14.5% (28/193)
weekly, and 19.7% (38/193) monthly.
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Figure 3. Negative relationship between eHEALS score and age.

Table 4. eHealth literacy.
eHEALS item

Participants (N=193), n (%)

Score

Strongly disagree
or disagree

Neutral

Agree or
strongly agree

Mean (SD)

I know how to find helpful health resources on the Internet

30 (15.5)

50 (25.9)

113 (58.5)

3.5 (1.1)

I know how to use the Internet to answer my questions about health

30 (15.5)

25 (13.0)

138 (71.5)

3.6 (1.1)

I know what health resources are available on the Internet

51 (26.4)

68 (35.2)

74 (38.3)

3.1 (1.1)

I know where to find helpful health resources on the Internet

47 (24.4)

57 (29.5)

89 (46.1)

3.2 (1.1)

I know how to use the health information I find on the Internet to help me 48 (24.9)

49 (25.4)

96 (49.7)

3.2 (1.1)

I have the skills I need to evaluate the health resources I find on the Internet 26 (13.5)

30 (15.5)

137 (71.0)

3.8 (1.1)

I can tell high quality health resources from low quality health resources
on the internet

37 (19.2)

52 (26.9)

104 (53.9)

3.4 (1.1)

I feel confident in using information from the Internet to make health de- 82 (42.5)
cisions

82 (42.5)

29 (15.0)

2.6 (1.0)
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Figure 4. Association of eHEALS score and frequency of internet use.

Figure 5. Health information sources used prior to clinical visits (responses to "How often did you use one of the following options to receive health
information in the last three months?").

Conservative Communication Preferences
The preferred way to contact the treating rheumatologist was
via telephone (136/196, 69.4%), email (42/196, 21.4%), and
chat (8/196, 4.1%) (Table 5, last panel). Most patients wanted
to be reminded of regular medication intake (198/260, 76.2%).
The preferred method for reminders was via an app (118/260,
45.4%) (Table 5). The large majority of patients (173/188,
92.0%) wanted medical information and the preferred media
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were paper (104/188, 55.3%), app (40/188, 21.3%), and website
(29/188, 15.4%). Concerning digitally provided information,
patients preferred plain text and images (160/196, 81.6%) over
exchange functions (29/196, 14.8%) and game-based learning
(7/196, 3.6%). The majority of patients preferred using a patient
diary (167/190, 87.9%) (preference for paper was greater than
that for an app, which was greater than that for a website). App
usage preference increased over the last years (5.4% to 18.1%
from 2014 to 2018, see Multimedia Appendix 2).
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Table 5. Preferences for medication reminders, medical information format, digitally provided information structure, patient diary type, and physician
communication type.
Characteristica

Preference (N=193), n (%)

Score

First

Last

Mean (SD)

Short message (SMS)

39 (15.0)

13 (6.0)

2.8 (1.4)

Mobile app

118 (45.4)

17 (7.9)

3.1 (1.7)

Email

18 (6.9)

10 (4.6)

3.2 (1.3)

Telephone call

20 (7.7)

28 (13.0)

3.5 (1.6)

Not wanted

62 (23.8)

78 (36.1)

3.8 (2.2)

Postcard

3 (1.2)

70 (32.4)

4.9 (1.3)

On paper

104 (55.3)

12 (6.2)

1.8 (1.0)

On a website

29 (15.4)

16 (8.2)

2.3 (0.8)

In an app

40 (21.3)

15 (7.7)

2.4 (0.9)

Not wanted

15 (8.0)

151 (77.8)

3.6 (0.9)

Text- and image-based information

160 (81.6)

16 (8.1)

1.3 (0.6)

Exchange with others

29 (14.8)

61 (31.0)

2.2 (0.7)

Game-based learning

7 (3.6)

120 (60.9)

2.6 (0.6)

On paper

92 (48.4)

14 (7.2)

1.9 (1.0)

In an app

53 (27.9)

19 (9.7)

2.2 (0.9)

On a website

22 (11.6)

31 (15.9)

2.6 (0.9)

Not wanted

23 (12.1)

131 (67.2)

3.3 (1.1)

Telephone call

136 (69.4)

8 (4.0)

1.5 (0.8)

Email

42 (21.4)

5 (2.5)

2.0 (0.7)

Website/chat

8 (4.1)

32 (16.2)

2.9 (0.7)

Not wanted

10 (5.1)

153 (77.3)

3.6 (0.8)

I would like to be reminded of the regular medication intake by...b

I prefer medical information ...c

For digitally provided information (website/app) this would be important to me:d

I would document my state of health and tablet intake in a “patient diary”...c

My preferred way to contact my rheumatologist is via...c

a

Answer options could be ranked with the same preference level.

b

1=preferred option, 6=least preferred option.

c

1=preferred option, 4=least preferred option.

d

1=preferred option, 3=least preferred option.

Discussion
Main Findings
Patients with rheumatic and musculoskeletal diseases are ready
and willing to use mHealth technologies. Patients believe in the
potential of mHealth and are open to participating actively by
sharing health data with their physicians and researchers.
Structured electronic data acquisition holds great promise to
increase data quality, increase quantity, and reduce missing data
and bureaucracy. Patients preferred filling out questionnaires
before clinical visits, using video calls, and receiving electronic
doctor’s letters. These measures could drastically improve the
http://mhealth.jmir.org/2020/8/e19661/
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RenderX

clinical experience for patients, cutting down waiting time and
long drives to the hospital. For clinicians, automatic data import
could reduce administrative efforts. Furthermore, continuously
obtained mHealth patient data increases the basis for shared
personalized clinical decision making.
Some patients, however, prefer personal contact with their
physician and were concerned about data storage and transfer.
Also, at the time of the study, no single patient was using a
rheumatology specific app, only 4.1% were using medical apps
at all, and 11.4% were aware of useful rheumatology websites
or apps. The currently scarce mHealth usage and low eHealth
literacy highlight an important need for structured mHealth
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guidance and patient-adapted information and education. The
majority of patients clearly stated this by calling for official app
recommendations from the national society of rheumatology.
The most popular app features were information about
medication and rheumatic diseases. The fact that 87.0%
previously searched for various health information on the
internet, and that the internet is the most frequently used source
for health information, further supports the need for more, better,
and personalized medical information. This information should
be accurate and reliable, requiring rheumatologists and societies
to actively lead and supervise mHealth in rheumatology. The
opportunity to support therapeutic online health programs is
currently not being fully utilized, despite promising study results
[23]. Furthermore, our study shows an enthusiasm on the
patients’ side to improve medication adherence via mobile apps
and diaries. Sharing of this mHealth data with a large research
registry would represent an enormous potential to improve
treatments and rheumatology research. These results may help
patients, developers, clinicians, and researchers to use the full
potential of mHealth in rheumatology.

Limitations
The cross-sectional design, self-reported data, and sampling
method with relatively small sample size were the most
important limitations of this study. Therefore, the results might
not be generalizable, and actual mHealth usage might, for
example, differ compared to self-reported usage.

Comparison With Prior Work
To our knowledge, this is the first work depicting a German
mHealth patient perspective in rheumatology. This work may
inform mHealth policy recommendations and adds to the
growing body of eHealth rheumatology knowledge
[11-14,24,25] by providing detailed patient preferences, needs,
and barriers. Hence, we believe that the results of this study
could help in devising mHealth solutions that can be integrated
into the clinical routine of patients with rheumatic diseases. The
importance of including patients in the app development process
is stressed in various recommendations [11,12]. Rheuma-Auszeit
was reported as the only app developed with major patient
involvement and scored as the highest quality app [11]. It was
also shown that the participation of patients in app development
leads to high usage; for example, the ArthritisPower app was
used by >18,000 patients with rheumatic diseases in 2018 [26].
Health literacy is critical for patient empowerment [27]. Our
work confirms the lack of adequate eHealth skills in
rheumatology patients [28], reflected by the borderline mean
eHEALS score of 26.3 out of 40. Cutoffs for the eHEALS score
show considerable variation in the literature [29-31]; however,
a value of 26 was set in a previous study as the cutoff for low
eHealth literacy [31]. eHealth literacy was associated with a
greater belief in the usefulness of medical apps, and usage of
the internet to obtain health information, similar to findings
reported by Noblin et al [32]. A previous study [33] showed
that younger age and higher eHealth literacy correlate with
perceived effectiveness of medical apps. eHealth literacy can
change over time [34], and supporting programs should be
implemented to increase eHealth literacy [35]. Many mHealth
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challenges could be overcome if more support was provided by
health providers [36].
Patients demanded clear recommendations from the national
society for rheumatology and expressed the highest confidence
in an app developed by a rheumatic disease scientific society
[25]. Our results suggest that patient app entries should take no
longer than 15 minutes and should not be requested more often
than weekly. Data transfer should be clearly explained to
patients to eliminate this barrier. Customizable app features are
needed, as preferences differ, and a one-size-fits-all approach
seems to be less effective. App building blocks (videos,
information, tools) should be provided so that redundant work
is reduced, and a large variety of features can be provided.
Ideally, the app content should be created in a joint effort by
all stakeholders.
The discrepancy between app use and general belief in
usefulness and interest reflect the currently unmet need of
effective mHealth solutions, guidance, and education. This
discrepancy is also highlighted by the dominance of conservative
communication preferences. These results should carefully be
interpreted, as most patients currently do not have experience
with app-based communication.
In an effort to address this need, the French society for
rheumatology recently developed the free patient app Hiboot,
which provides patients with trustworthy information about
medication and answers to frequently asked questions [37]. App
usage was very low among patients (4.1%) compared to medical
app usage among German rheumatologists (49%) [13] and an
international group of rheumatic patients (79/394, 20%). In
contrast to rheumatologists [13], and an international group of
rheumatic patients (188/394, 47%) [25]; patients were not aware
of any rheumatology specific apps. These results could partly
be explained by the paper-based nature of the survey that
enabled us to include elderly patients that might have been
reluctant to join the study otherwise.
The lack of patient interest was previously identified as a major
barrier to app prescription among general practitioners [38].
Besides education and careful evaluation of current mHealth
solutions [11], solid evidence for the effectiveness and usability
is needed to overcome current barriers and increase app
prescription rate.
Concerning app feature preferences, our results were very much
in line with previous research [16,25]. Patients do not prefer
patient-to-patient communication features; however, patients
are very interested in other app features, particularly those
providing information.
As reported in previous studies [25,28], our work clearly shows
that most patients regularly use the internet to retrieve medical
information. In a previous study [3] published in 2016, 47% of
the patients consulted the internet to investigate their symptoms.
This proportion seems to be increasing, as in our study 67%
and in another recent study [25] 95% of patients stated they did
so. Compared to German oncology patients interviewed in 2016
[15], more rheumatic patients seem to use mobile devices
regularly (69.6% compared to 91.2%); however, the information
quality is very heterogeneous which could be misleading.
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The obvious enthusiasm of patients to share app data for
research purposes and their wish for such data to be made
available to the treating rheumatologist for routine care
underlines that an improvement to the science and practice of
rheumatology could be realized using mHealth. A digital
approach allows the inclusion of well-structured
patient-generated data to improve clinical shared decision
making and clinical research [39]. The interoperability of
systems is crucial for the success of such mHealth tools. A part
of patients want rheumatologists to review their app input. This
could easily cause information overload and an additional
workload to physicians; however, rationing appointments, earlier
detection, and response to flares would also be possible [40].
In combination with wearable sensors and algorithms, patient
monitoring could further be improved.

Knitza et al
The medical community, public health system, and private
sector need to increase their efforts to improve eHealth
competencies and to provide safe and effective digital tools to
leverage the way of mHealth into routine rheumatology care.

Conclusion
To our knowledge, this is the first study capturing a detailed
mHealth perspective of patients with rheumatic diseases, which
could guide rheumatology app development and implementation.
Most patients included in this study possessed smartphones and
believed that using medical apps could be beneficial for their
health. A substantial majority was also willing to share app data
for research purposes. The current usage of mHealth among
rheumatic patients is, however, very limited and eHealth literacy
was rather poor. We could successfully identify unmet needs
and patient priorities, which can be used to accelerate and guide
the way of mHealth into routine rheumatology care.
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Abstract
Background: Hypertensive disorders of pregnancy (HDP) are a primary cause of adverse maternal and neonatal outcomes
worldwide. For women at risk of hypertensive complications, guidelines recommend frequent surveillance of blood pressure and
signs of preeclampsia. Clinic visits range from every 2 weeks to several times a week. Given the wide ubiquity of smartphones
and computers in most countries and a growing attention for self-management, digital technologies, including mobile health
(mHealth), constitute a promising component of monitoring (self-measured) blood pressure during pregnancy. Currently, little
is known about the experiences of women using such platforms and how mHealth can be aligned with their needs and preferences.
Objective: The objectives were twofold: (1) to explore the experiences of Dutch women who had an increased risk of HDP
with a blended care approach (mHealth combined with face-to-face care) for remote self-monitoring of blood pressure and
preeclampsia symptoms and (2) to formulate recommendations for the use and integration of mHealth in clinical care.
Methods: Alongside a prospective blended care study (SAFE@home study) that monitors pregnant women at increased risk
of HPD with mHealth technology, a mixed methods study was conducted, including questionnaires (n=52) and interviews (n=11).
Results were analyzed thematically.
Results: Of the 4 themes, 2 themes were related to the technologies themselves (expectations, usability), and 2 themes were
related to the interaction and use of mHealth (autonomy and responsibilities of patients, responsibilities of health care professionals).
First, the digital platform met the expectations of patients, which contributed to user satisfaction. Second, the platform was
considered user-friendly, and patients favored different moments and frequencies for measuring their blood pressure. Third,
patient autonomy was mentioned in terms of increased insight about their own condition and being able to influence clinical
decision making. Fourth, clinical expertise of health care professionals was considered essential to interpret the data, which
translates to subsequent responsibilities for clinical management. Data from the questionnaires and interviews corresponded.
Conclusions: Blended care using an mHealth tool to monitor blood pressure in pregnancy was positively evaluated by its users.
Insights from participants led to 7 recommendations for designing and implementing similar interventions and to enhance future,
morally sound use of digital technologies in clinical care.
(JMIR Mhealth Uhealth 2020;8(8):e17271) doi:10.2196/17271
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mobile health; hypertension; telemonitoring; ethics; high-risk pregnancy; preeclampsia; digital health
https://mhealth.jmir.org/2020/8/e17271

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17271 | p.439
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Jongsma et al

Introduction

such platforms and how these digital tools can be aligned with
their needs and preferences.

Mobile health (mHealth) refers to the use of mobile devices,
mobile phones, and wireless technologies to support the
achievement of health objectives [1]. mHealth is expected to
improve access to care, enhance patient satisfaction, and reduce
clinic visits and admissions without compromising safety of
care and is argued to improve interaction with and participation
of better-informed and more active patients [2-4]. To date,
mHealth has mostly focused on patients with chronic conditions
or healthy individuals to improve healthy lifestyle habits [5-7].
As in other domains of health care, including pregnancy care,
a shift is currently occurring from hospital-based to home-based
services [8]. In search of improved care for pregnant women,
tailored care with the integration of mHealth has been suggested
as an addition to or partial replacement of frequent prenatal
visits [9]. This approach is called blended care, where digital
technologies are combined and integrated with face-to-face
care. While many of these technologies are being developed
and implemented, little is still known about clinical outcomes
including safety, effectiveness, patient satisfaction, and ethical
considerations.

This study aimed, firstly, to explore how pregnant women, who
have used mHealth as part of a blended care approach for
repeated blood pressure measurements and preeclampsia
symptom reporting, experience the use of such technology.
Second, the study aimed to formulate recommendations based
on these user experiences. Based on the insights originating
from the users’ experiences, we identified several
recommendations to design and implement similar interventions
and to enhance future use of digital technology in clinical care.

Hypertensive disorders of pregnancy (HDP) are a primary cause
of adverse maternal and neonatal outcomes worldwide and occur
in 10% of pregnancies [10]. Risk groups for hypertensive
complications include women with chronic hypertension,
diabetes, obesity, renal disease, cardiac disease, and
preeclampsia in a prior pregnancy. The proportion of women
with these risk factors has been steadily rising over recent years
[10]. For women considered to be at risk, guidelines recommend
frequent observation of the fetal condition and the pregnant
woman’s blood pressure and signs of preeclampsia [11]. Planned
and unplanned visits can range from every 2 weeks to 4 times
a week or even daily. The burden of these recurrent visits is
significant, for both patients and their spouses and family, as
well as for health care services. However, the incidence of
preeclampsia with severe features is approximately 3% [12],
meaning that a substantial number of monitored women, while
at risk, do not develop this condition.
Given the wide ubiquity of smartphones and tablets in most
countries, mHealth is a promising alternative for monitoring
hypertension during pregnancy. The latest research has shown
that pregnant women are willing to undertake repeated
self-measurements and a majority of women would like to be
involved in their blood pressure management [13,14] and regard
remote monitoring important for their pregnancy follow-up
[15]. Little is known about the experiences of women using
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Methods
A mixed methods study, alongside a prospective blended care
study (SAFE@home study) [16,17], was performed to explore
the understanding of patients’ experiences with mHealth [18,19].
Data were collected by means of validated questionnaires and
semistructured in-depth interviews with patients that had
experience with mHealth for remote monitoring of HDP, to
explore their experiences and motivations. The research ethics
committee of the University Medical Center Utrecht determined
that this study was exempt from the Medical Research Involving
Humans Act (reference number 18-898-C).

Context of the Blended Care Approach in Prenatal
Care
The overarching prospective study, named Safe@Home,
evaluates the use of mHealth technology to remotely monitor
blood pressure and preeclampsia symptoms. The data collected
within this study were sent by the patient to the digital
monitoring team, who reviewed the data each day except for
the weekend days. The mHealth technology consisted of an
automated blood pressure monitor with Bluetooth connection
to a smartphone app for iOS users and a web-based portal for
Android users (Figure 1) [16,17]. Digital monitoring started
from 16 weeks gestational age and was continued until delivery,
with interruption in case of hospital admission. Participation in
the blended care approach was offered to pregnant women
whom, at intake, presented with one of the following risk factors
for hypertensive complications: chronic hypertension, history
of prior preeclampsia, or maternal cardiac or renal disease
requiring prenatal care in our clinic in the University Medical
Centre Utrecht (university hospital) or Diakonessenhuis Utrecht
(general teaching hospital). Access to a smartphone or tablet
with internet connection and good understanding of either the
Dutch or English language were required. More information
about the overarching study can be found in [16,17].
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Figure 1. Example of the blood pressure trend graph in the Luscii app.

A prenatal visit schedule was predefined for this group of
patients, with a reduced number of visits while continuing
remote monitoring. Participants were asked to measure their
blood pressure every weekday before 10 am and at least 1 hour
after waking up. A 9-question symptom score list could be
answered in case of hypertension. Predetermined thresholds
(systolic blood pressure >140 mm Hg, diastolic blood pressure
>90 mm Hg) or self-reported symptoms of preeclampsia in the
questionnaire resulted in automatically generated alarm signals
on a monitoring dashboard in the hospital. For health care
providers, a web portal provided online access to
patient-reported questionnaires and blood pressure data.
Members of the digital monitoring team (midwives or obstetric
nurses) reviewed the data every morning from the outpatient
department. The combination of blood pressure measurement
and the presence of symptoms was reviewed and if needed, the
digital monitoring team could consult the obstetrician for advice.
Subsequently, participants were contacted to advise about
management or follow-up. The platform was embedded into
prenatal care with the use of a reduced predefined prenatal visit
schedule, with regular appointments in the outpatient department
carried out by hospital midwives and gynecologists (in training).

Data Collection
Questionnaires
At 36 weeks of gestation, two questionnaires were sent by email
to all participants of the prospective study. One questionnaire
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assessed the usability of the mHealth technology (via an app or
web portal) and the connected devices, focusing on the ease of
use and given instructions. This usability questionnaire consisted
of 9 propositions rated on a 5-point Likert scale (strongly agree
to strongly disagree) to obtain quantifiable scores (see Textbox
1). Furthermore, the use of the blood pressure monitor, usability
of the smartphone app, and content of the app could be rated
on a scale from 1 to 10. The usability questionnaire was
generated by the study team and not validated before the start
of the study. The second questionnaire was the validated
Client-Centered Care Questionnaire (CCCQ). The CCCQ was
developed as an instrument to measure client-centeredness as
experienced by clients of care organizations and to evaluate the
effects of interventions aimed at improving the
client-centeredness of care services [20]. Themes of the CCCQ
include recognition, respect, autonomy, and partnership as
perceived by the participants. It consists of 15 questions rated
on a 5-point Likert scale, ranging from “totally disagree” to
“totally agree” (Multimedia Appendix 1). Results of the CCCQ
can be interpreted using a unidimensional application. This is
done by aggregating all information in one measure and
calculating a total test score. This total score expresses care
receivers’ perception of client-centered care, with higher scores
representing higher perceived client-centered care. Separate
questions are discussed thematically, in line with the qualitative
results of this study.
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Textbox 1. Items on the usability questionnaire.
- The system and its use were easy to understand.
- I felt at ease using the system during pregnancy.
- While using the system, I was able to continue my daily activities.
- I am satisfied with the ease of use of this system.
- I would recommend this system to other pregnant women.
- The instructions for use of the blood pressure monitor were clear.
- The instructions for use of the app were clear.
- It was clear when to provide my measurements.
- It was clear when to contact my health care provider.

Interviews
Semistructured in-depth interviews were conducted with
participants of the overarching study after an email invitation.
Patients who were willing to be interviewed and were able to
speak either Dutch or English were included in the interview
study through purposive sampling. The topic list was designed
to include the motivations, experiences, and perspectives of
patients using the platform. The semistructured format provided
participants with the opportunity to discuss matters they believed
needed emphasis, while offering guidance throughout the
interview. Questions for the interview guide were based on
preliminary quantitative results from our questionnaires, which
suggested the importance of technical functioning,
communication with care providers, and implications for
autonomy. The topic list was expanded based on the literature
on ethical aspects of digital health, mHealth, and digital
monitoring. Interviews were conducted by KJ (assistant
professor) and MD (research assistant), both female researchers
with experience in qualitative studies using interviews. No
relationship with participants was established prior to the
interviews. The interviews were conducted until saturation was
reached, meaning that no new perspectives or themes were
found in consecutive interviews and no new themes emerged
from the data. Verbatim transcriptions of interviews and
interviewers’ notes were compared with audio recordings to
check for accuracy. Transcripts were imported into NVivo12
and analyzed thematically, combining inductive and deductive
analyses. KJ and MD started with an a priori coding scheme to
allow for deductive coding based on topics described in the
literature (responsibilities, shared decision making, patient
empowerment, motivations). Codes and their meanings were
discussed among the research team prior to coding to guarantee
intercoder reliability. The inductive part of the thematic analysis
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combined methods of close reading and constant comparison;
codes emerging from the transcripts were clinical expertise,
reassurance, burden and stress, and understanding one’s own
condition. Codes were examined and systematically reviewed
for supporting or conflicting evidence concerning emerging
themes and codes. We also explored whether there were any
differences between nulliparous and parous women and between
women with a history of HDP and those without. Where
relevant, we explicitly address these differences in the results.
Results are reported using the Consolidated Criteria for
Reporting Qualitative research checklist.

Results
Patient Characteristics
Of 103 invited participants, a total of 51 participants completed
both questionnaires, and one participant only completed the
CCCQ (total n=52). The interviews were conducted with 11
women (8 after delivery, 3 during pregnancy) and comprised
the qualitative part of this study. All interviews (n=11) took
place by phone, as preferred by the participants, and lasted
between 35 minutes and 58 minutes. The majority of the
interviewed women (8/11) also completed the questionnaires.
The demographic data of both groups are shown in Table 1.
Obstetric characteristics of relevance to this topic are indicated
for the interviewees and questionnaire participants (see Table
1).
After analysis of the data from the interviews and questionnaires,
we identified 4 themes. Of these, 2 themes were related to the
mHealth technology itself (themes 1 and 2), and 2 themes were
related to the interaction with and use of the mHealth technology
(themes 3 and 4).
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Table 1. Patient characteristics.
Parameters

Questionnaires

Interviews

(n=52)

(n=11)

Maternal age (years), mean (SD)

34.40 (4.127)

34.18 (2.529)

BMI (kg/m2), mean (SD)

24.94 (4.62)

23.88 (2.496)

Caucasian

47 (90.4)

11 (100)

Afro-Caribbean

0 (0)

0 (0)

Mediterranean

3 (5.8)

0 (0)

Other

2 (3.8)

0 (0)

Primary school

1 (1.9)

0 (0)

Secondary school

4 (7.7)

0 (0)

Middle-level applied education

14 (26.9)

3 (27.3)

Higher-level applied education

17 (32.7)

6 (54.5)

Scientific education (university)

13 (25.0)

2 (18.2)

Unknown

3 (5.8)

0 (0)

19 (36.5)

2 (18.2)

None

14 (26.9)

3 (27.3)

Chronic hypertension

1 (1.9)

1 (9.1)

5 (9.6)

2 (18.2)

13 (25.0)

3 (27.3)

19 (36.5)

2 (18.2)

Preeclampsia in prior pregnancy

10 (19.2)

2 (18.2)

Chronic hypertension

17 (32.7)

5 (45.5)

Cardiac disease

17 (32.7)

3 (27.3)

Renal disease

8 (15.4)

1 (9.1)

None

23 (44.2)

2 (18.2)

Chronic hypertension

14 (26.9)

3 (27.3)

Gestational hypertension

6 (11.5)

2 (18.2)

Preeclampsia

9 (17.3)

4 (36.4)

Ethnicity, n (%)

Level of education, n (%)

Nulliparous, n (%)
a

HDP prior pregnancy, n (%)

Gestational hypertension
Preeclampsia/HELLP

b

Not applicable (nulliparous)
Initial diagnosis at start of SAFE@home study, n (%)

HDP current pregnancy, n (%)

a

HDP: hypertensive disorders of pregnancy.

b

HELLP: hemolysis, elevated liver enzymes, low platelet count.

Theme 1: Expectations of and Satisfaction With the
mHealth Technology
Quantitative Analysis
Analysis of the usability questionnaire showed that almost all
participants (49/51, 96%) felt comfortable using mHealth. The
vast majority (45/51, 88%) would recommend it to their friends
and family, especially participants who had been pregnant before
(97% of multiparous vs. 74% of nulliparous women). Overall,
https://mhealth.jmir.org/2020/8/e17271
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client-centeredness of the blended care approach, based on the
CCCQ, was rated at an average 57.5 of 75 points (range 36-75
points), which translates to a score of 77 from a possible total
score of 100. This total CCCQ score was comparable between
nulliparous women (score of 76, n=19) and parous women (score
of 77, n=33). Of all parous women, women with prior HDP
(19/33) scored the CCCQ slightly higher (score of 79/100) than
those without experience with HDP (14/51; score of 75/100).
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Qualitative Analysis
In order to understand what is important for mHealth users, we
asked the interview participants what their expectations were
before they started using the digital technology in the
Safe@Home study and whether their expectations were met.
The most often mentioned motivations to start using the
technology were the expected reassurance of being closely
monitored by a health care professional (9/11; 2 nulliparous
and 7 parous), better pregnancy outcomes (6/11; 3 with a history
of hypertension and 3 with a history of HPD), and the prospect
of fewer hospital visits (5/11; none with a history of HPD). This
aligned well with their experiences; most interview participants
(8/11) reported they felt reassured and safe because of the close
monitoring by their obstetric care professional. The use of
mHealth reduced the frequency of visits, which contributed to
the users’ wellbeing and a more relaxed pregnancy experience
(9/11; 2 nulliparous and 7 parous). The blended care approach
also enabled timely preventative measures or interventions,
which resulted in early detection of abnormalities or risks (2/11).
All interview participants considered it a benefit to be able to
measure their own blood pressure, especially when they

Jongsma et al
experienced symptoms associated with preeclampsia. Also,
when their measurement indicated normal blood pressure, the
digital monitoring was considered useful and reassuring, because
it would indicate that the symptoms were not caused by
hypertension. Comparable to the results of the questionnaire,
all interviewed women would recommend the system to other
pregnant women.
Some reflections of the interview participants indicated that
their expectations did not always match their experiences. A
few women were surprised by health care professionals calling
when they did not expect it, while at other times, they were not
called by the health care professional when they expected it
based on their uploaded blood pressure data (2/11; both with a
history of hypertension). Participants who needed reassurance
that their blood pressure or symptoms were nothing to worry
about sometimes called the hospital themselves. Furthermore,
one interview participant needed several extra hospital visits
because of hard-to-control hypertension, eventually leading to
hospital admission. As a result, she was somewhat disappointed
that the digital monitoring platform did not live up to her
expectations (P5, Table 2).

Table 2. Quotes illustrating interviewees’ expectations and satisfaction.
Topic

Quotes

Reassurance

More relaxed, I’d say. I haven’t worried at all about my blood pressure. I considered it under control […] Because you
do it continuously [the measurements], it reassures you. (P1)
It is very pleasant and extremely easy. It’s reassuring that you are being monitored [by health care professionals]. (P11)

Frequency of visits

It has given me peace of mind over all those months, primarily because of the significantly reduced number of clinical
visits. (P1)
It is ironic; we expected it because it was announced like that, that we would have to visit the hospital less often, because
we would be monitored via the app, but it resulted in more frequent contact. (P5)

Theme 2: Usability of the mHealth Tool
Quantitative Analysis
Analysis of the questionnaires showed that nearly all participants
considered the user instructions of the blood pressure monitor
(49/51, 96%) and smartphone app or website (48/51, 94%) to
be clear and understandable. Similarly, almost everyone (49/51,
96%) found it easy to learn how to use the mHealth technology
(Figure 2).
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Furthermore, the vast majority of participants (47/51, 92%) was
satisfied with the usability of the mHealth technology; 81%
(41/51) of the participants said the daily measurements took ≤5
minutes a day (average 4.57 minutes, range 3-15 minutes), and
women could easily continue their daily routine while using the
technology (50/51, 98%). Some found it difficult to combine
digital monitoring with their daily routine (5/51, 10%).
On a scale from 1 to 10, the blood pressure monitor was rated
at 8.5 (range 6-10), usage of the smartphone app at 7.6 (range
1-10), and content of the smartphone app at 7.8 (range 1-10).

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17271 | p.444
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Jongsma et al

Figure 2. Results from the user satisfaction questionnaire.

Qualitative Analysis
Similar to the questionnaire, interview participants (6/11)
considered the app to be “modern” and easy to use; all users of
the web portal (4/11) suggested that an Android app would be
more user-friendly. Moreover, the iOS app was regarded to be
comprehensive; the symptom survey was considered short but
clear and easy to complete — it did not take them much effort
and time (4/11; 2 with a history of HPD and 2 without). Other
technical aspects that contributed to the ease of use were the
reminder function, automatic Bluetooth synchronization, and
perceived high accuracy of the measurement. A couple of
participants (2/11) noted that technical understanding of the
functioning of the app was irrelevant for their user experience.
A few users mentioned that measuring early in the morning was
not always easy to combine with either commuting to work or
“family rush hour” in the morning (3/11) or not representative,
as their morning blood pressure was naturally low (1/11). These
users preferred to have the option to measure in the evening
instead of the morning. Most considered measuring 5 times a
week sufficient; a couple of interview participants measured
every day, even during weekends, either because of worries
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about her medical condition (1/11; with a history of HPD) or
to allow it to become a habit in their daily routine (2/11).
Multiple mHealth users (4/11) measured several times a day
when they experienced symptoms of preeclampsia or
hypertension. At the same time, others (6/11; 4 with a history
of HDP) mentioned that daily measurements were too
burdensome or medicalizing, especially when they perceived
their symptoms or blood pressure to be stable. A couple of
interviewees (2/11) mentioned they missed the mHealth tool
after giving birth and would have wanted to continue to measure
during their postpartum period.
A couple of women (2/11) mentioned technical errors in the
synchronization of their measurements with the system used in
the hospital. Furthermore, a couple of others (2/11; both parous
and with a history of hypertension) felt that the symptom score
list to monitor preeclampsia signs was at times confusing
because some questions did not match the specific pregnancy
term. In particular, the question “Can you feel the baby move?”
was considered to be upsetting in the first trimester. Also, one
interview participants considered the orange or red lights
stressful, as she never saw a green light because of her high
values (P9, with a history of HPD; Table 3).
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Table 3. Quotes illustrating interviewee perspectives on the usability of the mHealth tool.
Topic

Quote

App vs web portal

At first, I used the web portal, but when I had a closer look, I realized that the app is much easier, because it
automatically synchronizes. It is so easy! (P1)

Frequency of measurement

Before I started, I thought it would be burdensome to measure my blood pressure every day and was not convinced
that it would be necessary. [...] But eventually, it was very easy. It became part of my routine to measure my
blood pressure in the morning before going to work or before bringing the children to school. (P8)
The app was meant to be used in the morning, which was somewhat a downside, because my blood pressure is
fine in the morning. (P3)
While I was using it, no [I did not experience anything unexpected], but after giving birth and being back home,
I continued measuring with my own device, because I missed that sort of information about my body. (P7)

Questions suitable to term

Those questions did not really match with being in the first trimester. Because it asked for example “do you feel
contractions,” “do you still feel the baby move,” But [at that time], I hardly had a belly, and I couldn’t even feel
the baby yet. [..] I found it difficult and puzzling. (P10)

Alarms

“Those lights [on the blood pressure device], they should get rid of in favor of people who are easily stressed
out. They should rather show you a green light when you’re fine, orange when there are problems, and red when
things are bad. [..] It showed orange so often. Since my blood pressure has been high my whole life, you feel
like there is a continuous alarm, while yeah, that was not really the case.” (P9)

Theme 3: Autonomy and Responsibility of Patients
Quantitative Analysis
Respondents of the questionnaires were positive about their role
within the blended care approach. The majority of the
participants felt they were given sufficient opportunity to draw
on their own knowledge and experience (40/51, 77%) and to
decide about the kind of care they receive (43/52, 83%).
Furthermore, they felt they were given enough opportunity to
do what they were capable of doing themselves (47/52, 90%).
However, only half of the participants (26/52, 50%) felt like
they were given enough opportunity to arrange and organize
prenatal care themselves. Some (30/52, 57%) would like even
more influence in clinical decision making and felt that health
care professionals are sometimes too quick to deny a possibility.
A minority of the participants (21/52, 40%) felt like they had a
say in deciding when the care was provided.
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Qualitative Analysis
Interview participants noted two dimensions related to patient
autonomy. First, all interview participants (11/11) mentioned
that mHealth helped to be informed about HDP. Insights on
blood pressure over time, as displayed in a trend line in their
app, was especially considered to be informative (6/11; all
parous). Such information raised awareness about the symptoms
of HDP and when to report to health care professionals (4/11).
Some interview participants (2/11) argued that these insights
are paired with responsibilities to carefully measure blood
pressure and to contact the health care professional when
symptoms increase.
A second aspect related to patient autonomy mentioned by
participants was that the use of mHealth contributed to them
being in control of their own health and to bring their own
perspectives to the fore in consultations with health care
professionals (7/11). mHealth allowed them to monitor their
own symptoms and, when necessary, adapt their behavior (4/11),
for example with regard to activities or medication (P8, Table
4).
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Table 4. Quotes illustrating interviewee perspectives on autonomy and responsibilities of patients.
Topic

Quote

Being informed

I experienced that I thought I was going to measure hypertension because I felt a headache, but then I didn’t measure
anything abnormal. That is odd. But exactly because of such experiences, I consider it beneficial to be able to measure,
because it provided objective information to really judge it. Because I find it difficult to determine what is the matter,
simply by how I feel. (P8)
I then understood, you know, why they [health care professionals] ask you all these questions and that these are relevant.
Because of the symptom score list or due to hypertension and related symptoms of preeclampsia, that I became aware
that once you experience such symptoms, you shouldn’t think it’s normal, but that you have to inform health care professionals. (P2)

Information for lifestyle

It is information, you know. I had to take care of my activity level; when I did not measure hypertension, I would go
outside for example. […]. And in case I would measure hypertension, I would take it easy and ask my husband to take
care of the children. It provides information relevant for such activities. That was very helpful. (P8)

Responsibilities

[..] but it is also your own responsibility, the responsibility of the mother or the pregnant woman. Not only because you
know your body best, but also because you become aware of aspects because of this research study. And then it’s my
responsibility to discuss it with the health care professional. (P2)

Control

You both have access to the information. What I see in my overview, the physician can also see, so you can also look
at it together. I got the impression that more deliberation is possible, that you do it together like how should I interpret
this and the physician can explain it for example. (P8)

Theme 4: Health Care Professionals’ Expertise and
Responsibilities
Quantitative Analysis
After starting the digital monitoring, it was clear for the majority
of the participants when the digital monitoring team needed to
receive their measurements (49/51, 96%) and when to contact
the physician regardless of their data (42/51, 82%). They felt
that their personal wishes were sufficiently considered by the
health care professionals (46/52, 89%). Most of the survey
respondents said they could tell that their obstetric care
professional really listened to them (50/52, 96%) and that they
were given enough opportunity to say what kind of care they
needed (47/52, 90%).

Qualitative Analysis
In addition to the findings of the quantitative research,
interviewees showed that they consider the expertise of the
health care professionals important in monitoring HDP. All
interview participants (11/11) said that health care professionals

have invaluable clinical expertise to oversee the implications
of the measurements, as well as to decide the need for additional
tests, the interval of clinical visits, and medication or
hospitalization. The follow-up initiated by health care
professionals — either by phone or via clinical visits —
contributed to the feeling of being well taken care of and met
the interviewees’ expectations regarding responsibilities (5/11).
Patients also mentioned that it should remain the health care
professionals’ responsibility to undertake action when the
measurements deviate from the norm (5/11). They felt relieved
that monitoring and resulting action are not solely the patient’s
responsibility (11/11).
Moreover, patients were appreciative that health care
professionals acted if a patient would underestimate the severity
of their situation (3/11). Patients argued that important decisions
about their condition cannot exclusively be based on the
information from the tool, but an expert’s clinical view is
required for interpretation and to make personalized treatment
decisions (5/11; Table 5).

Table 5. Quotes illustrating interviewees’ perspectives on expertise and responsibilities of health care professionals.
Topic

Quote

Medical expertise

Well, for me, those data, I’m not trained as a health care professional, to interpret my data. I, myself, had the [possibility] to see how my blood pressure developed over time. But the idea that health care professionals see my data and can
interpret it and can ask you to come to the hospital when necessary, that is comforting. (P2)
[..] and that they can interpret it. Like for me, it was the case that it [blood pressure] was higher than 90, even if 90 is
the threshold value for me, but [they explained] that for me, you see sometimes other things happening. Then I know
that, you know, it’s very helpful when a physician helps me and interprets the data. I mean, that they don’t simply tell
and stick to the threshold values, but also interpret it in your specific situation. I believe the shared effort lies in me
conducting the measurements and supplying that information. (P8)
[..] it’s a shared effort. But I think the physician is leading because they know best. I mean, I know more or less which
medication I take now and what sort of effect it has on me. But I don’t know, for example, whether or when I can stop
taking medications and what consequences it would have; I haven’t studied for that. (P4)

Active monitoring

I really like having been called after [by a nurse], because then you have confirmation that they will undertake action
when it is necessary. [..] I think it was great, that in that way also really something is done with the data you collect
every day. (P7)
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Discussion
This study analyzed user experiences with a blended care
approach for the monitoring of HDP (Safe@Home study).
Overall, the results of the questionnaires and interviews
corresponded and were supplementary. The effects of using
mHealth met the expectations of the participants, who were

Jongsma et al
overall very satisfied with the easy-to-use technology. mHealth
was considered to support patient autonomy by providing
information and ways to be in control, but the interpretation of
the measurements requires the involvement of health care
professionals. Participants also noted a few possibilities for
improvement. With the focus on future development and
implementation of mHealth in care, we extracted multiple
recommendations from our results (see Textbox 2).

Textbox 2. Recommendations for the future use and implementation of mHealth technologies in clinical care.
1.

Be modest in the communication regarding expected group benefits of the digital health technology to prevent disappointing individual patients
who do not experience these specific benefits.

2.

Provide the user insight into the data; in particular, a graphic representation over time is a helpful method to foster patient knowledge and can
support patients to participate in clinical decision making.

3.

The mHealth data should be integrated in (electronic) health records and should be accessible to all health care professionals that are engaged in
care.

4.

The health care professionals should remain responsible for the interpretation of data obtained via digital monitoring, as the clinical expertise of
health care professionals is necessary for the early detection of abnormalities and clinical decision making.

5.

Health care professionals should be aware of (pregnant) patients’ willingness and capability to self-measure their blood pressure at home.

6.

Symptom score lists and blood pressure thresholds should be personalized, meaning that the questions should be adapted to the pregnancy term
and thresholds should be set to fit the user’s situation.

7.

The moment and frequency of measurement should be communicated clearly but should also be sensitive and adaptable to the daily life of the
user.

Our Findings in Context
Currently, several digital technologies are being developed that
moderate or replace traditional clinical care. The study described
here is an excellent example of such digital health technology
in the clinical context that replaces some of the care traditionally
provided in the clinical setting with digital monitoring at home.
Our study confirmed several findings described by other digital
monitoring studies. Some comparable studies have reported on
remote blood pressure monitoring in pregnancy, without
in-clinic monitoring by care professionals [21,22]. For a
comparable intervention with clinical monitoring, only survey
data were reported [15]. Our study confirmed that pregnant
women at risk of HDP are willing to participate in
self-monitoring services and are capable of bearing the
responsibilities of measuring their own blood pressure
[15,21,22]. Our study confirmed that women who experienced
HDP in a prior pregnancy, in particular, were strongly in favor
of blended care approaches in prenatal care [22]. A comparable
intervention for pregnant women with hypertension that included
remote monitoring of blood pressure and monitoring by health
care professionals reported that 83% of the participants
experienced a feeling of safety and that 68% preferred to be
contacted within 12 hours after the measurement in case of
abnormal measurements, preferably by their midwife or
obstetrician [15]. Our study found comparable feelings of
appreciation and safety among the users, partly because of the
follow-up by health care professionals by phone or via clinical
visits. Self-measuring was found to be reassuring; when
abnormal values were detected as women took and interpreted
their own measurement, it was clear for the participants when
to contact the clinic [21]. Other studies have also found that
women prefer that blood pressure monitoring should not stop
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at the delivery date, but should be available postnatally, which
was also expressed by our interview participants [21,22].

Opportunities for and Challenges With Blended Care
Approaches in Clinical Care
With the rapid development and implementation of digital
technologies in health care settings, the need for ethical guidance
and practical recommendations for the implementation of such
technologies, including mHealth, is widely acknowledged by
patients, health care professionals, and influential advisory
councils [23-25]. With the implementation of these technologies,
it becomes possible to move beyond mere speculative debates
about the opportunities and challenges of mHealth and to
investigate how the practice is developing. Our study explored
both user experiences and the expectations of users prior to
using mHealth tools for digital monitoring. User experiences
depend not only on the quality of the technology but also on
the expectations one has before using it. Investigating both
expectations and experiences is helpful, not only to understand
what may motivate pregnant women to use such technologies
but also to assess whether these tools live up to users’
expectations. Our study provides several insights in that respect:
less frequent hospital visits and better-informed patients were
often mentioned as factors contributing to the satisfaction with
this technology. This shows that some of the widely discussed
promises of mHealth were met in our study. Other claims about
mHealth, such as increased accessibility, cost-effectiveness,
and more empowered patients [1,2], were not (fully)
substantiated by our study.
Furthermore, our study indicates that ethical guidance for the
use of digital technologies in health care settings differs in
significant ways from concerns about digital health consumers.
Using digital technologies, including mHealth, in health care
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settings raises a wider range of ethical challenges than have
been described in the consumer context [26,27]. Aside from
concerns about effectiveness, privacy, and safety, the health
care context requires us to carefully assess the delegation of
responsibilities to patients, influence on patient autonomy, and
proportionality of burden and benefits. Regarding the delegation
of responsibilities, our study showed that users are able to bear
the responsibility for measuring their own blood pressure, but
they did not feel able to bear the responsibility of interpreting
their own data. Clinicians play an important role in the
responsible use and implementation of these technologies. This
indicates that careful consideration is required regarding which
tasks and responsibilities can be delegated to technology (instead
of face-to-face care) and which can be delegated to patients
(instead of the health care professionals) without compromising
safety or quality of care. Digital technologies, including
mHealth, are not a stand-alone solution in the clinical context
and need to be supplemented with clinical expertise. With regard
to the influence on patient autonomy, our study has supported
evidence that patients can become more familiar with their own
body and disease symptoms and are able to use this information
in adjusting their behavior or to deliberate with physicians. It
is important to recognize that supporting and respecting patient
autonomy are not completely in their own hands. Health care
professionals involved in blended care play a crucial role. Not
only will health care professionals have to recognize and respect
wishes of autonomous persons but will also have to navigate
between the standardized way of measuring, supported by digital
technology, while still being able to personalize the analysis
and interpretations to the interests and needs of a specific patient.
Lastly, while mHealth technologies have several benefits, such
as accessibility of information for both patients and health care
professionals, less frequent hospital visits, and better
understanding of one’s own conditions, these benefits need to
outweigh the burden of using these technologies (eg, time
investment, user friendliness). Overall, our participants were
very positive and satisfied with the mHealth technology, but
the interview participants who felt their blood pressure was
stable because of prescribed medication argued that the burden
of measuring every day became somewhat disproportionate.
Less frequent measurements may be a way to balance the burden
and benefits for these groups. It also indicates that high levels
of satisfaction with this blended care approach might be specific
to the high-risk population that was selected for this approach.
For the high-risk population, there is much to gain in terms of
both health outcomes and time investment, but the balance may
tip differently for medium-risk to low-risk groups.
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Strengths and Limitations
This is a mixed methods study that benefits from reducing
weaknesses inherent to both methods; it expands understanding,
while also being comprehensive. Approximately half of the
total users of the mHealth technology filled out the validated
questionnaires. The sample of interviewees was representative
of the participants of the questionnaires in terms of age, BMI,
education level, and underlying conditions (Table 1). The
findings of the survey and interviews were supplementary and
helped to better understand what and for which reasons the
mHealth tool was appreciated, which can inform future mHealth
health interventions.
Our results must be interpreted in the context of the following
limitations. Selection bias (self-selection) might have influenced
the results, as participants of the prospective study agreed to
take part in this innovative strategy with digital monitoring and
may thus have a positive attitude in general to mHealth.
Furthermore, the women willing to participate in this study may
have had a relatively positive experience with this specific
technology. Also, the experience of participants could have
been biased by the outcome of their pregnancy. However, as
the findings of the questionnaires (collected during pregnancy)
and the interview data (8 postpartum, 3 during pregnancy)
correspond, the influence may be marginal. The interviewed
patients were fairly highly educated and may therefore not be
representative of pregnant women in other socioeconomic
situations. This explorative study has a relatively small sample
size; in both the quantitative and qualitative aspects of the study,
the provided ratios and percentages were not statistically
powered and therefore cannot be fully generalized to other
populations or care settings. Although saturation was reached
on the identified codes and themes, further research could
investigate these topics in more depth.

Conclusions and Recommendations
Our study explored the perspectives of pregnant women
regarding the use of mHealth in a blended care approach to
remotely monitor blood pressure in pregnancy. Based on the
experiences of the users, several recommendations have been
formulated. These recommendations draw on the needs,
experiences, and views of the patients, meaning that following
these recommendations will contribute to better-aligned and
patient-centered care. These recommendations can help other
scholars or physicians to guide the process of implementation
and design of similar mHealth technologies.
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Abstract
Background: Tablet and smartphone ownership have increased among US adults over the past decade. However, the degree
to which people use mobile devices to help them make medical decisions remains unclear.
Objective: The objective of this study is to explore factors associated with self-reported use of tablets or smartphones to support
medical decision making in a nationally representative sample of US adults.
Methods: Cross-sectional data from participants in the 2018 Health Information National Trends Survey (HINTS 5, Cycle 2)
were evaluated. There were 3504 responses in the full HINTS 5 Cycle 2 data set; 2321 remained after eliminating respondents
who did not have complete data for all the variables of interest. The primary outcome was use of a tablet or smartphone to help
make a decision about how to treat an illness or condition. Sociodemographic factors including gender, race/ethnicity, and
education were evaluated. Additionally, mobile health (mHealth)- and electronic health (eHealth)-related factors were evaluated
including (1) the presence of health and wellness apps on a tablet or smartphone, (2) use of electronic devices other than tablets
and smartphones to monitor health (eg, Fitbit, blood glucose monitor, and blood pressure monitor), and (3) whether people shared
health information from an electronic monitoring device or smartphone with a health professional within the last 12 months.
Descriptive and inferential statistics were conducted using SAS version 9.4. Weighted population estimates and standard errors,
univariate odds ratios, and 95% CIs were calculated, comparing respondents who used tablets or smartphones to help make
medical decisions (n=944) with those who did not (n=1377), separately for each factor. Factors of interest with a P value of <.10
were included in a subsequent multivariable logistic regression model.
Results: Compared with women, men had lower odds of reporting that a tablet or smartphone helped them make a medical
decision. Respondents aged 75 and older also had lower odds of using a tablet or smartphone compared with younger respondents
aged 18-34. By contrast, those who had health and wellness apps on tablets or smartphones, used other electronic devices to
monitor health, and shared information from devices or smartphones with health care professionals had higher odds of reporting
that tablets or smartphones helped them make a medical decision, compared with those who did not.
Conclusions: A limitation of this research is that information was not available regarding the specific health condition for which
a tablet or smartphone helped people make a decision or the type of decision made (eg, surgery, medication changes). In US
adults, mHealth and eHealth use, and also certain sociodemographic factors are associated with using tablets or smartphones to
support medical decision making. Findings from this study may inform future mHealth and other digital health interventions
designed to support medical decision making.
(JMIR Mhealth Uhealth 2020;8(8):e19531) doi:10.2196/19531
KEYWORDS
smartphone; mHealth; eHealth; mobile phone; cell phone; tablets; ownership; decision making; health communication; telemedicine;
monitoring; physiologic; surveys and questionnaires
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Introduction
As of June 2019, approximately 81% of US adults owned
smartphones and nearly 52% of US adults owned tablets
according to the Pew Research Center [1]. By race/ethnicity,
the proportion of smartphone ownership for White, Black, and
Hispanic people was 82%, 80%, and 79%, respectively [1]. By
gender, 79% of women and 84% of men owned a smartphone
in 2019 [1]. Although smartphone and tablet ownership have
increased over the past decade, the degree to which people use
mobile devices to help them make medical decisions remains
unclear.
A broad goal of informed decision making is to provide
individuals (and family members when appropriate and desired)
with the amount of understandable, accurate, and balanced
information needed to make a high-quality decision about a
screening, treatment, or other health-related option (eg,
end-of-life issues, circumcision, vaccines, genetic tests) [2,3].
Shared decision making is a related concept to informed decision
making and is broadly conceptualized as a collaborative process
that allows patients and their providers to make health care
decisions together, taking into account the best scientific
evidence available as well as patients’ values and preferences
[4]. Some studies have shown that mobile health (mHealth) and
electronic health (eHealth) can improve shared decision-making
opportunities and encourage greater patient participation in
medical decision making [5-7]. Other studies have shown
differences in who uses mHealth and eHealth by age, gender,
race/ethnicity, education, and history of health conditions [8-10].
Little is known about how mHealth and eHealth tools may
impact medical decision making in nonclinical, population-based
samples. A better understanding of this gap in knowledge is
important given that strategies to support informed decision
making and shared decision making are increasingly being
advocated by decision science experts and health care
organizations [11-14]. The purpose of this study is to explore
factors associated with self-reported use of tablets or
smartphones to support medical decision making.

Methods
Brief Overview of the Health Information National
Trends Survey
The Health Information National Trends Survey (HINTS) [15]
is a probability-based, nationally representative cross-sectional
survey of noninstitutionalized US adults aged 18 and over. It
is the only national survey exclusively devoted to monitoring
trends in health communication and the health information
environment. HINTS was developed by the National Cancer
Institute’s Health Communication and Informatics Research
Branch and has been administered approximately every 2 years
since 2003. Details about HINTS methodology are reported
elsewhere [16,17] and can be seen on the HINTS website [15].
This study evaluated cross-sectional participant data from
HINTS 5, Cycle 2. The sample design consisted of a
single-mode postal mail survey, using the Next Birthday Method
for respondent selection. Data were collected between January
https://mhealth.jmir.org/2020/8/e19531
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and May 2018. There were 3504 responses in the full HINTS
5, Cycle 2 data set; 2321 responses remained after eliminating
those with missing data for any factor of interest. A total of
1183 participants were not included in this analysis: 752
respondents were removed due to unusable responses on the
main outcome variable including not having a smartphone or
device, 102 were removed because they replied “not applicable”
to the question regarding sharing health information from an
electronic monitoring device or smartphone with a health
professional, and 329 were removed due to missing information
on at least one of the other factors of interest (eg, demographics
or medical information).

Measures
Use of Tablets or Smartphones for Medical Decision
Making
The primary outcome was worded as, “Has your tablet or
smartphone helped you make a decision about how to treat an
illness or condition?” Response options were yes/no.

Use of Electronic Devices Other Than Tablets and
Smartphones to Monitor Health
Participants were asked, “In the past 12 months, have you used
an electronic wearable device to monitor or track your health
or activity? For example, a Fitbit, Apple Watch, or Garmin
Vivofit.” Response options were yes/no.

Sharing Health Information From an Electronic Device
Participants were asked, “Have you shared health information
from either an electronic monitoring device or smartphone with
a health professional within the last 12 months?” Response
options were yes, no, and not applicable.

Health and Wellness Apps
Participants were asked, “On your tablet or smartphone, do you
have any ‘apps’ related to health and wellness?” Response
options were yes, no, and don’t know.

History of Medical Conditions
Participants were asked if a doctor or other health professional
ever told them that they had any of the following medical
conditions (yes/no): (1) diabetes or high blood sugar; (2) high
blood pressure or hypertension; (3) heart condition such as heart
attack, angina, or congestive heart failure; (4) chronic lung
disease, asthma, emphysema, or chronic bronchitis; (5) arthritis
or rheumatism; and (6) depression or anxiety disorder.
Participants were also asked if they had ever been diagnosed as
having cancer (yes/no)? Each medical condition was evaluated
individually, as well as “at least one medical condition”
compared with none.

Demographics
Demographics such as age in years (median and categorical),
gender (male and female), race/ethnicity (White, Black or
African American, Hispanic, Asian, and Other), and education
(<high school, high-school graduate, some college or trade
school, and college graduate) were also assessed.
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Data Analysis
Weighted population estimates and standard errors were
calculated to describe the sample. Odds ratios (ORs) and 95%
CI were calculated, comparing respondents who used tablets or
smartphones to help make medical decisions (n=944) with those
who did not (n=1377), separately for each factor using univariate
logistic regression models. A multivariate logistic regression
model for the odds of using tablets or smartphones to make
medical decisions was attempted for factors that were
univariately significant with P<.10. CIs for ORs that do not
contain 1 are considered significant for the purpose of this study.
All analyses were conducted using SAS version 9.4 (SAS
Institute).

Results
Sociodemographic characteristics and univariate ORs are
presented in Table 1. Briefly, categorical age, gender, mHealth,
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and eHealth factors were significantly associated with use of
tablets or smartphones for helping participants make medical
decisions. However, race/ethnicity, educational attainment, and
history of various medical conditions were not significant.
In the multivariate model (Table 2), we found that men had
lower odds of reporting that a tablet or smartphone helped them
make a medical decision compared with women (OR 0.59, 95%
CI 0.42-0.81; P=.002). By contrast, participants who had health
and wellness apps on tablets or smartphones (OR 1.54, 95% CI
1.06-2.23; P=.02), used other electronic devices to monitor
health (OR 1.46, 95% CI 1.08-1.97; P=.01), and shared
information from devices or smartphones with health care
professionals (OR 1.87, 95% CI 1.37-2.56, P<.001) had higher
odds of reporting that their tablet or smartphone helped them
make a medical decision, compared with those who did not.
Respondents aged 75 and older had lower odds of using a tablet
or smartphone compared with younger respondents aged 18-34
(OR 0.38, 95% CI 0.20-0.72).
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Table 1. Description of population estimates and univariate odds ratios for using tablet or smartphone to help make decisions about how to treat an
illness or condition.a
Characteristics

Use tablet/smartphone to help with
medical decisions (n=944), weighted
percentage (standard error)

Do not use tablet/smartphone
(n=1377), weighted percentage
(standard error)

Odds ratio (CI)

P value

Demographics
Age (years)

Overall
.003

18-34

28.4 (3.4)

26.8 (2.1)

Reference

35-49

31.2 (2.8)

30.1 (1.8)

0.98 (0.61-1.57)

.93

50-64

31.5 (2.3)

28.8 (1.6)

1.03 (0.67-1.60)

.89

65-74

7.0 (0.7)

9.4 (0.7)

0.70 (0.44-1.11)

.13

75+

2.0 (0.3)

4.8 (0.5)

0.38 (0.22-0.67)

.001

46.2 (0.70)

0.99 (0.99-1.00)

.27

Median age (years) 45.1 (0.96)
Gender
Female

58.6 (2.4)

44.2 (1.8)

Reference

Male

41.4 (2.4)

55.8 (1.8)

0.56 (0.41-0.76)

Race ethnicity

<.001
Overall .16

NHb White

62.7 (2.2)

68.1 (1.6)

Reference

NH African
American

11.4 (1.2)

8.9 (0.8)

1.40 (0.98-1.99)

.06

Hispanic

17.0 (1.7)

14.7 (1.1)

1.26 (0.87-1.80)

.21

NH Asian

6.4 (1.5)

4.6 (0.8)

1.51 (0.65-3.48)

.33

Other

2.5 (0.7)

3.8 (0.5)

0.73 (0.31-1.68)

.45

Highest level of school

Overall .67

College gradu- 35.0 (1.9)
ate+

31.8 (1.3)

Reference

Some college

41.2 (2.5)

42.6 (1.7)

0.88 (0.66-1.17)

.37

High-school
graduate

18.9 (2.3)

19.4 (1.7)

0.88 (0.57-1.36)

.57

6.1 (1.1)

0.73 (0.38-1.41)

.35

<.001

Less than high 4.9 (1.1)
school

Use of electronic devices other than tablets and smartphones to monitor health
Yes

47.9 (2.7)

31.3 (2.0)

2.02 (1.48-2.75)

No

52.1 (2.7)

68.7 (2.0)

Reference

Share health information from an electronic monitoring device or smartphone with a health professional
Yes

26.8 (1.9)

13.5 (1.4)

2.36 (1.75-3.18)

No

73.2 (1.9)

86.5 (1.4)

Reference

<.001

Presence of health and wellness apps on a tablet or smartphone
Yes

61.6 (2.6)

44.3 (3.0)

2.02 (1.41-2.91)

No or Don’t
know

38.4 (2.6)

55.7 (3.0)

Reference

Yes

14.3 (1.2)

13.5 (1.2)

1.07 (0.81, 1.41)

No

85.7 (1.2)

86.5 (1.2)

Reference

<.001

Medical conditions
Diabetes
.63

High blood pressure
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Use tablet/smartphone to help with
medical decisions (n=944), weighted
percentage (standard error)

Do not use tablet/smartphone
(n=1377), weighted percentage
(standard error)

Odds ratio (CI)

P value

Yes

30.4 (1.7)

34.4 (2.4)

0.84 (0.63-1.11)

.22

No

69.6 (1.7)

65.6 (2.4)

Reference

Yes

4.8 (0.8)

4.5 (0.8)

0.94 (0.53-1.66)

No

95.2 (0.8)

95.5 (0.8)

Reference

Yes

10.2 (1.3)

11.6 (1.3)

0.87 (0.58-1.30)

No

89.8 (1.3)

88.4 (1.3)

Reference

Heart disease
.82

Lung disease
.48

Depression or anxiety
Yes

26.3 (2.0)

22.0 (2.1)

1.26 (0.92-1.73)

No

73.7 (2.0)

78.0 (2.1)

Reference

Yes

7.2 (0.9)

8.2 (0.7)

0.87 (0.58-1.31)

No

92.8 (0.9)

91.8 (0.7)

Reference

Yes

19.6 (1.8)

16.9 (1.4)

1.20 (0.86-1.68)

No

80.4 (1.8)

83.1 (1.4)

Reference

.15

Ever had cancer
.49

Arthritis
.28

One or more of the above medical conditions

a

Yes

60.2 (2.7)

60.9 (2.7)

0.97 (0.70-1.35)

No

39.8 (2.7)

39.1 (2.7)

Reference

.87

Total number of respondents (unweighted n).

b

Native Hawaiian.

Table 2. Multivariable logistic regression model for using a tablet or smartphone to help make decisions about how to treat an illness or condition.
Variable

Odds ratio (CI)

Age (years)

P value
Overall 0.007

18-34

Reference

35-49

0.95 (0.58-1.55)

.83

50-64

0.97 (0.60-1.56)

.90

65-74

0.65 (0.39-1.08)

.09

75+

0.38 (0.20-0.72)

.004

0.59 (0.42-0.81)

.002

Male (vs female)

Use of electronic devices other than tablets and smartphones to monitor health 1.46 (1.08-1.97)
(vs no)

.01

Share health information from an electronic monitoring device or smartphone 1.87 (1.37-2.56)
with a health professional (vs no)

<.001

Presence of health and wellness apps on a tablet or smartphone (vs no or
don’t know)

.02

Discussion
Principal Findings
The goal of this study was to explore factors associated with
self-reported use of tablets or smartphones to support medical
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decision making in a large, nationally representative sample of
US adults. In summary, we found that some sociodemographic
factors including categorial age and gender, presence of health
and wellness apps, and use of mHealth or eHealth tools to
monitor health were associated with using a tablet or smartphone
to support medical decision making. Although sociodemographic
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differences in tablet and smartphone use are well documented
[8,18,19], this study is the first-known investigation on the use
of tablets or smartphones in the specific context of medical
decision making.
Over the last decade, there has been growing use of mHealth
and eHealth interventions. Notably, the more contemporary
term digital health includes categories such as mHealth, health
information technology, wearable devices, telehealth and
telemedicine, and personalized medicine [20]. Our findings
complement prior studies exploring various aspects of mHealth
and eHealth to support patients’ behavior change and
self-management across health conditions—often done via
telemedicine, SMS text messaging, or smartphone apps
[21-26]—as well as studies showing that tablets and
smartphones can help support chronic disease management [18].
Novel uses of mobile devices are being explored to support
shared decision via digital phenotyping [27] or
“moment-by-moment quantification of the individual-level
human phenotype in-situ using data from smartphones and other
personal digital devices” [28]. While it has been established
that people with more than one health condition are more likely
to use digital health tools [29,30], we did not observe an
association between the number and type of health conditions
with the use of tablets or smartphones to support medical
decision making. Moreover, we did not observe an effect of
race/ethnicity or educational attainment with regard to using
tablets or smartphones to support medical decision making.
A key finding from this study was that HINTS participants aged
75 and older had lower odds of using tablets or smartphones
compared with participants aged 18-34. While this finding is
not surprising given that older US adults generally have lower
rates of tablets and smartphones ownership compared with their
younger counterparts, it should not be interpreted as
unwillingness or inability of people aged 75 or older to use
mobile devices. For example, Parker et al. [31] found that 85%
of adults in their study aged 60 years or older were willing to
try mHealth devices. In that same study, barriers to mHealth
use included concerns about cost and unfamiliarity with
technology, while facilitators included prior training on how to
use mHealth devices and devices tailored to the functional needs
of older adults [31]. In a different study, Seifert et al. [32]
explored the willingness of adults aged 50 years or older to
share mobile health data with researchers and found that
approximately 57% were willing to do so.
Moving forward, increased use of mobile devices to support
decision making may be realized as more trainings on how to
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use these tools and resources to lessen the financial burden of
getting these devices become available in community and health
system settings [33]. Additionally, as future research studies
about digital health include more older adults, researchers will
have a better understanding of the information needs and digital
design preferences of this group. For example, user-centered
design processes can help inform how design choices made in
the development stages may positively or negatively affect
medical decision making in older adults.
With regard to gender, we found that men had lower odds of
using tablets or smartphones to support medical decision making
compared with women. While somewhat speculative, it is
possible that women use tablets and smartphones more often
than men to support medical decision making for at least three
reasons. First, women may be more likely than men to manage
health-related decisions for family members including children,
parents, and partners. Second, women may be more likely than
men to make and keep routine health care appointments, which
in turn, may present more opportunities for medical decision
making. Third, women may have more health-related decisions
to make due to physiology. For example, women often make
choices related to birth control, childbirth, breastfeeding, breast
and cervical cancer screening and related treatment, breast
reconstruction after a mastectomy, menopause, and uterine
fibroids. Not surprisingly, we also found that the use of other
electronic devices beyond tablets and smartphones to monitor
health (eg, Fitbit, blood glucose meters, and blood pressure
monitors), the presence of health and wellness apps on a tablet
or smartphone, and sharing information from an electronic
monitoring device or smartphone with a health professional
were associated with the use of tablets or smartphones to support
medical decision making. These findings may be partially
explained by the notion that people who are comfortable using
mobile devices may have higher levels of eHealth and digital
health literacy compared with those who do not use these tools,
and are therefore more likely to use mHealth tools to support
decision making.
There are several plausible pathways by which tablets or
smartphones can help support medical decision making. As
shown in Figure 1, we offer 4 potential explanations. It should
be noted that our starting point is access to a tablet or
smartphone. We specifically use the term access to a tablet or
smartphone instead of ownership because some clinical research
projects provide participants with mobile devices as part of a
study. Additionally, some people may use another person’s
mobile device, particularly if they are in the same household.
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Figure 1. Conceptualization of How Mobile Devices May Help Support Medical Decision Makingd.

First, it is possible that people use their tablets or smartphones
to communicate with health professionals. For example, people
may call, email, send SMS text messages, and use apps or other
platforms to have virtual face-to-face visits with health
professionals. People may also share health information from
an electronic monitoring device or smartphone with health
professionals. These communication opportunities may help
patients get their health-related questions and concerns
addressed, which in turn can help them make a medical decision.
Second, people may use tablets or smartphones for online health
information-seeking purposes [34-38]. In 2016, approximately
36.6 million online users in the US reported that they accessed
the internet exclusively via mobile devices according to Statista
[39]. Furthermore, in 2019, approximately 74% of US adults
reported that they accessed the internet daily via a mobile device
according to HINTS data [40]. It is possible that people are
using their tablets or smartphones to search for health
information online to help them make a medical decision. On
the one hand, these online searches may take people to reputable
sources of health information such as the Centers for Disease
Control and Prevention (CDC), National Institutes of Health
(NIH), MedlinePlus [41], disease-specific organizations (eg,
American Heart Association), or the Ottawa Patient Decision
Aid Inventory [42]. On the other hand, online health information
seeking may also expose people to misinformation and biased
sources of health information [36]. Nevertheless, regardless of
the actual or perceived quality of health information found
online, it may impact how individuals make medical decisions
for themselves or a loved one. Third, it is possible that the
presence of health and wellness apps on a tablet or smartphone
may impact how a person makes a decision about how to treat
a health condition or illness, even if the app is used infrequently
or one time. For example, some patient portals are now available
as mobile apps (eg, MyChart in Epic). Through these apps,
patients can access their medical records online and see
laboratory results, clinical notes, and medication lists. It is
possible that seeing a one-time laboratory result is enough to
initiate medical decision making. For example, if a person gets
a laboratory report showing high triglycerides, they may decide
to make lifestyle changes or consider taking prescription
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medications. Fourth, regular use of health and wellness apps
may also support medical decision making. For example, some
patients use health and wellness apps regularly to (1) document
home readings for conditions such as stage 1 hypertension and
type 2 diabetes; (2) track symptoms such as pain, cognitive
problems, or disrupted sleep; and (3) monitor health behaviors
such as physical activity and diet. The data gathered from regular
use of health and wellness apps may inform future decisions
about how to treat a health condition or an illness.
Strengths, Limitations, and Future Directions
Strengths of this study include the use of HINTS, a nationally
representative survey designed to track health communication
and health information technology, and the study’s focus on the
role of tablets and smartphones for medical decision making.
Despite these strengths, our results should be interpreted in the
context of both known and potential limitations. For example,
we do not know the specific medical decisions that participants
were referring to when completing the survey (eg, to pursue
surgery, start or change medications, get genetic testing). Based
on the wording of the HINTS question about health and wellness
apps on a tablet or smartphone, we are not able to distinguish
between the simple presence of apps and whether or not
participants used these apps on a regular basis. Finally, while
we offered some explanations in Figure 1 regarding plausible
ways by which mobile devices may support decision making,
we do not know all of the potential mechanisms by which tablets
or smartphones may help support medical decision making.
Future research should explore how, if at all, frameworks such
as the Ottawa Decision Support Framework [43] and models
such as Technology Acceptance Model may help explain our
findings [44]. Related, more research is needed to understand
the various mechanisms by which electronic wearable devices
to monitor health (ie, activity trackers or blood pressure
monitors) and the sharing of information from these devices
with health professionals may have an impact on subsequent
medical decision making and behavioral outcomes such as
cancer screening, weight management, and dietary patterns.
Future work should also evaluate which attributes of health and
wellness apps have the biggest impact on reported use of tablets
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and smartphones to support medical decision making. For
example, the use of icon arrays and pictographs to convey risk,
sixth grade or less level readability of text, use of values
clarification methods, and a balanced presentation of health care
options are commonly used principles in print and web-based
decision aids [45,46]. However, the literature on how to
incorporate these principles into health and wellness apps is
less developed. Finally, future studies should evaluate the role
of digital health literacy and general health literacy in the context
of using mobile devices to support medical decision making
[47].
This manuscript is especially timely given that it was written
in April 2020 as the coronavirus pandemic was spreading
throughout the US. Due to social distancing recommendations
and widespread cancelations of nonurgent, in-person medical
appointments [48,49], there is now even greater attention given
to the importance of mHealth and eHealth with regard to (1)
conducting telehealth visits and ensuring equitable access to
racial/ethnic and other sociodemographic groups, (2) supporting
informed decision making about participation in clinical trial
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for COVID-19 (coronavirus 2019), and (3) shared decision
making between patients and clinicians about how to manage
chronic conditions for patients who are concerned about being
seen in-person as clinics begin to open.

Conclusion
Tablets and smartphones hold promise for supporting medical
decision making and may provide new opportunities for
facilitating prevention, early diagnosis of diseases, and
management of chronic conditions outside of traditional health
care settings [20]. Moreover, mobile technologies are prevalent
in minority communities and may serve as an important bridge
to inclusivity and access to resources, thereby enhancing
opportunities for informed and shared decision making [50,51].
Given the growing use of digital health tools available to the
general public (eg, health and wellness apps), digital health
technology in clinical practice, and focus on supporting informed
and shared decision for US adults, data on the role of tablets
and smartphones in supporting medical decision making are
important to track over time.
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Abstract
Background: The proliferation of wearable devices that collect activity and heart rate data has facilitated new ways to measure
sleeping and waking durations unobtrusively and longitudinally. Most existing sleep/wake identification algorithms are based
on activity only and are trained on expensive and laboriously annotated polysomnography (PSG). Heart rate can also be reflective
of sleep/wake transitions, which has motivated its investigation herein in an unsupervised algorithm. Moreover, it is necessary
to develop a personalized approach to deal with interindividual variance in sleep/wake patterns.
Objective: We aimed to develop an unsupervised personalized sleep/wake identification algorithm using multifaceted data to
explore the benefits of incorporating both heart rate and activity level in these types of algorithms and to compare this approach’s
output with that of an existing commercial wearable device’s algorithms.
Methods: In this study, a total of 14 community-dwelling older adults wore wearable devices (Fitbit Alta; Fitbit Inc) 24 hours
a day and 7 days a week over period of 3 months during which their heart rate and activity data were collected. After preprocessing
the data, a model was developed to distinguish sleep/wake states based on each individual’s data. We proposed the use of hidden
Markov models and compared different modeling schemes. With the best model selected, sleep/wake patterns were characterized
by estimated parameters in hidden Markov models, and sleep/wake states were identified.
Results: When applying our proposed algorithm on a daily basis, we found there were significant differences in estimated
parameters between weekday models and weekend models for some participants.
Conclusions: Our unsupervised approach can be effectively implemented based on an individual’s multifaceted sleep-related
data from a commercial wearable device. A personalized model is shown to be necessary given the interindividual variability in
estimated parameters.
(JMIR Mhealth Uhealth 2020;8(8):e18370) doi:10.2196/18370
KEYWORDS
sleep/wake identification; hidden Markov model; personalized health; unsupervised learning; sleep; physical activity; wearables;
heart rate

Introduction
Background
Sleep plays a vital role in maintaining health [1,2]. Adequate
sleep can help to maintain a high quality of life [3]. In contrast,
https://mhealth.jmir.org/2020/8/e18370
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short sleep duration may lead to adverse health outcomes, such
as obesity, insulin resistance, depression, hypertension, and
cardiovascular disease [4-8]. Changes in sleep duration have
been associated with declined cognitive function and increased
mortality rate in middle-aged population [9,10]. Thus, to detect
changes in sleep patterns early on or for sleep disorder diagnosis,
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18370 | p.463
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
it is essential to measure sleep duration accurately and
longitudinally.
Polysomnography is the gold standard for sleep duration and
sleep quality assessment; various devices are used to record
multiple body functions such as brain activity, eye movements,
skeletal muscle movement, and heart rhythm during sleep, and
it is typically done in a sleep lab or clinic [11]. Health care
professionals use these physiological measures to assess sleep
states, however, the cost of overnight PSG may range from US
$600 to $5000 each night [12]. Such assessment is expensive
and intrusive for consumers, and labor-intensive and
resource-demanding for health care professionals to achieve
[13-15], making it hard to use for long-term sleep monitoring
at home.

Liu et al
stages [29,30]. These papers showed that the sleep/wake cycle
could be inferred from physiological data using HMMs;
therefore, we wanted to extend this approach and its strengths
to activity and heart rate data from wearable devices.
In addition to modeling sleep/wake transitions via activity data,
heart rate is also reflective of the circadian cycle, and it can be
recorded accurately using photoplethysmography in wearable
devices [31]. In a 24-hour assessment study in ambulatory
patients, heart rate varied significantly in sleep and wake periods
[32]. Willemen et al [33] showed that heart rate, along with
activity, can predict sleep and wake well with the use of support
vector machine algorithms on healthy participant data; however,
this approach also required supervised training (ie, labeled PSG).

An emerging trend has been to adopt sensor-based wearable
devices to assess sleep duration and achieve long-term sleep
monitoring. According to the reports from the International
Data Corporation, 83.8 million wearable devices were shipped
during the first two quarters of 2019 [16,17]. One of the most
common technologies for consumer sleep-monitoring wearable
devices is accelerometer-based actigraphy [18], which tracks
physical movement and determines when a person is asleep or
awake based on whether a low or high amount of activity is
recorded [19,20].

Furthermore, the generalizability of existing algorithms is of
concern especially when different sleeping patterns and habits
can be observed in different people [15]. Person-to-person
differences in demography and physiology can have significant
effects on sleep/wake patterns and characteristics [34,35].
Personalized sleep-scoring algorithms are needed to avoid
interindividual variance problems, since algorithms learn from
individual lifestyle and physiological patterns using long-term
contextual history. Existing studies have shown that the
sleep/wake state can be better inferred using a personalized
approach from actigraphy [36,37].

Related Work

Objectives

A recent paper [21] reviewed and validated existing supervised
sleep-scoring algorithms using actigraphy in a large cohort.
Many types of supervised algorithms have been used, such as
linear discriminative analysis [22,23], decision trees [24],
artificial neural networks [24], long short-term memory [21],
and convolutional neural networks [21]; however, all require
training with annotated PSG, collected and labeled at great
expense. Moreover, the labeled daily-living sleep/wake PSG
data are challenging to collect during daytime making 24-hour
accuracy hard to evaluate.

In this paper, we aimed to explore the feasibility of using HMM
to analyze heart rate and activity data collected by a wearable
device and to develop a personalized and unsupervised
sleep/wake identification approach. To our knowledge, there is
little research focused on personalized and unsupervised
sleep/wake identification algorithms using a wearable device.
Also, the approach enables advantageous complementary use
of both heart rate and activity data. The algorithm is
demonstrated using a real-world data set collected with
commercial wearable devices in the older adult population and
its performance is illustrated with case studies.

Because annotated PSG is hard to acquire for model building,
it is intuitive to use an unsupervised method. Commonly used
techniques are based on rules and thresholds. For instance, the
Actiwatch (Mini Mitter Co Inc) software determined the start
of sleep when there were 10 consecutive minutes below a certain
mobility threshold and determined the end of sleep with 10
consecutive minutes above the threshold [25]. This approach
was commonly adopted in commercial wearable devices because
of its simplicity; however, the choice of the mobility threshold
was relatively arbitrary. Few studies have used other
unsupervised machine learning approaches such as clustering
[15] and hidden Markov model (HMM) [26].
Hidden Markov models are well suited to modeling time series
data in a probabilistic way by using latent states [27]. Temporal
dependency can be learned, and the parameters of the model
are interpretable. In the context of bioinformatics, HMMs have
been applied to monitor circadian rhythmicity using physical
activity data to characterize interindividual variability [28]. In
other high-frequency physiological data collected during
PSG—such as electroencephalography, electrooculography,
and electromyography—HMMs have been used to classify sleep
https://mhealth.jmir.org/2020/8/e18370
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We describe recruitment and data collection, data preprocessing
steps, HMM, rescoring rules, and comparison scoring results.
We also demonstrate the approach with a case study, investigate
the fusion effect of heart rate and activity data in modeling,
compare our scoring results with Fitbit’s results individually,
and investigate pattern changes using daily models.

Methods
Participant Recruitment and Data Collection
We collaborated with an older adult care center in Hong Kong
to recruit participants who met the following criteria: aged 60
years or above, community-dwelling Hong Kong residents, and
willing to take participate in a 3-month longitudinal
observational study from December 18, 2017 to February 28,
2018. The Research Ethics Committee of the City University
of Hong Kong approved this pilot study (reference number
3-2-201803_02). All participants provided written consent.
Heart rate data and activity data were collected using Fitbit Alta
(Fitbit Inc). Participants were asked to wear the device on their
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18370 | p.464
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nondominant hand for the full 24 hours each day for 3
consecutive months. For activity data, the most common choice
for use in sleep/wake classification algorithms is activity count.
However, since activity count was unavailable in Fitbit, we used
step count instead, which was also a reflection of activity
intensity in an epoch. Fitbit Alta reported heart rate every 1
minute and reported step count every 15 minutes.

Liu et al
assumes that an observed sequence has been generated by
distributions, which conditionally depend on the hidden states
in an underlying and unobserved Markov process. In our
sleep/wake identification problem, we considered two-state
hidden Markov models. The hidden states were S={s1, s2}. Each
observed bivariate time series (of heart rate and activity data)
was denoted as

Data Preprocessing
Since the study was conducted in a free-living home
environment, some participants removed the devices when
showering or at night. When the participant removed the device,
the device reported heart rate and step count as zero, and the
nonwear time could be inferred. The recordings were examined,
and nonwear days were identified and removed before analysis
if (1) more than 30 minutes of heart rate data were in that day
or (2) there was a step count of zero on that day. We excluded
participants who had more than 50% of the days in the
observation period identified as nonwear from analysis.
After the elimination of nonwear days, any remaining data with
missing values could be kept and dealt with in HMM. Next, we
further preprocessed the step count data. In order to facilitate
the fusion of step count and heart rate data in the models,
downscaling was used to deal with the multigranularity data
[38]. It was achieved by disaggregating the 15-minute step count
data and simulating the of 1-minute step count time series. We
assumed that the 15-minute step count USTEP was evenly
distributed to every minute. Thus, 1-minute step counts were
generated by

(2)
where t ∈ {1,...,T} and T was the total length. The two-state
chain was initialized by the initial state distribution, π={ π1, π2}
where Σπk=1. The sequence of hidden states was
ZT={z1,z2,...,zT}, where zt ∈ S for any t. The structure of a
standard multivariate HMM is shown in Figure 1.
The unobserved process was assumed to satisfy the Markov
property. The transition probability matrix was denoted by Γ
as

(3)
whose (i,j) entry represented the probability of state si
transitioning to state sj:
P(zt+1=sj | zt=si) = γij, si, sj ∈ S (4)
The emission density function
p(xt | Zt=si) (5)

(1)
The total step count in 15 minutes was closely preserved.

Hidden Markov Models
Definitions

was associated with hidden states, which denoted the density
of the observation XT if the hidden state was si at time t. For
multivariate time series, there were 2 schemes to develop
HMMs: (1) Specify the state-dependent joint distributions of
the observed variables for different states or (2) assume
contemporaneous conditional independence.

Hidden Markov models are composed of paired stochastic
variables: hidden states and observed variables. The model
Figure 1. An illustration graph of the structure of multivariate hidden Markov model.

https://mhealth.jmir.org/2020/8/e18370

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18370 | p.465
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Model Scheme M1: Specification of the State-Dependent
Joint Distributions
In the multivariate case, it can be straightforward to specify the
joint distribution in the context of our application, since heart
rate is highly correlated with activity intensity. The bivariate
normal distribution was considered because of its practical
uniqueness. Thus, the emission density function could be written
as follows if we assumed a bivariate joint distribution for xt |
si:

(6)
with

(7)
The correlation between heart rate and activity level can be
directly characterized by ρi.

Model Scheme M2: Contemporaneous Conditional
Independence
Specifying suitable joint distributions can be sometimes difficult,
and for simplicity, contemporaneous conditional independence
can be assumed. This means that the state-dependent joint
distribution is the product of the corresponding marginal
distributions:

(8)
Note, contemporaneous conditional independence does not
mean the two observed time series are mutually independent
since the Markov chain can induce dependent pairs [27], and
the marginal distributions need not necessarily belong to the
same family of distribution. Thus, we can assume the univariate
distributions in different states according to prior information.
The choices of distributions are discussed in our real-world case
study.

Liu et al
sleep and wake states. The state with higher estimated mean
heart rate, µHR, and mean activity level, µACT, represented the
active status of the participants, and related to a waking state.
On the other hand, the state with lower estimated mean heart
rate and mean activity level represented the resting status, which
was related to a sleeping state (heart rate variance, σ2HR, and
activity level variance, σ2ACT).

Implementation of the Hidden Markov Models
After preprocessing, the data were ready for implementation of
the HMMs. For each participant, we plotted the kernel density
estimates of heart rate and of log-transformed step count (Figure
2) to explore suitable prior joint emission distributions. From
the kernel density plot of heart rate, the overdispersed and
nonsymmetric observations suggested a bimodal distribution,
which may be modeled by a mixture model, and very likely a
two-component Gaussian mixture; however, mixture models
do not take temporal dependency into account, which prompted
us to adopt the hidden Markov model. A Poisson distribution
is a natural choice for modeling count data; however, the step
count ranged from 0 to 160. Since it would have been
computationally expensive to estimate, especially for our long
sequence, we took the log transformation of step count and
found that they were also distributed marginally as a
two-component Gaussian mixture.
Based on the marginal density plots, we proposed two schemes
for fitting multivariate HMM. For model scheme M1, we
specified bivariate Gaussian distribution for heart rate and
log(XSTEP+1) for both states; for model scheme M2, we assumed
univariate Gaussian distribution for heart rate for both states
and univariate Gaussian distribution for log-transformed step
count for both states.
Two HMMs were fitted for each participant, one HMM modeled
using model scheme M1 and another using model scheme M2.
The best model was chosen based on Akaike information
criterion (AIC) and Bayesian information criterion (BIC).
Moreover, the goodness of fit of the best model was further
assessed by ordinary normal pseudo-residuals [27]:

Model Fitting and Decoding
After the model was fully specified. The likelihood could be
obtained by summing the values assumed by z1,z2,...,zT:

(9)
The likelihood function was evaluated by the forward algorithm.
An advantage of the HMM is that missing data can be dealt
with simply by adjusting the likelihood computation. The
corresponding state-dependent probabilities were replaced by
1 for all states. Parameter estimation was achieved by numerical
maximization or Baum-Welch algorithm [27]. Next, we decoded
the series of the hidden states globally by maximizing the
conditional probability of the whole sequence P(ZT | XT). The
optimal path was found using the Viterbi algorithm with
estimated parameters. The hidden states were matched with
https://mhealth.jmir.org/2020/8/e18370

XSL• FO
RenderX

(10)
If the observations x1,...,xT were indeed generated by the model
Xt∼Ft, the ordinary normal pseudo-residuals would be distributed
standard normal.
With the estimated parameters for the best model, we found a
globally optimal path for the observations. The decoding of the
hidden states was passed to rescoring rules, and the final scoring
results of sleep and wake states were decided. The
implementation of HMM was built based on the dependent
mixture models package (depmixS4; version 1.4-2) in R
software (version 3.5.1) [39]
To study the fusion effect of heart rate and activity in HMM,
two HMM models observing single source data was considered
for comparison. We fitted a two-state hidden Markov model
observing activity level XACT, which was log(XSTEP+1), denoted
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18370 | p.466
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as the activity HMM, and a model observing heart rate denoted
as the heart rate HMM. In both the activity HMM and the heart
rate HMM, the emission distributions for both states were

Liu et al
assumed to be normal distributions according to the empirical
data analysis.

Figure 2. Kernel density plots for heart rate and log(X_STEP+1) for all participants.

Rescoring Rules
In actigraphy algorithms, Webster et al [40] reported that the
most common error was scoring wake as sleep. In order to
correct this systematic error, they developed these rescoring
rules, which were further validated by different researchers
[21,22]. Webster rescoring rules can be described as (1) after
at least 4 minutes scored as wake, the first minute scored sleep
will be rescored wake; (2) after at least 10 minutes scored as
wake, the first 3 minutes scored sleep will be rescored wake;

(3) after at least 15 minutes scored as wake, the first 4 minutes
scored sleep will be rescored as wake; (4) 6 minutes or less
scored sleep surrounded by at least 10 minutes (before or after)
scored as wake are rescored wake; and (5) 10 minutes or less
scored as sleep surrounded by at least 20 minutes (before or
after) scored as wake are rescored wake. These rules were
applied to 1-minute decoding results from HMM sequentially.
The workflow of our sleep/wake identification approach can be
summarized in Figure 3.

Figure 3. The workflow of our hidden Markov model–based sleep/wake identification approach. S/W: sleep/wake.

Comparison of Scoring Algorithms
Fitbit Alta automatically detects sleep based on activity—“When
your body is completely at rest and you haven’t moved for about
an hour, your Fitbit device records that you’re asleep”
[41];—however, the exact scoring algorithm is proprietary.
Only the sleep/wake scoring results can be compared with
Fitbit’s output (7 sleep-related states). For comparison, asleep,
deep, light, and REM were reclassified as sleep, while restless,
awake, and wake were reclassified as wake.
https://mhealth.jmir.org/2020/8/e18370

XSL• FO
RenderX

Daily Basis Model
In addition to applying the proposed model to 3-month time
periods for each participant, as a pilot experiment, we applied
the personalized algorithms on a daily basis for each person.
To investigate whether there was any difference in estimated
parameters between weekdays (Monday to Friday) and
weekends (Saturday and Sunday), we used two-tailed
independent t tests to compare the parameters of the two for
each participant (P<.05 was deemed significant).
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Results
Overview
After nonwear exclusion, there were 14 participants whose data
qualified for analysis (aged from 61 to 91 years old; 12 women
and 2 men); 6 participants had hypertension, 5 had high

cholesterol, 2 had diabetes mellitus, 3 had cancer, and 1 had a
stroke. The percentage of missing heart rate data ranged from
0.31% to 0.96% (mean 0.64%). Examples of 24 hours of step
count and heart rate data are shown in Figure 4 in which the
circadian cycle was quite clearly evident, and the segmentation
of activity and heart rate over the 24 hours was visible.

Figure 4. A 24-hour example plot of step count every 15 minutes and heart rate every 1 minute for participant EL01 from 8 AM to 7:59 AM the
following morning. Note: Times are in 24-hour format.

Model Selection and Parameter Estimation Results
In order to illustrate our proposed approach, we used the sleep
and wake identification of two typical examples, participants
EL02 and EL21, for demonstration. We first examined the
recordings to eliminate nonwear days. There were 16 days were
eliminated from analysis for EL02 and 9 days were eliminated
from analysis for EL21.

To compare two schemes of modeling multivariate time series,
we present model selection results, including log likelihoods,
AIC, and BIC in Table 1. According to both AIC and BIC, the
model with bivariate normal joint distribution specified for both
states was more appropriate for EL02. For the other 13
participants, both AIC and BIC also tended to favor model
scheme M1, which assumed bivariate normal emission
distributions for both states.

Table 1. Comparison of models fitted to heart rate and log(XSTEP+1) for EL02.
Model scheme

Emission distribution

df

Log likelihood

AIC

BIC

M1

Bivariate normal

13

–419428.3

838882.7

839004.3

M2

Conditional independence

11

–424798.5

849721.9

849721.9

We checked the general goodness of fit of the best model with
ordinary normal pseudo-residuals. If the fitted model was valid,
the pseudo-residuals would be distributed normally. By visual
inspection of the quantile-quantile (QQ) plot of the
https://mhealth.jmir.org/2020/8/e18370
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pseudo-residuals for each participant’s best model, we found
they fit well. We present QQ-plots for EL02 and EL21 in Figure
5; we could observe that for EL02 and EL21 the
pseudo-residuals were, in general, distributed normally, though
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the distribution had heavier tails for EL21. Overall, our 2-state
HMM model assuming bivariate Gaussian was adequate and
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valid for the participants in our study.

Figure 5. Quantile-quantile plots of ordinary normal pseudo-residuals in model scheme M2 for EL02 and EL21.

The estimated parameters in emission distributions for EL02
are shown in Table 2 for the best model chosen by AIC and
BIC. According to the estimated parameters for emission
distribution in different states, we can generally classify the 2
hidden states as sleep and wake. Wake was the state with higher
mean heart rate and mean activity level in the emission density
distribution. In the wake state, the estimated variance for heart
rate was 213.68 and for activity level was 0.83, which were
much larger than those of 157.37 for heart rate and 0.15 for
activity level during the sleep state. This reflected the variability
of activities during the participant’s waking period. The
estimated transition probability for EL02 was as follows:

From the estimated transition probability, it was more likely
that, in a given minute, the participant would stay in the same
state as the state in the previous minute. It also supported the
necessity of the use of HMM to deal with the time dependence
in observations.
For participant EL21, the estimated parameters in emission
density distributions are also shown in Table 2. The transition
probability for EL21 was estimated as
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The general pattern of estimated parameters for EL21 was
similar to EL02. While the difference between estimated mean
values in the two states were much lower than that of EL02.
For the sleep state, the activity level was roughly zero (µACT
<0.01). For the wake state, the heart rate (µHR=80.17) and the
activity level (µACT=2.22) were lower than those for EL02,
showing that the mean intensity of activity of EL21 was lower
than EL02. In terms of transition probability,
was 0.0082
for EL21 and 0.0097 for EL02, which might suggest that for
participant EL21, it was slightly harder to fall asleep when
awake than for EL02.
Since the models were fitted individually, we report the
estimated parameters for 14 individuals in Table 3. For the wake
state, mean
was 87.18 (SD 12.52), while mean
for the
sleep state was 66.37 (SD 7.82). The difference in variance in
the estimated means in two states among individuals potentially
reflected the person-to-person diversity in lifestyle and heart
rhythm. Moreover, the individual-specific parameters helped
characterize the sleep/wake cycle.
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Table 2. Estimated parameters in model M2 for EL02 and EL21.
Participant and emission parameters

Wake state

Sleep state

µ ACT

2.98

0.27

σ 2 ACT

0.83

0.15

µ HR

110.21

74.39

σ 2 HR

213.68

157.37

0.41

0.04

µ ACT

2.22

<0.01

σ 2 ACT

1.08

<0.01

µ HR

80.17

56.46

σ 2 HR

276.27

58.56

0.56

0.01

EL02
Activity

Heart rate

Correlation, ρ
EL21
Activity

Heart rate

Correlation, ρ

Table 3. Mean estimated HMM parameters for the sample of participants.
Parameters

Wake state, mean (SD)

Sleep state, mean (SD)

µ ACT

2.24 (0.29)

0.02 (0.07)

σ 2 ACT

1.16 (0.19)

0.01 (0.04)

µ HR

87.18 (12.52)

66.37 (7.82)

σ 2 HR

241.16 (110.75)

47.18 (36.91)

0.54 (0.07)

0.01 (0.01)

Wake state

0.989 (0.003)

0.011 (0.003)

Sleep state

0.017 (0.002)

0.983 (0.002)

Emission
Activity

Heart rate

Correlation, ρ
Transition

Investigating the Effect of the Fusion of Heart Rates
and Activity in the Model
We compared the final scoring results from approaches based
on the heart rate HMM, the activity HMM and our fusion
approach minute-by-minute for each participant. Table 4
presents duration, heart rate, and activity level in different
combinations of possible results for EL02 as an example.
For EL02, 49.30% (42,599/86,400 minutes) of the recordings
were scored as wake, and 33.87% (29,264/86,400 minutes) were
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scored as sleep by all three methods, which indicated the
monotonic relationship between heart rate and activity level for
most of the time, whether sleep or wake. There were 13.42%
(11,593/86,400) that changed states by our fusion approach
compared to that indicated using only one data-source type. Our
approach rarely (2/86,400, <0.001%) scored one minute as sleep
state if either the heart rate HMM or the activity HMM had
classified the minute as wake state. The determination of sleep
state in our approach was a combination of activity and heart
rate for EL02.
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Table 4. Comparison between the activity HMM, the heart rate HMM, and our fusion approach for participant EL02.
HMM
Activity only

Comparison
Heart rate only

Fusion

Duration

Heart rate, mean (SD)

Activity level, mean (SD)

(total minutes=86,400), n (%)
wake

wake

wake

42,599 (49.30)

113.37 (11.28)

3.13 (0.91)

wake

wake

sleep

0 (0)

—

—

wake

sleep

wake

2825 (3.27)

76.12 (8.94)

2.14 (0.96)

wake

sleep

sleep

1 (0.00)

74 (—)

0.76 (—)

sleep

wake

wake

8768 (10.15)

101.21 (13.74)

0.82 (0.67)

sleep

wake

sleep

1 (0.00)

96 (—)

0.38 (—)

sleep

sleep

wake

2942 (3.41)

80.72 (8.37)

0.97 (0.68)

sleep

sleep

sleep

29,264 (33.87)

69.62 (5.10)

0.28 (4.24)

For recordings that the activity HMM scored as wake, the heart
rate HMM scored as sleep, and our approach scored as wake,
the mean heart rate was 76.12, and the mean activity level was
2.14 (equivalent to 7.5 steps per minute). The nontrivial activity
level led our approach to score that minute as wake. For
recordings that the activity HMM scored sleep, the heart rate
HMM scored wake, and our approach scored as wake, the mean
heart rate was 101.21, and the mean activity level was 0.82.

Furthermore, we present an example of 24 hours of scoring
results from the three model types along with observational data
for EL02 in Figure 6. The bars below the observations indicated
the scored sleep or wake states in three models. From the
highlighted period in Figure 6, we can see that if we used
activity data alone, it was very likely to be classified as sleep
due to the extremely low activity level. However, the high and
fluctuating heart rate might suggest the person was awake.

Figure 6. An example plot of observations and scoring results from Heart Rate HMM, Activity HMM, and our approach for EL02. HMM: hidden
Markov model.
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Except for epoch-by-epoch comparison, we also evaluated the
performance on a crucial sleep metric, the total amount of
sleeping time in the recording period [42]. For all participants,
we calculated daily total sleep time at night for all available
days. The nighttime sleep period of each participant was
collected with the Pittsburgh Sleep Quality Index indicating
when they usually went to bed at night and got up in the morning
[43]. Figure 7 displays the boxplot of estimated total sleep time

Liu et al
during their bedtime for all participants. We could see that the
median estimated total sleep time at bedtime varied a lot from
person-to-person. For EL01, EL02, EL06, EL24, and EL25, the
median total sleep time estimated by our approach was less than
those from the heart rate HMM and the activity HMM. For the
other participant, they were nearly the same as the activity
HMM.

Figure 7. Boxplot of estimated daily total sleep time during bedtime at night from heart rate HMM, activity HMM, and fusion HMM (our approach)
for all participants. HMM: hidden Markov model; TST: total sleep time.

Comparison With Fitbit’s Sleep-Wake Scoring Results
We compared results from our approach with those from Fitbit’s
scoring algorithm minute-by-minute. We treated Fitbit’s
sleep/wake scoring algorithm as representative of existing
methods. The mean agreement between our approach and
Fitbit’s scoring was 87.31%, (range 82.90% to 91.04%). As for
total sleep time, the boxplot of the estimated total sleep time at
night using our approach and Fitbit’s algorithm are displayed

in Figure 8. There were several days where Fitbit’s had no
sleep/wake records but had continuous regular heart rate
recordings. The median estimates of total sleep time from our
approach were lower than those from Fitbit in 12 of 14
participants, which indicated our approach tended to score more
wake epochs. The dispersion of estimated sleep duration using
our approach was relatively narrower than that of Fitbit’s
algorithm, which may suggest a stable indicator of participants’
habitual nighttime sleep duration.

Figure 8. Boxplot of estimated daily total sleep time during bedtime at night from our approach and Fitbit’s approach for all participants. HMM: hidden
Markov model; TST: total sleep time.
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Investigating Pattern Changes Using Daily Basis Model
The P values for independent two-tailed t tests comparing
estimated parameter values between weekdays and weekends
for each person are shown in Table 5. There was no significant
difference for γ21, σ2HR for wake state, and µACT for sleep state
between weekends and weekdays for any participant. As shown
in Table 5, 5 of 14 participants had no significant difference in

any of the estimated parameters between weekday models and
weekend models, while 9 participants had differences in at least
one parameter. For example, EL04 had a significantly lower
transition probability from wake to sleep (0.015 for weekdays;
0.018 for weekends). EL11 had a higher mean estimated
variance of activity level in wake state on weekdays (1.49 for
weekdays; 1.29 for weekends).

Table 5. P values for t tests on estimated parameter values for weekday and weekend for each participant.
ID

P values
Transitiona

Wake state

Sleep state

Activity

Corrb

Activity

Heart rate

Corr

γ12

γ21

µ ACT

σ 2 ACT

µ HR

σ 2 HR

ρ

µ ACT

σ 2 ACT

µ HR

σ 2 HR

ρ

EL01

.28

.89

.30

.66

.22

.72

.04c

.94

.33

.34

.26

.83

EL02

.64

.94

.90

.85

.44

.99

.74

.90

.54

.63

.55

.86

EL03

.38

.55

.14

.96

.18

.25

.17

.16

.09

.10

.08

.02c

EL04

.047c

.70

.53

.31

.51

.63

.68

.78

.50

.82

.53

.08

EL05

.45

.58

.64

.48

.91

.39

.69

.66

.74

.70

.03c

.68

EL06

.20

.95

.59

.05

.96

.14

.92

.33

.59

.92

.39

.09

EL08

.39

.46

.12

.23

.11

.73

.93

.96

.06

.12

.61

.53

EL11

.70

.70

.63

.002c

.60

.16

.17

.18

.42

.73

.43

.63

EL14

.58

.11

.84

.04c

.34

.50

.90

.56

.36

.58

.78

.75

EL21

.008c

.07

.86

.79

.006c

.94

.67

.14

.07

.008c

.04c

.006c

EL23

.97

.85

.52

.56

.56

.62

.54

.28

.43

.32

.62

.63

EL24

.97

.98

.08

.55

.002c

.38

.54

.07

.048c

.06

.33

.02c

EL25

.19

.76

.55

.47

.10

.21

.54

.28

.50

.69

.89

EL27
a

Heart rate

.66

.54

.009

c

.08

.30

c

.44

.01

>.999

.54

.73

.38

.046

c

.32

γ11 and γ22 are not reported because they have the same results as γ21 and γ21.

b

Corr denotes correlation.

c

Value is significant P<.05.

Discussion
Principal Findings
Longitudinal monitoring of sleep duration can objectively help
detect sleep disorders and reduce the risk of related diseases.
In order to facilitate personalized home-based monitoring, it is
essential to record sleep and wake states using wearable devices
efficiently and nonintrusively. In this study, we proposed a
novel personalized and unsupervised approach for sleep/wake
identification using both heart rate and activity data from a
commercial wearable device. The approach was successfully
implemented in case studies of community-dwelling older
adults.
Our proposed approach is the first unsupervised and
personalized sleep/wake classification approach, to our
knowledge. It does not require any time-consuming and costly
PSG annotation, which is hard to obtain simultaneously with
https://mhealth.jmir.org/2020/8/e18370
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wearable device data [15,36]. Furthermore, our approach was
efficient enough to be adaptive to a different participant without
requiring PSG annotations. In our case study, the variance in
estimated parameters in HMM between participants also proved
the necessity of a personalized model.
The data-level fusion of activity and heart rate data for
sleep/wake scoring in wearable device was explored. Based on
comparison among scoring results from HMMs using heart rate
only, activity data only, and both data sources, we concluded
that our approach could potentially help identify more wake
epochs for people who have distinguishable heart rate patterns
between sleep and wake. This coincided with the findings of
significant different heart rate during sleep and wake states [32]
and its classification power in sleep/wake identification
algorithms [33,44].
Our approach had results that were mostly consistent with those
of Fitbit, a commonly used commercial device. For most of the
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e18370 | p.473
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
participants, our approach tended to score more wake epochs
during bedtime, which may be potentially useful as it has been
shown by Montgomery-Downs et al [45] that many commercial
wearable devices, when compared to PSG, tend to overestimate
sleep epochs. This should be further investigated with PSG
annotations.

Strengths
In addition to sleep and wake identification and total sleep time
estimation results, this paper proposed an approach that provides
a new probabilistic way to characterize and quantify activity
patterns and cardiac patterns during sleep and wake for each
participant with estimated HMM parameters. A low estimated
mean activity in wake states suggest a sedentary behavior style
when the participant is wake, which should be of concern to the
participant or their health care provider [46]. Abnormally high
estimated mean heart rate in sleep states can be an indicator of
autonomic nervous system dysfunction or of the development
of chronic fatigue syndrome [47]. A high estimated probability
of transitioning from sleep to wake might suggest disturbed
sleep. Monitoring these parameters for clinical use is promising
and remains to be explored in specific tasks.
In addition, we demonstrated how to characterize cardiac and
behavior patterns on a daily basis. During our 3-month study,
some participants exhibited significantly different patterns
between weekdays and weekends. On weekdays, participants
had regular visits to older adult centers in their community,
which provided various activities. This could explain why some
participants tended to have higher estimated mean and variance
of activity level for wake state and were less likely to transition
from wake to sleep on weekdays. There exists not only
interindividual variability in sleep patterns but also
intraindividual variability [34]. This analysis can also provide
a reference to improve the accuracy of the personalized model
to infer sleep/wake states by including covariates (eg, weekday
or weekend) in the transition matrix or emission distributions
in HMM.
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Limitations
We acknowledge that there are also some limitations to our
work. First, direct conclusions about our approach’s accuracy
cannot be drawn because of the lack of PSG recordings in this
study and the small sample size. The estimated sleep/wake states
might also be better interpreted as resting-active states at this
stage. Second, the comparison with Fitbit’s scoring may not be
very fair since the exact algorithm is not publicly known and
the data type used for sleep/wake scoring was unknown as well.
We also cannot reasonably compare the proposed approach with
existing methods on the same data set because of the lack of
personalized and unsupervised approaches in sleep/wake scoring
(to our knowledge). Third, we collected heart rate and step count
data using Fitbit, which were reported in different granularities.
In order to achieve data-level fusion and prepare it for modeling,
we simulated 1-minute step data from 15-minute step data which
might have resulted in some imprecision. We strongly call for
different reporting granularity options in commercial wearable
devices to further facilitate research and their use in health care
monitoring systems.

Future Work
In the future, we plan to compare the proposed approach with
PSG to further validate the accuracy of the scoring. Some future
research directions include (1) exploring the relationship
between the length of data and accuracy of sleep/wake
classification to yield a reliable algorithm, (2) exploring the
existence of not only interindividual variability in sleep patterns
but also intraindividual variability [34] (such as developing an
incremental approach for daily sleep/wake duration reporting
where the sleep/wake pattern can be re-estimated as new data
are captured), (3) with the strength of HMM, it would be
interesting to see whether sleep characteristics shown in
periodically estimated HMM parameters can be correlated with
health condition or circadian rhythm changes, and (4) exploring
the association between subjective Pittsburgh Sleep Quality
Index and estimated HMM parameters in different populations.
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Abstract
Background: An increasing number of wrist-worn wearables are being examined in the context of health care. However, studies
of their use during physical education (PE) lessons remain scarce.
Objective: We aim to examine the reliability and validity of the Fizzo Smart Bracelet (Fizzo) in measuring heart rate (HR) in
the laboratory and during PE lessons.
Methods: In Study 1, 11 healthy subjects (median age 22.0 years, IQR 3.75 years) twice completed a test that involved running
on a treadmill at 6 km/h for 12 minutes and 12 km/h for 5 minutes. During the test, participants wore two Fizzo devices, one each
on their left and right wrists, to measure their HR. At the same time, the Polar Team2 Pro (Polar), which is worn on the chest,
was used as the standard. In Study 2, we went to 10 schools and measured the HR of 24 students (median age 14.0 years, IQR
2.0 years) during PE lessons. During the PE lessons, each student wore a Polar device on their chest and a Fizzo on their right
wrist to measure HR data. At the end of the PE lessons, the students and their teachers completed a questionnaire where they
assessed the feasibility of Fizzo. The measurements taken by the left wrist Fizzo and the right wrist Fizzo were compared to
estimate reliability, while the Fizzo measurements were compared to the Polar measurements to estimate validity. To measure
reliability, intraclass correlation coefficients (ICC), mean difference (MD), standard error of measurement (SEM), and mean
absolute percentage errors (MAPE) were used. To measure validity, ICC, limits of agreement (LOA), and MAPE were calculated
and Bland-Altman plots were constructed. Percentage values were used to estimate the feasibility of Fizzo.
Results: The Fizzo showed excellent reliability and validity in the laboratory and moderate validity in a PE lesson setting. In
Study 1, reliability was excellent (ICC>0.97; MD<0.7; SEM<0.56; MAPE<1.45%). The validity as determined by comparing
the left wrist Fizzo and right wrist Fizzo was excellent (ICC>0.98; MAPE<1.85%). Bland-Altman plots showed a strong correlation
between left wrist Fizzo measurements (bias=0.48, LOA=–3.94 to 4.89 beats per minute) and right wrist Fizzo measurements
(bias=0.56, LOA=–4.60 to 5.72 beats per minute). In Study 2, the validity of the Fizzo was lower compared to that found in Study
1 but still moderate (ICC>0.70; MAPE<9.0%). The Fizzo showed broader LOA in the Bland-Altman plots during the PE lessons
(bias=–2.60, LOA=–38.89 to 33.69 beats per minute). Most participants considered the Fizzo very comfortable and easy to put
on. All teachers thought the Fizzo was helpful.
Conclusions: When participants ran on a treadmill in the laboratory, both left and right wrist Fizzo measurements were accurate.
The validity of the Fizzo was lower in PE lessons but still reached a moderate level. The Fizzo is feasible for use during PE
lessons.
(JMIR Mhealth Uhealth 2020;8(8):e17699) doi:10.2196/17699
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Introduction

Methods

The health benefits of moderate to vigorous intensity physical
activity (MVPA) have been documented [1,2]. In China and
some European countries, only 20% of children and adolescents
achieve the recommended 60 minutes of MVPA daily [3-7].
Physical education (PE) lessons are an important way to promote
MVPA in children and adolescents. Such lessons not only
provide a chance for students to be active, directly accumulating
MVPA over time, but also provide opportunities for students
to learn different types of motor or sport skills that may increase
their MVPA as well [8,9]. Recognizing the importance of PE
lessons for the physical fitness and health of children and
adolescents [10], the Centers for Disease Control and Prevention
of the United States [11] and Association for Physical Education
of the United Kingdom [12] have recommended that children
and adolescents engage in MVPA for at least 50% of the total
PE lesson time [7]. However, many studies have found that
students often do not meet this recommendation [13,14]. In
addition, the fact that students cannot reach 50% MVPA in PE
lessons can greatly reduce their chance of reaching 60 minutes
MVPA daily [15]. Thus, it is important to estimate students’
physical activity during PE lessons and implement interventions
to increase students’ participation in MVPA [16].

Ethics

It is common to evaluate physical activity via HR monitoring,
and HR measurements can provide a lot of information about
the intensity of physical activity [17]. Monitoring HR can help
teachers determine students’ levels of physical activity and
improve PE lessons. An increasing number of studies have used
objective measurements, such as HR-based devices, to estimate
physical activity during PE lessons [18]. The accuracy of these
devices has been confirmed [19], but most of them lack
feasibility and are too expensive [15]. Therefore, there is a need
to identify accurate, inexpensive, convenient, and feasible
devices. Increasingly more researchers and consumers are
paying attention to wrist-worn wearables [20-22], some of which
can be used to evaluate physical activity [23]. However, few
studies have examined the use of wrist-worn wearables during
PE lessons.

Data were collected in October 2018 (Study 1) and May 2019
(Study 2). The number of participants (n=28) was in line with
Wallen et al [24], considering a power of 0.5 and a probability
of type I error of 50%. The sample sizes of similar studies
ranged from 20 to 60 [21].

The Fizzo Smart Bracelet (Fizzo) is a wrist-worn wearable made
in China, based on photoplethysmography and dependent on
optical HR measurement. The Fizzo is not specifically designed
to measure physical activity in young children but to measure
HR in children, adolescents, and adults. A customized algorithm
was designed for the device to measure physical activity based
on HR in children and adolescents during PE lessons in school
settings. The aims of this paper are the following: (1) to examine
the reliability and validity of Fizzo in measuring HR in a
laboratory setting; and (2) to examine the feasibility and validity
of Fizzo for children and adolescents during PE lessons.
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The study was approved by the Institutional Review Board of
the Shanghai University of Sport (102772019RT034). Before
enrollment in this study, written informed consent was provided
by every participant.

Participants
This study was divided into two substudies: Study 1 and Study
2. In Study 1, 11 students from the Shanghai University of Sport,
School of Physical Education and Sport Training (Shanghai,
China) volunteered to participate. Recruitment was conducted
by word of mouth around the university. The participants did
not have any musculoskeletal injuries or illnesses.
In Study 2, we randomly selected 10 schools (2 elementary
schools, 7 junior high schools, and 1 high school) from Xuhui
District in Shanghai, each of which enrolled 2-3 students in PE
lessons, for a total of 28 students. At the end of the PE lessons,
the students and their teachers (1 teacher/lesson) completed
short questionnaires to assess the feasibility of using the Fizzo.
Data obtained from the students (Study 1 and Study 2) included
age, gender, height, weight, and body mass index (Table 1).

Devices
This study evaluated the Fizzo (The Fifth Zone Fitness
Laboratory Company), which is a wrist-worn wearable (cost of
~300¥; US $2.85) that has a battery life of 3 to 8 days. It uses
optical sensors to deduce relative volumetric changes in blood
perfusion and calculate HR. The Fizzo has a triaxial
accelerometer that can measure steps. The data are uploaded to
a website [25], where information is stored for up to 90 days,
and can be downloaded through an app.
We chose the 2008 Polar Team2 Pro (Polar Electro Oy) as the
reference tool in this study. The accuracy of this chest strap has
been examined and it is considered to be a standard for the
assessment of HR during exercise and training [26,27].
Both devices have a feedback function, but the presentation of
data requires a computer or iPad (Apple Inc). In this study, we
showed the Fizzo-collected data to the teachers using an iPad.

Study Procedures and Data Collection
The protocol of Study 1 and 2 are shown in Figure 1. In Study
1, we instructed the students to wear comfortable sportswear
and shoes before coming to the laboratory. Before the test, each
student put on two Fizzos, one each on their left and right wrists.
At the same time, a Polar Team2 Pro (Polar) was placed
correctly on the participant’s chest with the help of the
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17699 | p.479
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researchers and served as the standard. All three devices were
tightly secured to ensure skin contact [28]. We chose running
speeds of 6 km/h and 12 km/h to correspond with moderate and
vigorous intensity movement, respectively. The left Fizzo was
compared to the right Fizzo to examine the reliability of the
device. Additionally, the left and right Fizzo measurements
were compared with the Polar measurements to examine
validity. Before the test, participants ran on a treadmill at a
self-selected speed for 3 minutes to warm up and to adapt to
the environment. Participants ran at speeds of 6 km/h (moderate
intensity) and 12 km/h (vigorous intensity) for 12 and 5 minutes,
respectively. Between stages, the participants stood for 2
minutes to rest [29]. All participants ran at an incline of zero
degrees and all tests took about 22 minutes to complete.
Participants could stop at any time if they felt uncomfortable,
and every participant successfully finished the test. HR was
recorded every second during the test.
In Study 2, we went to 10 schools and measured the HR of 28
students during PE lessons. Before the PE lessons, the students
placed a Fizzo on one wrist (according to their own preference;
all students chose the right hand) and a Polar band on their chest,
which were both secured tightly to ensure skin contact. The
start and end time of the lessons depended on the teacher's

Sun & Liu
instructions. When the teachers started the class, we began to
measure HR; we stopped when the teachers ended the class. All
PE lessons were completed outdoors.
According to studies by Lee et al [17], McNamara et al [30],
and Cruz [31], the feasibility of a wrist-worn wearable relies
heavily on its accuracy, acceptability, applicability, and
usefulness. At the end of the PE lessons, the students and their
teachers completed a questionnaire with the help of trained staff.
At the same time, we recorded whether or not students removed
the Fizzo during the PE lesson. The questionnaire consisted of
three questions about the Fizzo that addressed its comfort,
application, and helpfulness.
Using a 5-point Likert-type scale, comfort indicators ranged
from “very comfortable” to “very uncomfortable,” and the level
of difficulty in putting on and removing the Fizzo ranged from
“very easy” to “very hard.” The last question asked the PE
teachers whether the Fizzo was helpful, with yes/no response
options. A total of 28 students and 10 teachers finished the
questionnaires. In addition, we invited the teachers to indicate
whether or not the Fizzo was helpful for PE lessons. We also
asked them to give suggestions, although this was not
mandatory. All teachers accepted the invitation.

Figure 1. Study 1 and 2 protocol. PE: physical education.

Statistical Analysis
The data acquired from the Fizzo and Polar were analyzed using
SPSS Statistics (Version 24; IBM Corp). Statistical significance
and assumptions for linear statistics were set at P≤.05 [32-34].
Before the statistical analyses, all data had been tested for
missing values. The data were retained if <10% of the data
included missing data points and outliers. In Study 1, there was
no missing data, so all data were retained. During PE lessons,
4 students took off their Polar device and the missing data was
more than 10% of the total, so their data were deleted. To
maintain authenticity, we did not remove outliers, as the Fizzo’s
instructions state that HR is accurately measured when placed
on either the left or right wrist. Reliability was determined by
http://mhealth.jmir.org/2020/8/e17699/
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comparing the left Fizzo data to the right Fizzo data using
intraclass correlation coefficients (ICC) for single measurements
and absolute agreement from a two-way mixed effect model
[35]. ICC shows a measure of relative agreement.
Reliability was determined by calculating the ICC between the
two devices with a 95% CI. ICC≥0.9 was considered excellent,
0.90>ICC≥0.75 was considered good, 0.75>ICC≥0.60 was
considered moderate, and ICC<0.60 was considered poor [21].
Theoretically, the values of ICC were all positive [36], while
the other values were set to zero [37]. Additionally, the
reliability between the left Fizzo and right Fizzo was calculated
by the mean differences (MDs) and standard error of the mean
(SEM) [37,38]. The degree of error can be shown by the MD
(SEM) value, with high values indicating high error [34].
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17699 | p.480
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To determine validity, ICC with 95% CI for single
measurements and absolute agreement from a two-way mixed
effect model were used to calculate the relative agreement
between the Polar and Fizzo devices in Study 1 and Study 2
[38,39]. In addition, mean absolute percent error (MAPE) was
used to assess the degree of error between the standard and the
Fizzo, with the equation MAPE = [(Fizzo – Polar)/Polar] ×
100%. According to some previous studies [20,40], MAPE≤10%
can be considered good, whereas MAPE>10% is considered
poor. Finally, the level of agreement was examined using a
Bland-Altman analysis and 95% limits of agreement (LOA)
between the Polar and Fizzo across the range of HR data (a
narrower range is better); this method is recommended to
estimate the agreement of medical devices [41].

removed the Fizzo were recorded; a percentage ≤10% was
considered good. In addition, the teachers’ views about the
Fizzo were analyzed.

To determine the feasibility of Fizzo, the number and percentage
of “very comfortable” and “comfortable,” “very easy” and
“easy,” and “yes” responses were used; a percentage ≥90% was
considered good. The number and percentage of students who

Data from 4 students were excluded because they removed the
Polar chest band during the PE lesson; ultimately, we collected
data from 24 students (median age 14.0 years, IQR 2.0 years)
in Study 2 (May 2019).

Results
Overview
The physical characteristics of participants (for both Study 1
and Study 2) are presented in Table 1. There were 11
participants (median age 22.0 years, IQR 3.75 years) in Study
1 (October 2018). Every participant came to the laboratory and
was tested twice (on different days, with an interval of 1 week).
Finally, we obtained 22 sets of HR data (10 males and 12
females). All participants were right hand dominant.

Table 1. Participants characteristics for Study 1 and Study 2.
Study and characteristics

Values

Study 1 (n=11)
Age (years), median (IQR)

22.0 (3.75)

Males, n (%)

5.0 (45.5)

Weight (kg), median (IQR)

61.0 (21.9)

Height (cm), median (IQR)

170.0 (10.8)

BMI (kg/m2), median (IQR)

21.5 (3.8)

Study 2 (n=24)
Age (years), median (IQR)

14.0 (2.0)

Males, n (%)

11.0 (45.9)

Weight (kg), median (IQR)

52.9 (22.5)

Height (cm), median (IQR)

162.3 (15.6)

BMI (kg/m2), median (IQR)

22.9 (4.3)

Reliability in Study 1
Table 2 provides the ICC, MD (SEM), and MAPE (SD) for
interdevice reliability when running on a treadmill in the
laboratory. HR data from the right Fizzo were similar to those
from the left Fizzo. The total values for interdevice reliability
were evaluated at two running speeds and the devices
demonstrated good reliability (ICC=0.99 [95% CI 0.99-0.99];
MD=0.05 [SEM 0.03]; MAPE=1.43% [SD 1.67]). The reliability
between the right and left Fizzo at a running speed of 6 km/h

was ICC=0.98 (95% CI 0.98-0.98); MD=0.42 (SEM 0.03);
MAPE=1.42% (SD 1.64). At a running speed of 12 km/h,
reliability values were ICC=0.99 (95% CI 0.99-0.99); MD=–0.66
(SEM 0.056); MAPE=1.44% (SD 1.72). The MD (SEM) at 6
km/h was slightly better than that at 12 km/h; the HR data of
the right Fizzo were slightly higher than those of the left Fizzo
at 6 km/h and the result was the opposite at 12 km/h. Overall,
the reliability between the left and right Fizzo was high
(ICC=0.99; MD<0.7; MAPE<2%).

Table 2. Interdevice reliability measures of the left versus right Fizzo for heart rate data captured during treadmill running in Study 1.
Characteristics

6 km/h

12 km/h

Total

Intraclass correlation coefficient (95% CI)

0.978 (0.977-0.979)

0.988 (0.988-0.990)

0.990 (0.990-0.991)

Mean difference, right-left (standard error of measurements) 0.42 (0.03)

–0.66 (0.06)

0.05 (0.03)

Mean absolute percentage error, % (SD)

1.44 (1.72)

1.43 (1.67)
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Validity in Study 1
The outcomes showed that the mean (SD) HR from the left and
right Fizzo were similar to the Polar (Table 3). The left Fizzo
(ICC=0.99, 95% CI 0.99-0.99) and right Fizzo (ICC=0.99, 95%
CI 0.99-0.99) showed a strong relationship with the Polar device.
Additionally, the MAPE (SD) were all small: left Fizzo=1.62%
(1.65); right Fizzo=1.82% (2.02). The total validity of both the
right and left Fizzo were excellent in the laboratory. The mean
difference and agreement between the Fizzo and Polar HR
measurements were also shown by the Bland-Altman (Figure
2). Overall, at all running speeds, the left Fizzo had a mean error
of 0.64 beats per minute (bpm; lower LOA to upper LOA=–5.18
to 6.45 bpm) and an MAPE (SD) of 1.62% (1.65). The right
Fizzo had a mean error of 0.69 bpm (lower LOA to upper

LOA=–5.96 to 7.24 bpm) and an MAPE (SD) of 1.82 % (2.02).
As the speed increased, mean error changed slightly but the
95% LOA range was larger: left Fizzo 95% LOA=0.78 bpm
(lower LOA to upper LOA=–3.95 to 5.52 bpm) and right Fizzo
95% LOA=1.20 bpm (lower LOA to upper LOA=–4.36 to –6.76
bpm) at a speed of 6 km/h; left Fizzo 95% LOA=0.34 bpm
(lower LOA to upper LOA=–7.15 to 7.83 bpm) and right Fizzo
95% LOA=–0.32 bpm (lower LOA to upper LOA=–8.13 to
7.48 bpm) at a speed of 12 km/h. The range of HR
measurements at 12 km/h was larger than at 6 km/h and the
magnitude of the change was small.
At a running speed of 12 km/h, the right Fizzo underestimated
HR. Additionally, the left and right Fizzo tended to overestimate
HR, and the mean differences were all small.

Table 3. Validity of Fizzo versus Polar in Study 1.

a

Characteristics

6 km/h

12 km/h

Total

Polar, mean (SD)

125.9 (13.8)

158.5 (26.1)

136.8 (24.3)

Left Fizzo, mean (SD)

126.7 (13.3)

158.8 (27.0)

137.4 (24.3)

Right Fizzo, mean (SD)

127.1 (13.3)

158.1 (27.1)

137.4 (24.1)

Left Fizzo, intraclass correlation coefficient (95% CI)

0.984 (0.984 to 0.985)

0.990 (0.989 to 0.990)

0.993 (0.992 to 0.993)

Right Fizzo, intraclass correlation coefficient (95% CI)

0.978 (0.977 to 0.979)

0.989 (0.988 to 0.989)

0.990 (0.990 to 0.991)

Left Fizzo, limits of agreement (lower, upper)

0.78 (–3.95 to 5.52)

0.34 (–7.15 to 7.83)

0.64 (–5.18 to 6.45)

Right Fizzo, limits of agreement (lower, upper)

1.20 (–4.36 to 6.67)

–0.32 (–8.13 to 7.48)

0.69 (–5.96 to 7.24)

Left Fizzo, MAPEa (SD) (%)

1.56 (1.52)

1.74 (1.88)

1.62 (1.65)

Right Fizzo, MAPE (SD) (%)

1.80 (2.05)

1.85 (1.95)

1.82 (2.02)

MAPE: mean absolute percentage error.
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Figure 2. Bland-Altman plot of Fizzo and Polar values for Study 1. A, C, and E are for the left Fizzo and Polar at a running speed of 6 km/h, 12 km/h,
and total, respectively. B, D, and F are for the right Fizzo and Polar at a running speed of 6 km/h, 12 km/h, and total, respectively.

Validity in Study 2
The contents of the PE lessons included running, basketball,
football, long jump, and table tennis. Across the PE lessons, the
mean (SD) HR between the Fizzo and Polar devices were
similar: 137.6 bpm (26.8 bpm) and 140.2 bpm (24.7 bpm),
respectively (Table 4). Bland-Altman analysis showed that the
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Fizzo had a mean error of –2.60 bpm, while the 95% LOA
between the two devices ranged from –38.89 to –33.69 bpm.
The ICC between the Fizzo and Polar devices was 0.742 lower
than in the laboratory. The MAPE was 8.89% for the PE lessons,
higher than in the laboratory (1.82%). The Fizzo slightly
underestimated HR compared to the Polar during PE lessons.
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Table 4. Validity of Fizzo versus Polar in Study 2.
Characteristics

Value

Polar, mean (SD)

140.2 (24.7)

Fizzo, mean (SD)

137.6 (26.8)

Fizzo versus Polar, intraclass correlation coefficient (95% CI)

0.742 (0.739 to 0.746)

Fizzo versus Polar, limits of agreement (lower, upper)

–2.60 (–38.89 to 33.69)

Fizzo versus Polar, mean average percentage error, % (SD)

8.89 (11.04)

The range of the LOA was greater than in the laboratory. The
HR data had a mean error of –2.60 bpm (lower LOA to upper
LOA=–38.89 to 33.69 bpm). The LOA of the Bland-Altman
plots are presented in Figure 3. The Fizzo had the narrowest
LOA in the laboratory condition, and broader LOA in the PE

lesson condition. The ICC was lower during the PE lessons
(0.748) than in the laboratory (>0.99). The MAPE was larger
for the PE lessons (8.89%) than in the laboratory (1.82%). The
validity of Fizzo in the laboratory is better than in the PE
lessons.

Figure 3. Bland-Altman plot of Fizzo and Polar values in Study 2.

Feasibility in Study 2
The feasibility responses from students and teachers were highly
consistent (Table 5). All students chose “very easy,” and 71%
of students chose “very comfortable” while 29% of students
chose “comfortable”; no one chose the “neutral,”
“uncomfortable,” or “very uncomfortable” options. The comfort
level of Fizzo is high; none of the students felt uncomfortable
during the PE lessons. Regarding application, all students chose
“very easy,” which means that Fizzo is convenient to wear and
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remove, and it is easy to put on for PE lessons. All teachers
chose “yes” for “helpful”; they believed that the Fizzo has
practical value and it is useful for PE lessons. They think that
the Fizzo helps them track the students’ physical activity levels
more conveniently and helps them create more reasonable course
content. Furthermore, they think that the Fizzo is very suitable
for PE lessons. All the teachers were interested in using the
Fizzo in the future. No students tried to remove the Fizzo during
the PE lessons. The results showed that it is feasible to use the
Fizzo during PE lessons.
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Table 5. Questionnaire results for feasibility.
Questionnaire responses

Students (n=28), n (%)

Teachers (n=10), n (%)

Very comfortable

20 (71)

—a

Comfortable

8 (29)

—

Neutral

0 (0)

—

Uncomfortable

0 (0)

—

Very uncomfortable

0 (0)

—

Very easy

28 (100)

—

Easy

0 (0)

—

Neutral

0 (0)

—

Hard

0 (0)

—

Very hard

0 (0)

—

Yes

—

10 (100)

No

—

0 (0)

Comfort, n (%)

Ease of application and removal, n (%)

Helpful, n (%)

a

Not applicable.

Discussion
Principal Findings
The results indicated that the validity and reliability of the Fizzo
were excellent in the laboratory. The validity of the Fizzo in
the PE lessons was lower than in the laboratory setting, but still
moderate. The Fizzo was feasible for PE lessons.
The intensity, duration, and frequency of physical activity can
be inferred through HR. Measuring the HR of students
accurately and conveniently has great benefit when aiming to
increase MVPA to achieve better health preservation effects.
The emergence of wrist-worn wearables provides a realistic
basis for the achievement of these goals [42]. However, there
are still few studies assessing the validity and feasibility of
wrist-worn wearables during PE lessons. The purpose of this
study was to examine the reliability and validity of a new
wrist-worn wearable, Fizzo, in the laboratory and during PE
lessons.
Some studies have stated that trackers’ reliability and validity
may be affected by which wrist the device is worn on [43,44],
as there may be some differences in reliability or validity
between the right and left wrist (dominant and nondominant).
However, in Study 1, we found that validity and reliability were
not affected by which wrist the Fizzo was worn on; the HR
values as measured by the left and right Fizzo were similar to
the HR values obtained from the Polar device. The validity and
reliability of Fizzo were almost unaffected by running speed,
and Fizzo maintained its high performance when the running
speed was increased. This finding is different from previous
studies, which found that accuracy became worse when the
running or jogging intensity was increased [16]. The stronger
relationship between the Polar and Fizzo devices during the
http://mhealth.jmir.org/2020/8/e17699/
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laboratory study can be attributed to more stable experimental
controls. Furthermore, when running on a treadmill, the
movements of the left and right arms were similar and were not
affected by external forces, which may be another reason for
this differing result [45].
In Study 2, the validity of the Fizzo was lower during the PE
lessons compared to the laboratory, but still showed moderate
accuracy (ICC=0.742; mean error=–2.60 bpm, LOA=–38.89 to
33.69; MAPE=8.89%). ICC was very close to the “good” level
(0.75); increasing the sample size may impact this result. The
MAPE and the range of LOA during PE lessons were larger
than in the laboratory and the Fizzo tends to underestimate HR
during PE lessons. The Fizzo was easy to use and comfortable
for students. Furthermore, it was helpful for teachers during PE
lessons and the teachers were interested in using it in the future,
which demonstrated the feasibility of the use of the Fizzo. As
indicated by the different performance levels of the Fizzo
between Study 1 and 2, the validity of the Fizzo may be not
influenced by physical activity intensity (running speed) but
may be affected by sex, environment, and the type of physical
activity [45]. In PE lessons, the students’ arms, where the Fizzo
was worn, were often subjected to external forces, such as
slapping a basketball. These conditions may cause the device
to lose skin contact and leak light, resulting in measurement
errors. It is also possible that sweat between the device and the
skin may cause errors. Compared to Study 1, it was not only
the type of exercise that changed in Study 2, but also the
environment; these changes may have caused the reduced
validity. In the laboratory, the environmental light was relatively
stable, but in the PE lessons, it was always changing. The Fizzo
uses an optical sensor to measure HR, so it is very sensitive to
light. If the Fizzo is not worn tight enough, changes in light
may affect its accuracy.
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With the development of new technologies, wrist-worn
wearables for measuring HR will be an alternative to the chest
strap [46]. Wearing the Fizzo on the wrist was more convenient
and easier to use than the chest strap; all students considered
the Fizzo as comfortable, as well as easy to wear and take off.
A chest-worn device is more troublesome, and clothes must be
taken off. In addition, it needs to be wiped with alcohol, so it
is inconvenient, particularly when the weather is cold. The break
between different classes is about 10 minutes in primary and
secondary school in China; before the PE lessons started, there
were only one or two students who had enough time to apply
the Polar bands with the help of assistants. It is very difficult
to apply the chest band by oneself. The content of the PE lessons
is heterogeneous and complicated and could cause chest-worn
devices to fall off, which was why we went to 10 schools but
only got 24 samples. Conversely, the Fizzo is worn on the wrist
and was less restrictive during physical activity compared with
the Polar; the wrist-worn wearable is more comfortable and
more acceptable. The teachers considered it helpful for
monitoring the physical activity level of their students.
According to the HR values of the students, the teachers could
choose more reasonable physical activity intensity levels. All
teachers believed the Fizzo has practical value and the device
showed high feasibility.
When conducting a long-term physical activity surveillance
study, a valid survey is usually defined as >10 hours of wear
time every day for at least 4 days [47]. The wrist-worn wearables
may be more convenient than the chest bands and devices in
other positions [48]. Therefore, we need to pay attention not
only to accuracy but also to the adherence of participants.
Although the Fizzo performed well in PE lessons, further studies
are required to prove it can be used in daily life.
To avoid the social desirability response bias with objective
measures of physical activity [48], both the Polar and Fizzo do
not have a display. However, sometimes feedback is needed;
the Fizzo can show almost all students’ data (60 students) at
the same time on a smartphone or an iPad, while the Polar can
show data from 15 students on a computer. Some devices can
receive and show the data up to a distance of 200 meters, but
sometimes the scope of activities of students in PE lessons far
exceeds this distance. The Fizzo can cover the entire playground
if small antennas are put near the perimeter of the venue. The
Fizzo is more feasible for the monitoring of PE lessons.
Like Polar, most devices for the collection of physical activity
data are too expensive; the price of the Polar device is quite
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high (about 100,000¥ [US $948.7] for 15 Polar bands and a
computer). The price of 15 Fizzo is significantly lower (about
4500¥ [US $42.75]), and the computer or iPad can be purchased
by oneself, so it is more affordable for researchers. When
research funding is limited, researchers can choose cheaper
equipment. The Fizzo may be a good choice as it has good
validity, reliability, and feasibility during PE lessons. Although
many types of PE classes are not included in this study, the
available results indicate that the Fizzo has a relatively large
application potential in a PE class setting.

Limitations
This study has limitations. The participants were healthy
students, while subgroups with known arrhythmia and many
types of PE lessons were not included in this study; thus, we
cannot be sure of the accuracy of the Fizzo in other populations,
including people with heart disease. The small sample size may
have affected the results of Study 2, which may limit its
generalizability.
To match the end of the Fizzo measurements with the end of
the Polar measurements, we only measured HR while
participants were running; we did not measure HR after the
participant stopped running.
Students were of different ages and included elementary,
secondary, and high school students; there may be some
reliability and validity differences among these three groups
during PE lessons, but that was not distinguished in this study.
Physical activity types may have an impact on the reliability
and validity of the device, but our study did not classify different
types of physical activity; therefore, we cannot be sure which
types of physical activity were causing the changes in reliability
and validity.

Conclusions
This study shows that the Fizzo has good reliability and validity
during moderate and vigorous intensity running on a treadmill
in the laboratory. Compared to the laboratory results, the validity
of the Fizzo was decreased in PE lessons but still reached a
moderate level. The main factor affecting device reliability and
validity may not be the intensity of physical activity but the
type of physical activity. More research is needed to determine
which types of physical activity affected the reliability and
validity. Ultimately, the Fizzo is accurate, comfortable to wear,
easy to apply and remove, and has a high application value in
a PE lesson setting.
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Abstract
Background: As the mobile environment has developed recently, there have been studies on continuous respiration monitoring.
However, it is not easy for general users to access the sensors typically used to measure respiration. There is also random noise
caused by various environmental variables when respiration is measured using noncontact methods in a mobile environment.
Objective: In this study, we aimed to estimate the respiration rate using an accelerometer sensor in a smartphone.
Methods: First, data were acquired from an accelerometer sensor by a smartphone, which can easily be accessed by the general
public. Second, an independent component was extracted to calibrate the three-axis accelerometer. Lastly, the respiration rate
was estimated using quefrency selection reflecting the harmonic component because respiration has regular patterns.
Results: From April 2018, we enrolled 30 male participants. When the independent component and quefrency selection were
used to estimate the respiration rate, the correlation with respiration acquired from a chest belt was 0.7. The statistical results of
the Wilcoxon signed-rank test were used to determine whether the differences in the respiration counts acquired from the chest
belt and from the accelerometer sensor were significant. The P value of the difference in the respiration counts acquired from the
two sensors was .27, which was not significant. This indicates that the number of respiration counts measured using the
accelerometer sensor was not different from that measured using the chest belt. The Bland-Altman results indicated that the mean
difference was 0.43, with less than one breath per minute, and that the respiration rate was at the 95% limits of agreement.
Conclusions: There was no relevant difference in the respiration rate measured using a chest belt and that measured using an
accelerometer sensor. The accelerometer sensor approach could solve the problems related to the inconvenience of chest belt
attachment and the settings. It could be used to detect sleep apnea through constant respiration rate estimation in an internet-of-things
environment.
(JMIR Mhealth Uhealth 2020;8(8):e17803) doi:10.2196/17803
KEYWORDS
respiration rate; accelerometer; smartphone; independent component analysis; quefrency; mobile phone

Introduction
Background
Owing to the rapid recent development of mobile medical
monitoring, an increasing number of people desire to manage
their health through health care services in daily life. To provide
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information for health management, it is important to monitor
biosignals constantly [1,2]. Among biosignals, respiration is
the easiest to measure and provides various types of information
about health management based on a number of respiration
parameters and respiration patterns [2]. Respiration data
collected in daily life can be used as a health care index
involving factors such as feedback for sleep apnea syndrome
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and other issues [3]. In addition, patients could discover
abnormalities early through constant monitoring outside of
medical facilities and thereby prevent dangerous escalation of
their issues [4].

problem, we used quefrency selection. A respiration signal is
a harmonic component because of its quasi-periodic
characteristic. Additionally, a search range related to respiration
is set to minimize any noise component.

Currently, the sensors used to measure respiration are for
medical and experimental use, so they are not easily accessible
for general users and their prices are high [5]. In addition, they
are of the contact type, requiring users to attach multiple sensors
to the body, which makes them difficult to adopt and difficult
to use for constant measurement of respiration [6]. To solve
these problems, there have been studies on methods to measure
respiration using devices such as accelerometers, radar sensors,
and thermal cameras [6]. For use with such noncontact
monitoring equipment, smartphones allow easy accessibility
for general users and integrate easily with mobile monitoring
environments [7]. For these reasons, in this study, the number
of respirations was calculated using data from an accelerometer
sensor passed to a smartphone, which was suitable for
monitoring the respiration rate in daily life.

Objectives

The accelerometer sensor has three axes and has sensitivity
related to the degree of inclination and to the direction in which
it is resting [8]. Therefore, axial correction is required to use
the values from the accelerometer sensor. The typical method
for axial correction is to calculate the root sum square of the
magnitude [9]. Other methods include the use of the mean along
the z-axis, the magnitude of each axis, the calculation of
correlation, and the calculation of the average of peak frequency
[10]. However, these methods have limitations for removing
the uncertainty inherent with accelerometer sensors when they
are used in an indoor environment.
There are several methods to estimate respiration. In particular,
respiration has been analyzed in the frequency domain using
general fast Fourier transform (FFT) and short-time Fourier
transform (STFT) [11]. Since respiration is quasi-periodic [12],
the dominant component could be found using FFT and STFT.
However, when noise is caused from situations, such as power
lines and movement, it changes the dominant frequency
component [13]. Additionally, after filtration to divide the
frequency domain, the number of respirations has been
calculated using correlation analysis of filtered respiration signal
peak number counters, a Wiener filter, and autocorrelation
[11,14-16]. The Wiener filter estimates the signal through
assumption of the noise spectrum. When sensors are attached
to the body of a subject, the Wiener filter is frequently used to
remove body movement [14]. This preprocessing method is
difficult to use for measuring respiration accurately owing to
its sensitivity to noises. In particular, when respiration is
measured with the noncontact method in a mobile environment,
various environmental noises occur. Autocorrelation separates
the signal and noise. The correlation of a signal can be estimated
using a lagged dependent variable [15]. However, it has
limitations because respiration is exactly periodic. To solve the
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An accelerometer sensor in a smartphone was used because it
is one of the representative internet-of-things (IoT) devices. To
reduce the uncertainty caused by external noise, the vector by
which the accelerometer sensor independence is maximized
was calculated using independent component analysis (ICA).
In addition, respiration has regular patterns, so the respiration
rate was estimated using quefrency selection reflecting harmonic
information. The respiration rate with the suggested method
and the respiration rate with the gold standard using a respiration
belt were compared to evaluate significance. When the
accelerometer sensor in a smartphone is used as an IoT
environment, data can be acquired at various locations.
Additionally, the specification of the accelerometer sensor is
different according to the smartphone device. For this problem,
a case study was performed to determine the difference
according to location and smartphone. The aim of the study was
to estimate the respiration rate based on ICA of an accelerometer
sensor.

Methods
Data Acquisition
Before data acquisition, recruitment notices were posted on a
notice board. Only if a subject agreed to the research, the subject
joined the study. Additionally, subjects who were likely to
participate in this study were not excluded based on social and
economic conditions. The study did not register vulnerable
subjects. Before recruiting the subjects, the subjects provided
information about their health status, medications, and diseases.
Subjects who did not have mental or physical diseases joined
the experiment.
This is a single-arm intervention study without a control group
and without randomization. Data acquisition was performed in
a controlled environment by the laboratory. Each subject signed
a written consent form prior to the experiment. The respiration
signal was collected while the subject reclined on a bed.
The device used to measure respiration was the accelerometer
sensor of the Samsung Galaxy S8 smartphone, and nonlinear
sampling was performed at an average of 500 Hz. Respiration
signals from a chest belt were measured at the same time as
actual respiration signals for comparison with the respiration
signals calculated using the accelerometer sensor. Respiration
measured from the chest belt was sampled at 500 Hz using
BIOPAC MP 150TM equipment. As shown in Figure 1, the
accelerometer sensor was located near the left shoulder of the
subject, and the chest belt was secured across the chest.
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Figure 1. Experimental environment. Solid-line box: Samsung Galaxy S8 accelerometer sensor; dashed-line box: chest belt.

ICA-Based Accelerometer Calibration
The accelerometer sensor of Samsung Galaxy S8 has a nonlinear
sampling rate. To convert this to fixed sampling, time-stamp
and accelerometer sensor values were stored simultaneously.
Figure 2 shows the process for conversion of the rate of

sampling by the accelerometer sensor. The stored original data
were up-sampled at 1000 Hz, and missing values were filled in
using the same values measured at the previous time stamp.
The filled-in missing data were down-sampled again at 500 Hz,
which is the same sampling rate used with the original data.

Figure 2. Processing for fixed sampling.

The data measured using the accelerometer sensor contained
not only respiration data but also data of various signals, such
as motion and external noises. Among these, respiration
appeared in the frequency spectrum at less than 0.4 Hz. Thus,
respiration signals were preprocessed through a 0.4-Hz low-pass
filter [17].
When an accelerometer sensor is used in an IoT environment,
a variety of noises exist in the environment. In addition to
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respiration, these various noise sources in the environment were
also measured (and mixed into the data) by the accelerometer
sensor. Therefore, the respiration signals were separated using
ICA. Because the original ICA signals were created by other
physical processes, it was assumed that they have independent
and irregular distributions [18]. Figure 3 presents the ICA model
used to distinguish respiration and the signals of the various
sources being measured by the accelerometer. It shows the
process of separating the sources by estimating U.
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Figure 3. Independent component analysis model for respiration separation.

The separation of sources was calculated using equations 1-3.
Equation 1 shows the measured signal (A). This signal (A) shows
the vector measured from the three-axis accelerometer sensor
according to time (t) and has the value (3 × [sr × t]), where sr
is the sampling rate. In this study, the sampling rate was 500
Hz. To separate the original signals of the accelerometer sensor,
equations 2 and 3 were used. In this case, U = W−1 is the mixing
matrix, S is the original source, and X = S is the estimated
separated source [18].

Quefrency Selection for Respiration Rate Estimation
Respiration is a regular signal, so it is possible to estimate the
respiration rate through the estimation of the interval measured
by the accelerometer sensor.
For detection of the regularity of X, a cepstrum was used. The
cepstrum was calculated through inverse Fourier transform. In
this way, the harmonic component of signals could be acquired
[19,20].
Equation 4 was used for the quefrency selection, which is the
harmonic component of X, and the term CAmax_peak is the point
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where the maximum peak of the cepstrum of X appears [21]. It
is needed to set the search range related to respiration. The
respiration-related search range defines searching point (SP).
To spot the maximum peak dependent on the respiration signal
SP, SP was designated using equation 5. The term RRsec shows
the respiration rate per second, and SP was designated as
(1251-6000) using equation 5.

In addition, whether the second harmonic exists is detected
through the harmonic component adjacent to the search point.
The respiration rate was estimated according to the existence
of the second harmonic, and RRmin, the number of respirations
per minute, was calculated using equation 6 [21].

Figure 4 shows a diagram displaying how to estimate the
respiration rate. The filtered signals from the accelerometer
sensor were separated based on ICA. The independent
component analyzed using cepstrum and selected the maximum
point at the range related to respiration.
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Figure 4. Diagram for respiration rate estimation. ICA: independent component analysis.

Results
Data Overview
The study was approved by the Institutional Review Board of
Yonsei University health system (IRB number: 4-2018-0411).
From April 2018, we enrolled 30 male participants. Among the
subjects, the mean age was 26.67 (SD 2.41) years, mean height
was 173.8 (SD 5.33) cm, and mean weight was 74.43 (SD 9.52)
kg.

Comparison With the Accelerometer Calibration
Method
For analysis of the method presented in this study, the signals
acquired from the chest belt were used as the standard. The
chest belt signals were segmented with 1-minute epochs, and
the number of respirations per minute was calculated by
counting the number of maximum peaks. This study presents
an accelerometer calibration method using ICA to extract the
original signals from the accelerometer sensor.
For assessment of the method presented here, the Pearson
correlation (Pearson r) was used. With Pearson r, the correlation
of the number and size of respirations calculated from the actual
respiration counts and ICA calibration was determined. Because
r is close to −1 or 1, it is very similar to the real respiration rate.
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The ICA methods proposed for accelerometer calibration of
each axis, the root sum square (RSS) of each axis, and principal
component analysis (PCA) methods (which were used
previously) were verified using Pearson r. Each axis is affected
by tilting and direction [8]. Since the signal is acquired while
the subject and smartphone are set on the bed, it is important
to confirm which axis is more sensitive after preprocessing such
as filtering. If one axis is correlated with respiration, the axis
has to be selected to reduce calculation. The RSS is calculated
using the square root sum of each axis, and it is frequently used
for calibration of the accelerometer sensor [9]. PCA is similar
to ICA as one of the dimension reduction methods. It finds new
principal axes while preserving the variance and transforms
data from a high-dimensional space to a low-dimensional space
without linear correlation [22].
Figure 5 shows Pearson r skeletal box-and-whisker plots for
respiration rate estimation according to each calibration method.
In the skeletal box-and-whisker plots, the red line is the median,
and the skeletal box is represented from the first to third quartiles
of Pearson r. The minimum and maximum of Pearson r without
outliers are shown as whiskers with end caps [23]. When
calibrated with ICA, it has the highest correlation (0.7). In
addition, ICA has a lower difference in the range between the
maximum and minimum values compared with other values,
so the result with it is more stable than those with other
calibration methods.
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Figure 5. Skeletal box-and-whisker plot according to the calibration method. ICA: independent component analysis; PCA: principal component analysis;
RSS: root sum square.

In this study, statistical evaluation was performed on whether
the ICA calibration presented with the use of the Pearson r value
was significant compared with other methods (x-axis, y-axis,
z-axis, RSS, and PCA). Prior to statistical evaluation, visual
regularity verification was performed using a quantile-quantile
plot. When identified using a quantile-quantile plot, all the data
were hard to consider as linear, so a nonparametric test was

performed. Because significance was evaluated according to
each method using the same subjects, a Wilcoxon signed-rank
test was used. Table 1 presents the statistical results of the
Wilcoxon signed-rank test. The Pearson r of the respiration rate
estimation according to the ICA method was significant
(P<.001) compared with the other methods.

Table 1. Statistical evaluation of the calibration method using the Wilcoxon rank-sum test.

a

Method

W

z

P value

x-axis

647

−3.95

<.001

y-axis

635

−4.13

<.001

z-axis

533

−5.64

<.001

RSSa

567

−5.14

<.001

PCAb

713

−2.98

.003

RSS: root sum square.

b

PCA: principal component analysis.

Comparison With Conventional Algorithms
After the accelerometer sensor was calibrated using ICA,
conventional methods to extract the respiration rate estimation
and the proposed quefrency selection method were verified
using Pearson r. The compared conventional methods were
processed with filtering of the acquisition data. There were three
methods as follows: peak count, spectral peak transition, and
autocorrelation. In the three compared methods, the peak count
determines the peaks from the ICA calibration data. To estimate
the respiration dominant frequency, the highest spectral peak
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transition is selected using FFT. The selected spectral peak
transition shows the signal period. Autocorrelation is calculated
using correlation with the lagged values [15].
Figure 6 shows Pearson r skeletal box-and-whisker plots for
the respiration rate estimation according to each conventional
method. When the respiration rate was estimated by quefrency
selection, it was determined to have the highest correlation value
(0.7). In addition, there was little difference in the range between
the maximum and minimum values compared with other
methods, so it was more stable than other conventional
algorithms.
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Figure 6. Skeletal box-and-whisker plot according to the conventional algorithm. AC: autocorrelation; PC: peak count; SP: spectral peak transition.

In this study, statistical evaluation was performed to determine
whether the quefrency selection presented with use of the
Pearson r value was significantly different from the other
methods (peak count, spectral peak transition, and

autocorrelation). The statistical results of the Wilcoxon
signed-rank test in Table 2 show that the respiration rate
estimation by the quefrency selection method has more relevant
results.

Table 2. Statistical evaluation of conventional algorithms using the Wilcoxon rank-sum test.
Method

W

z

P value

Peak count

521

−5.82

<.001

Spectral peak transition

680

−3.47

<.001

Autocorrelation

774

−2.08

.04

Comparison With the Chest Belt
Table 3 shows the results from comparing the average
respiration count per minute acquired using the chest belt
(R.Rbelt) with that acquired using the accelerometer sensor
(R.Rest) for each subject. The difference in the respiration rate
per minute between the two sensors was at the most two times
the respiration count. When the peaks were counted using the
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chest belt, a peak counting error occurred with the respiratory
waveforms of a half cycle at the first and the last respiration.
On the other hand, the quefrency selection was independent in
respiratory waveforms of a half cycle, so errors were reduced
in the detection of the respiration rate. Table 3 shows that there
was no significant difference in the performance of respiration
rate estimation between the accelerometer sensor and the chest
belt (W=842, z=−1.11, P=.27).
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Table 3. Results of respiration rate estimation.

a

Number

R.R belt a

R.R est b

Difference

1

15

17

2

2

18

18

0

3

16

16

0

4

16

17

1

5

17

17

0

6

18

18

0

7

16

15

1

8

18

18

0

9

17

19

2

10

18

20

2

11

17

18

1

12

15

16

1

13

17

18

1

14

16

17

1

15

18

20

2

16

16

16

0

17

15

15

0

18

15

17

2

19

16

16

0

20

16

17

1

21

17

16

1

22

16

15

1

23

17

16

1

24

16

16

0

25

15

16

1

26

16

17

1

27

15

15

0

28

18

18

0

29

17

16

1

30

17

17

0

R.Rbelt: average respiration count per minute acquired using the chest belt.

b

R.Rest: average respiration count per minute acquired using the accelerometer sensor.

In addition, the statistical results of the Wilcoxon signed-rank
test were used to determine whether the differences in the
respiration count acquired from the chest belt and from the
accelerometer sensor were significant. The P value of the
difference in the respiration count acquired from the two sensors
was .27, which was not significant. This indicates that the
number of respiration counts measured using the accelerometer
sensor was not different from that measured using the chest
belt. Therefore, it is possible to use an accelerometer sensor for
estimation of the respiration rate, instead of a chest belt.
A Bland-Altman analysis was performed to evaluate the
performance of respiration rate estimation from the
https://mhealth.jmir.org/2020/8/e17803
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accelerometer sensor compared with the respiration belt. The
Bland-Altman analysis showed a correlation between the
accelerometer sensor and respiration belt (Figure 7A). Figure
7B shows the Bland-Altman results for the mean difference and
the bias of the 95% confidence interval [24]. In Figure 7, the
correlation coefficient was 0.7. The Bland-Altman results
indicate that the mean difference was 0.43, with less than one
breath per minute, and that the respiration rate was at the 95%
limits of agreement. The accelerometer sensor could produce
results ranging from a 2.3 breaths per minute overestimation to
1.5 breaths per minute underestimation.
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Figure 7. Bland-Altman results between the respiration belt and accelerometer sensor. R.Rest: average respiration counts per minute acquired using
the accelerometer sensor; R.Rbelt: average respiration counts per minute acquired using the chest belt.

Case Study
Here, Locup is the case in which the smartphone was located
next to the left shoulder of the subject and Locdown is the case
in which it was located under the left foot. Table 4 shows the

results of respiration estimation according to location. The
difference in respiration count per minute by location was at
minimum zero times and at maximum one time. In most cases,
no difference in the respiration count occurred, which indicates
that the quefrency selection method using an accelerometer
sensor has low sensitivity to location (W=97, z=−0.65, P=.52).

Table 4. Results of respiration rate estimation by location.

a

Number

Loc up a

Loc down b

Difference

1

17

17

0

2

18

19

1

3

15

15

0

4

16

17

1

5

16

15

1

6

16

16

0

7

18

18

0

8

17

17

0

9

18

18

0

10

17

17

0

Locup: smartphone is located next to the left shoulder.

b

Locdown: smartphone is located under the left foot.

In Figure 8, the correlation coefficient is 0.93. The
Bland-Altman results indicated that the mean difference was
0.1, with less than one breath per minute, and that the respiration
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rate was at the 95% limits of agreement. The accelerometer
sensor could produce results ranging from a 1.2 breaths per
minute overestimation to 1.0 breath per minute underestimation.
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Figure 8. Bland-Altman results according to sensor location. Locdown: smartphone is located under the left foot; Locup: smartphone is located next to
the left shoulder.

There is a difference in the accelerometer sensor of different
types of smartphones. Therefore, to identify the difference
according to the type of smartphone, a case study was performed
in 10 subjects. The smartphones used for the case study were
Samsung Galaxy S8 (smartphone 1) and Samsung Galaxy S7
(smartphone 2). Table 5 shows the results of respiration rate
estimation using each smartphone. The difference in the
respiration count per minute for each smartphone type was at
minimum zero times and at maximum one time, which indicates
that there was no relevant difference in the results with these
two smartphones.

The Wilcoxon signed-rank test was used to determine
statistically whether the estimated respiration count was
significantly different according to the type of smartphone and
location. The P value of the difference in the estimated
respiration count by location was .52, which was not significant.
This shows that there was no significant difference in the
respiration count estimated at different locations. The P value
of the difference in the estimated respiration count by
smartphone type was .88, which was also not significant
(W=103, z=−0.16). This shows that there was no significant
difference in the respiration count estimated using the two
different smartphones.

Table 5. Results of respiration rate estimation by smartphone.

a

Number

Smartphone 1a

Smartphone 2b

Difference

1

18

18

0

2

17

18

1

3

18

18

0

4

18

19

1

5

17

17

0

6

17

17

0

7

18

18

0

8

18

18

0

9

18

18

0

10

19

19

0

Smartphone 1: Samsung Galaxy S8.

b

Smartphone 2: Samsung Galaxy S7.

In Figure 9, the correlation coefficient is 0.79. The
Bland-Altman results indicate that the mean difference was 0.2,
with less than one breath per minute, and that the respiration
rate was at the 95% limits of agreement. The accelerometer
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sensor could produce results ranging from a 1.0 breath per
minute overestimation to 0.63 breaths per minute
underestimation.
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Figure 9. Bland-Altman results according to smartphone type. Smartphone 1: Samsung Galaxy S8; smartphone 2: Samsung Galaxy S7.

Discussion
Principal Findings
In this study, respiration counts were estimated based on data
from an accelerometer sensor in a smartphone. During recent
advances in the mobile medical monitoring environment, a
variety of smart devices have been developed [2,3]. There is
also an increasing desire to manage health by measuring and
analyzing data using such smart devices [1,5]. In particular, the
development of various wearable devices, such as smartphones
and smart bands, provides the potential to acquire various types
of health care information such as movement and heartbeat.
Respiration is a biosignal directly related to body activity [3,5].
The estimation of respiration can prevent dangerous incidents
by predicting diseases and detecting sleep apnea [4]. However,
the number of smart devices able to present respiration rates is
limited, and the sensors that can accurately detect respiration
are not easy to use in daily life. Thus, the purpose of this study
was to estimate respiration counts using an accelerometer sensor
in a smartphone that is easy to access by normal people.

conventional method and quefrency selection, as well as
statistical verification. It was also confirmed that the
performance of respiration rate estimation was excellent when
quefrency selection was applied to signals acquired from the
accelerometer sensor. This was determined through verification
of the difference and statistical significance of the number of
respiration counts calculated using the chest belt and the
proposed (accelerometer) method.
The use of the accelerometer sensor in a smartphone is a
noncontact method and has the advantage of constant respiration
monitoring. This enables easy measurement of respiration in
daily life. However, when it is used in an actual environment,
a number of environmental variables exist. Specifically, the
same user could put the smartphone at different locations during
the measurements, and the performances of embedded sensors
could also be different according to smartphone type. Therefore,
case studies were performed according to sensor location and
smartphone type. The results indicated that respiration rate
detection is possible independent of location and smartphone
type.

This study acquired signals using the accelerometer sensor in
a smartphone for a long time to identify the feasibility of
constantly estimating respiration during natural motion. Because
the accelerometer sensor in a smartphone samples nonlinearly,
linear sampling was imposed. The accelerometer sensor is a
three-axis type, which requires calibration. In this study,
components that maximize independence from the signals
acquired from the three axes of the accelerometer sensor were
distinguished using ICA, and signals showing the range of
respiration were extracted. When the statistical significance of
the difference in results for the conventional method and Pearson
r of the respiration counts estimated from the chest belt and
accelerometer sensor were determined, ICA showed a significant
result.

Limitations

Lastly, accelerometer sensors are greatly affected by
environmental noises. However, while such noises have random
characteristics, respiration has regularity, and this regularity has
harmonic components. Thus, respiration rates were estimated
using quefrency selection. It was confirmed that there was a
relevant difference in the data acquired using Pearson r for the

Conclusions
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The situation in which respiration rate estimation is needed the
most is during sleep [3,4]. Diseases can be predicted and
emergency situations can be judged by detecting sleep apnea.
Therefore, in this study, respiration was estimated while the
subjects were lying down. The feasibility for long-term
estimation was also confirmed. In the future, signals during
sleep could be acquired and analyzed to apply actual respiration
rate estimation during sleep. However, the experiment
environment was controlled. During the respiration rate
estimation, subjects could change position and lay laterally or
in the prone position. Therefore, a further study about position
change is needed for application of the approach in a real
environment.

In this study, respiration rates were estimated using data from
the accelerometer sensor of a smartphone as an IoT device. This
study showed differentiation of the respiration rate estimation
achieved through ICA calibration and quefrency selection. The
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e17803 | p.500
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respiration estimation sensors that are currently used are not
easy to access and not easy to use in daily life owing to the need
for multiple sensors with direct contact. However, smartphones
are easy to use in daily life and some are equipped with
accelerometer sensors, which makes them suitable for respiration
rate estimation. There is a difference in performance according
to the calibration method used with the accelerometer sensor.
The accuracy of the respiration rate estimation can be enhanced

Lee & Yoo
when independent components are detected from three-axis
ICA signals and quefrency selection is applied. This new
approach could solve the problems related to the inconvenience
of electrode attachment and equipment settings that affect
respiration rate estimation. Furthermore, it could be used to
detect sleep apnea through constant respiration rate estimation
in an IoT environment.
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Abstract
Background: The ongoing coronavirus disease (COVID-19) pandemic forced health jurisdictions worldwide to significantly
restructure and reorganize their medical activities. In response to the rapidly evolving body of evidence, a solid communication
strategy is needed to increase the reach of and adherence to locally drafted and validated guidance to aide medical staff with
COVID-19–related clinical decisions.
Objective: We present a usage analysis of a dedicated mobile health (mHealth) platform as part of an institutional knowledge
dissemination strategy of COVID-19–related guidance to all health care workers (HCWs) in a large academic hospital.
Methods: A multidisciplinary team of experts drafted local guidance related to COVID-19. In total, 60 documents and 17
external links were made available through the platform. Documents were disseminated using a recently deployed mHealth
platform for HCWs. Targeted dissemination of COVID-19–related content began on March 22, 2020. Using a third-party statistics
tool, data concerning user activity and content use was anonymously collected. A quantitative analysis of user activity was
performed over a 4-month period, separated into 3 periods: 2 months before (Period A), 2 weeks after (Period B), and 6 weeks
following (Period C) targeted dissemination. Regional epidemiological data (daily new COVID-19 cases and total
COVID-19–related hospitalizations) was extracted from an official registry.
Results: During the study period, the platform was downloaded by 1233 new users. Consequently, the total number of users
increased from 1766 users before Period A to a total of 2999 users at the end of Period C. We observed 27,046 document views,
of which 12,728 (47.1%) were COVID-19–related. The highest increase in activity occurred in Period B, rapidly following
targeted dissemination, with 7740 COVID-19–related content views, representing 71.2% of total content views within the
abovementioned period and 550 daily views of COVID-19–related documents. Total documents consulted per day increased
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from 117 (IQR 74-160) to 657 (IQR 481-1051), P<.001. This increase in activity followed the epidemiological curbing of newly
diagnosed COVID-19 cases, which peaked during Period B. Total active devices doubled from 684 to 1400, daily user activity
increased fourfold, and the number of active devices rose from 53 (IQR 40-70) to 210 (IQR 167-297), P<.001. In addition, the
number of sessions per day rose from 166 (IQR 110-246) to 704 (IQR 517-1028), P<.001. A persistent but reduced increase in
total documents consulted per day (172 [IQR 131-251] versus 117 [IQR 74-160], P<.001) and active devices (71 [IQR 64-89]
versus 53 [IQR 40-70]) was observed in Period C compared to Period A, while only 29.8% of the content accessed was
COVID-19–related. After targeted dissemination, an immediate increase in activity was observed after push notifications were
sent to users.
Conclusions: The use of an mHealth solution to disseminate time-sensitive medical knowledge seemed to be an effective
solution to increase the reach of validated content to a targeted audience.
(JMIR Mhealth Uhealth 2020;8(8):e20025) doi:10.2196/20025
KEYWORDS
COVID-19; smartphone; mHealth; information dissemination; health professionals; health administration; health apps

Introduction
Since the World Health Organization (WHO) declared the novel
coronavirus (severe acute respiratory syndrome coronavirus 2
[SARS-CoV-2]) a pandemic on March 11, 2020, it has spread
rapidly worldwide. As of July 26, 2020, there were more than
15.7 million confirmed cases and more than 640,000
COVID-19–related deaths [1,2]. Authorities and hospitals
worldwide have braced themselves to face the unprecedented
challenge of providing adequate patient care while trying to
avoid health care system saturation and guaranteeing maximum
protection for health care workers (HCWs) from nosocomial
infections and psychological consequences [3,4].
To respond to the present challenge, health institutions
worldwide have been forced to deeply reorganize and
reprioritize their daily activities. Hospitals have been
restructured to better streamline the increasing number of
patients and to separate suspected and confirmed COVID-19
cases from patients without COVID-19 to avoid nosocomial
infections [5]. In certain countries, field hospitals and
drive-through screening facilities have been built to reduce the
load on local health institutions and decrease the community
transmission rate [6,7]. Medical and surgical units have been
converted for the care of patients with COVID-19 and intensive
care units as well as operating rooms were reshaped to prepare
for a large number of patients in need of acute respiratory
support [8]. Medical staff have also been delocalized or newly
recruited to help in such units, with very little initial training
on the management of COVID-19. In parallel, local, national,
and international health institutions have dealt with important
scientific knowledge gaps concerning SARS-CoV-2 infection
vectors, transmission dynamics, epidemiology, and treatment
possibilities [9].
At the University Hospitals of Geneva (HUG), all nonemergency
surgeries were cancelled to mobilize anesthesiology staff to the
intensive care unit and to spare essential medical equipment.
Outpatient clinic activity was reduced significantly and
appointments were conducted via telephone and telemedicine
consultations when feasible. Non–COVID-19 medical and
surgical activities were transferred to other local hospitals, and
COVID-19–related activity was centralized at the authors’
institution. New dedicated wards were created, and others were
http://mhealth.jmir.org/2020/8/e20025/

XSL• FO
RenderX

transformed to admit patients with SARS-CoV-2 under the
responsibility of the General Internal Medicine Division. More
than 120 medical and surgical staff from a large number of
departments (including gynecology and pediatrics) were
recruited to the abovementioned units, as well as to the Intensive
Care and Emergency Departments to respond to the increasing
number of COVID-19–related hospitalizations and consultations.
In addition, military paramedical personnel and advanced
medical students were recruited to support patient care.
To respond to the rapidly evolving body of evidence and staff
training needs, a local multidisciplinary team of experts was
formed, with the mission to critically appraise and adopt
published evidence and produce institutional guidance adapted
to local epidemiology and resources. As new and sometimes
contradictory COVID-19–related evidence was published on a
daily basis, the guidance was updated frequently as new
information became available. Thus, there was a crucial need
to be able to disseminate the drafted guidance to medical staff
and to rapidly communicate any updates.
Communication between health institutions and health
professionals is critical, and many steps exist in the transmission
of information from health authorities and local medical
leadership to health care providers. Previous research suggests
there is a discrepancy between the perceived ability of health
authorities or medical leadership to disseminate information
and the actual delivery of information to the targeted audience
[10,11]. A solid communication strategy is therefore crucial,
especially in a pandemic context, where information is
time-sensitive, and evidence is constantly and rapidly evolving
[12]. Recruiting medical staff from different clinical
backgrounds and medical students, who are possibly unfamiliar
with the equipment and specific procedures used in COVID-19
care, means that more supervision and training is required,
further underscoring the need for readily available validated
information. Mobile health technology solutions, referred to as
mHealth, are increasingly used and gaining relevance among
health professionals, and may represent an interesting solution
to disseminate information to health care providers [13,14].
Such mHealth solutions are not only used to disseminate
information to HCWs, but also to patients or guardians. One
example is ICNexchange, which is a Pinterest-based platform
that provides medical information to pediatric patients under
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treatment for inflammatory bowel disease. ICNexchange’s
feasibility, acceptability, and utility was shown in a recent
quantitative analysis of user activity [15].

HCWs were adequately informed and there were no unwarranted
differences in patient care.

We present here an assessment of an mHealth platform used to
disseminate institutional COVID-19–related guidance to medical
staff in our institution during the pandemic as part of hospital’s
reorganization and knowledge dissemination strategy. Our
hypothesis was that the use of such an mHealth solution would
increase the reach of validated knowledge to HCWs. Since
adequate reach to HCWs is difficult to assess, we performed a
quantitative assessment using real-time and anonymous statistics
to assess user activity and content use before, shortly after, and
over an extended period following the targeted dissemination
of information on the platform.

COVID-19–related content was progressively made available
through a HUG website and the mHealth platform. After a
successful 18-day pilot implementation in the Children’s
Hospital of the HUG [12], institutional leadership decided to
deploy the platform to all medical departments on March 22,
2020.

Methods
mHealth Solution Description
Our team developed a mobile smartphone platform called
HeadToToe to help medical staff easily access locally validated
and endorsed medical content [16,17]. It provides an institutional
knowledge dissemination solution and has been organized by
medical specialty to offer internationally and locally validated
and up-to-date medical guidance in the form of documents,
videos, and clinical scores, previously selected and validated
by senior physicians. The platform offers an administration
interface allowing easy content updating; updates are promptly
and automatically available for users. All content has a planned
obsolescence (ie, it will expire after a predefined date) set by
the content’s owner, guaranteeing that all available content on
the platform is up-to-date. In addition, automatic and anonymous
real-time statistics are collected with Yahoo Flurry [18], which
provides data concerning user activity and content viewing
patterns. A detailed description of the instrument’s development
process and features is described in previous publications
[16,17]. The platform is available on iOS and Android and both
versions provide the same features and user experience to
HCWs.

Guidelines Team Activity
Due to the urgency of the current situation and abovementioned
scientific knowledge gaps, and as part of the institutional
response plan to COVID-19, a multidisciplinary team of experts
was created, which was independent from the mHealth platform
team. The institutional team’s mission was that of critically
appraising the available information on COVID-19 and creating
trustworthy, actionable, and evidence-based local guidance for
the hospital’s HCWs considering local epidemiology and
resources. Topics covered were local containment measures,
HCW protection procedures, diagnostic criteria, testing
strategies, patient orientation and triage, inpatient management
and treatment strategies, outpatient follow-up and management,
pharmacological considerations and interactions, and specific
information for patients. As new studies and information were
published on a daily basis, guidance was frequently modified
and updated in accordance with recent evidence.

COVID-19 Guidance Dissemination

At the time of analysis, a total of 60 local procedures were
drafted and made available through the platform with an
additional 17 links to governmental websites and other validated
resources.
The guidance topics distribution was as follows: 4 procedures
concerning general overview and identification of suspected
cases, 3 concerning orientation strategies, 13 concerning
inpatient management, 21 procedures related to pharmacological
considerations, 10 for acute care management, 6 for outpatient
management, and 3 procedures related to COVID-19–related
death.

Data Analysis and Statistical Methods
User activity and content viewing patterns were compared
between three distinct periods. Period A was defined as the
2-month period preceding the targeted dissemination of
COVID-19–related content in the institution (from January 21,
2020, to March 21, 2020). Period B was defined as the 14-day
period beginning on the day of targeted dissemination, in parallel
with the hospital reorganization and reallocation of medical
staff (from March 22, 2020, to April 4, 2020). Period C was an
extended period of 6 additional weeks after targeted
dissemination (from April 5, 2020, to May 21, 2020). Since our
mHealth solution was already used during Period A in the
Children’s Hospital, pediatric documents regarding COVID-19
were already available on the platform at the time of targeted
dissemination. Data retrieved from Yahoo Flurry included the
number of active devices, new device installations (defined
further as new devices), and total sessions, as well as data
concerning content use. To assess the use of COVID-19–related
documents, we collected and classified all documents used
during the three periods, and manually identified which were
COVID-19–related. Local epidemiologic data was extracted
from an official and public national registry of the number of
new daily cases of COVID-19 and total hospitalizations in the
canton of Geneva, Switzerland [19]. It should be noted that all
regional confirmed cases of COVID-19 requiring hospitalization
were centralized in our institution (HUG). Epidemiological data
were graphically presented and superimposed on the platform’s
activity. Data are presented by their mean, median, and
interquartile range (IQR) for continuous variables; relative
frequencies and percentages are used for categorical variables.
We compared data between the time periods using a
nonparametric Mann-Whitney U test. Stata (Version 16,
StataCorp LLC) was used for all statistical analysis [20].
Significance refers to a P value <.05.

The objective of the team was to disseminate information to all
of the hospital’s HCWs to ensure, to the best of their abilities,
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Results
By the end of the study, 1236 new users downloaded the app.
The total number of users increased from 1766 users before
Period A to 2999 users at the end of Period C. In total,
documents were consulted 27,046 times during the study period,
of which 12,728 (47.1%) were COVID-19–related.

devices using the platform doubled. User activity increased
significantly, observed by a four-fold increase in the number of
active devices per day (53 versus 211, P<.001) and the number
of sessions per day (166 versus 704, P<.001). The average time
spent on the app per device per day increased by 24% (P=.02).
Table 1 provides additional information on app use. Figure 1
shows a significant increase in document views per day (117
versus 657, P<.001), of which 70.5% were COVID-19–related.

During Period B, shortly following targeted dissemination, the
mobile app was downloaded 912 times and the total active
Table 1. General data concerning app usea.
App use variables

Period A, median
(IQR)

Period B, median
(IQR)

Change (B
vs A), %

P value
(B vs A)

Period C, median
(IQR)

Change (C
vs A), %

P value
(C vs A)

Daily document views

114 (74-160)

657 (481-1051)

+671

<.001

172

+51

<.001

Active devices per day

53 (40-70)

211 (167-297)

+296

<.001

71 (64-89)

+34

<.001

Number of sessions per day

166 (110-246)

704 (517-1028)

+322

<.001

225 (185-282)

+36

<.001

New devices per day

2 (1-5)

26 (13-56)

+1200

<.001

2 (1-4)

0

.75

5.0 (4.5-5.6)

+24

.02

3.9 (3.3-4.7)

–3

.88

Time per device per day (minutes) 4.0 (3.1-5.1)
a

Period A is defined as the 2-month period preceding targeted dissemination (from January 21, 2020, to March 21, 2020). Period B is defined as a
14-day period beginning on the day of targeted dissemination (from March 22, 2020 to April 4, 2020). Period C is defined as a 6-week period (from
April 5, 2020 to May 21, 2020) following targeted dissemination. Where the P value was <.05 in a two-sided test, significance was considered reached.
Figure 1. Total and coronavirus disease–related document views distribution within all three observation periods. An asterisk indicates a significant
increase when compared to Period A (P<.01). COVID-19: coronavirus disease.

In Period C, there were an additional 136 downloads of the
mHealth platform. User activity had a persistent increase in
Period C compared to Period A, as measured by total active
devices during the period (1029 in Period C versus 684 in Period
A), with a 35% increase in daily active devices (71 in Period C
versus 53 in Period A, P<.001), and number of sessions per day
(225 versus 166, P<.001). Figure 1 shows a persistent increase
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in documents consulted per day compared to Period A (172 in
Period C versus 117 in Period A, P<.001), while only 29.8%
of the total documents consulted were COVID-19–related.
Global user activity was reduced compared to Period B as shown
in Table 1. Table 2 provides additional details concerning new
and active devices and reveals that a higher proportion of users
used the iOS app throughout all periods.
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Table 2. New and active devices and associated operating systems.
Device details

Period A (before dissem- Period B (Weeks 1-2 since
ination), n (%)
dissemination), n (%)

Change, %

Period C (Weeks 3-8 after
dissemination), n (%)

Change, %

Total

684 (100)

1400 (100)

+105

1029 (100)

+50

iOS

464 (67.8)

892 (63.7)

+92

705 (68.5)

+52

Android

220 (32.2)

508 (36.3)

+131

324 (31.5)

+47

Total

185 (100)

912 (100)

+392

136 (100)

–32

iOS

121 (65.4)

597 (65.5)

+393

90 (66.2)

–26

Android

64 (34.6)

313 (34.5)

+389

46 (33.8)

–28

Active devices

New devices

Figure 2 shows mHealth platform use compared with COVID-19
local epidemiological data. Maximum platform activity was
observed the day following targeted dissemination, with an
increased use that paralleled the increase in newly diagnosed

cases. An increase in user activity, measured by active devices
and sessions per day, was observed when push notifications
were sent to inform users of new or updated content related to
COVID-19.

Figure 2. User activity compared with local coronavirus disease (COVID-19) epidemiological data.

Discussion
Principal Findings
As part of the response plan to the COVID-19 crisis, our study
focused on disseminating locally endorsed and validated
information for HCWs during the pandemic. A locally developed
mHealth solution was adopted by institutional leadership as an
information dissemination channel for COVID-19–related
content, following a recent successful pilot study in the
Children’s Hospital of our institution [12]. In this quantitative
study, we observed a significant increase in user activity
immediately after targeted dissemination. During a period of 2
weeks, 912 people downloaded the mHealth platform and user
http://mhealth.jmir.org/2020/8/e20025/
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activity, measured by the number of users and sessions per day,
increased fourfold, showing a significant increase from baseline
activity. The increase in user activity was especially notable in
the first 2 weeks following targeted dissemination, with HCWs
showing a high interest in COVID-19–related content; in total,
71.2% (n=7740) of content consulted during this period was
COVID-19–related, an average of 550 documents per day.
Variations in user activity between observation periods could
be explained by local epidemiology and circumstances. In fact,
our institution centralized all regional COVID-19–related care
and paused all nonurgent surgical and outpatient activity. Thus,
the main daily clinical activity in our institution during Period
B was COVID-19–related. As shown in Figure 2, this period
happened early in the local epidemiology, when the number of
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new daily cases and new hospitalized patients were highest, and
seemed to correspond to the highest user activity on the
platform. Therefore, we postulate that increased user activity
in this period was related to the acute need of HCWs to
assimilate knowledge concerning COVID-19–related care.
Subsequently, the standardized aspect of COVID-19–related
care combined with the lack of other types of medical activity
and the decrease in new cases and hospitalizations, as well as
the experience and knowledge gained by HCWs during previous
weeks could explain the decrease in user activity in Period C.
Interestingly, during Period C, user activity stayed significantly
higher than before targeted dissemination of the platform (Period
A). This relative increase could be explained by the increased
number of total users and might show that HCWs adopted the
platform as a knowledge source. The latter might be confirmed
by the fact that the percentage of COVID-19–related documents
viewed decreased during this period, amounting to only 29.8%
of total content viewed, while the number of hospitalized
patients remained stable. This might suggest that HCWs had a
general interest in the content offered on the platform.
The COVID-19 pandemic presents several unprecedented
challenges to international and local governments as well as to
health authorities and institutions. Prevention of infection,
reduction of the transmission rate, and adequate management
of patients with COVID-19 in the context of a constantly
evolving body of evidence are currently a priority for
jurisdictions worldwide. An infodemic has been occurring in
parallel with the pandemic, as unfiltered information is easily
accessible, which may allow fake news and false rumors to
spread. In its last situation report, the WHO warned about fake
products used for diagnosis, prevention, and treatment of
COVID-19, showing an urgent need for better awareness among
the general public, as well as HCWs [21].
Hospital reorganization and restructuring created a reality where
a large number of HCWs from different clinical backgrounds
were required to learn a large amount of new clinical procedures
and practices in a short period of time. In addition, medical
students worldwide have played an active role in the response
to this crisis [22], and represent a special population of HCWs
that have not completed their training, and thus might require
more supervision and could benefit from easily accessible
validated information [12].
A solid communication strategy requires an assessment of its
efficiency, which can be difficult to achieve since this requires
feedback from the sender on how the dissemination process was
perceived and from the targeted audience on whether and how
the information was received. A high discrepancy rate was
reported during the H1N1 crisis, with 81% of local health
departments perceiving their ability to disseminate information
as very good or excellent, while only 52% of surveyed
physicians reported receiving information, and as few as 16%
reported using this information [11]. A systematic review
showed that same discrepancy and showed that the effectiveness
of communication between health authorities or leadership and
HCWs is not well documented in the literature and needs to be
evaluated in a more rigorous manner [10]. The same team found
that email was a preferred communication method compared
http://mhealth.jmir.org/2020/8/e20025/
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to fax, SMS text messaging, or no message at all, but did not
investigate an mHealth solution at that point [12].
mHealth solutions are increasingly used, gaining relevance
among health professionals, and may represent an interesting
solution to disseminate information to and among HCWs
[13-15]. Other technological initiatives have been described
during the COVID-19 pandemic, such as the elaboration of an
electronic health record tool to support clinical care for patients
with COVID-19 and to monitor different clinical characteristics
(case identification, isolation procedures, adherence to patient
screening, real-time data sharing) in their hospital [23]. This
type of initiative underlines the role of evolving technology,
especially when it concerns time-sensitive information, and
emphasizes the need for quick reactions from medical leadership
and information technology staff.
The role of our mHealth platform has been previously described
for students’ clinical training and exam preparation as well as
for medical residents’ training [16]. In a recent quantitative and
qualitative analysis involving HCWs of the Children’s Hospital
in HUG completed at the beginning of the COVID-19 epidemic
in Switzerland, the platform appeared to be of value and it was
rapidly implemented and seen as time-effective and informative
[12]. In the current study, we confirm that the platform was
effectively used during Period A, when 31.2% of documents
were COVID-19–related. We also showed that an mHealth
solution could offer stakeholders quantitative feedback on user
activity, which might be a valid and appropriate method for
measuring the reach of information. Indeed, in this study, 2
weeks after the large-scale drafting and dissemination of local
guidance, user activity and content use increased significantly.
This increased user activity and the high percentage of
COVID-19–related content use may be further evidence of the
pertinence of mHealth solutions as efficient communication
tools to increase the reach of validated knowledge to HCWs.
Push notifications are another interesting feature of mHealth
solutions, and could have the potential to increase the reach of
information as well as knowledge updates for HCWs. In our
institution, as illustrated in Figure 2, user activity increased
when push notifications concerning updates and new content
were sent. This is a major advantage of mHealth solutions
compared to classic communications methods, as it might reduce
the need for HCWs to actively seek new and updated
information and increase the visibility of knowledge updates.
Another potentially interesting aspect of our platform is that
many of our medical students were already in possession of the
mobile app and familiar with accessing local recommendations,
which might have helped with their integration into clinical
practice.
Finally, thanks to increased content visibility, a larger amount
of medical content was made available through the platform
and more medical and paramedical specialized divisions in our
institution requested to share their own COVID-19–related
content about specific and specialized clinical situations.
The main limitations of this study are the lack of assessment of
adherence to the drafted guidance and the lack of qualitative
user feedback, both of which could be considered important
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markers of successful reach. A qualitative assessment of the
platform was recently performed in the Children’s Hospital of
the HUG, which showed that HCWs felt reassured by content
dissemination through the platform, found it time-efficient, and
had less need to seek other information sources [12]; however,
an assessment of adherence to the guidance needs to be included
in future research. Nevertheless, we believe that sustained user
activity, a high percentage of COVID-19–related content use,
and increased activity observed shortly after push notifications
suggest that disseminated information properly reached medical
staff. Moreover, we believe that further validation of knowledge
reach could be achieved with short, mandatory, and
automatically generated quizzes concerning specific content
items, potentially providing stakeholders with a higher degree
of feedback and quantitative measurement of content reach.

Windisch et al

Conclusions
An mHealth solution seemed to be an effective and quick way
to increase the reach of validated information to medical staff,
in particular for time-sensitive and rapidly evolving medical
guidance. Push notifications are an interesting feature of
mHealth solutions for knowledge updates and could further
increase the reach of information. In addition, real-time statistics
could give quantitative feedback on the efficiency of the
information dissemination strategy. Further research should be
done to assess the clinical impact of mHealth solutions, such
as adherence to validated guidance, quality of clinical practice,
and patient outcomes. The use of automatically generated and
mandatory quizzes concerning important content could provide
stakeholders with additional and valuable feedback on content
reach and would be the subject of future research. Finally, a
medicoeconomical assessment should be done to fully
understand the impact of mHealth solutions on information
dissemination within institutions.
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Abstract
Background: The COVID-19 pandemic is the greatest public health crisis of the last 100 years. Countries have responded with
various levels of lockdown to save lives and stop health systems from being overwhelmed. At the same time, lockdowns entail
large socioeconomic costs. One exit strategy under consideration is a mobile phone app that traces the close contacts of those
infected with COVID-19. Recent research has demonstrated the theoretical effectiveness of this solution in different disease
settings. However, concerns have been raised about such apps because of the potential privacy implications. This could limit the
acceptability of app-based contact tracing in the general population. As the effectiveness of this approach increases strongly with
app uptake, it is crucial to understand public support for this intervention.
Objective: The objective of this study is to investigate the user acceptability of a contact-tracing app in five countries hit by
the pandemic.
Methods: We conducted a largescale, multicountry study (N=5995) to measure public support for the digital contact tracing of
COVID-19 infections. We ran anonymous online surveys in France, Germany, Italy, the United Kingdom, and the United States.
We measured intentions to use a contact-tracing app across different installation regimes (voluntary installation vs automatic
installation by mobile phone providers) and studied how these intentions vary across individuals and countries.
Results: We found strong support for the app under both regimes, in all countries, across all subgroups of the population, and
irrespective of regional-level COVID-19 mortality rates. We investigated the main factors that may hinder or facilitate uptake
and found that concerns about cybersecurity and privacy, together with a lack of trust in the government, are the main barriers
to adoption.
Conclusions: Epidemiological evidence shows that app-based contact tracing can suppress the spread of COVID-19 if a high
enough proportion of the population uses the app and that it can still reduce the number of infections if uptake is moderate. Our
findings show that the willingness to install the app is very high. The available evidence suggests that app-based contact tracing
may be a viable approach to control the diffusion of COVID-19.
(JMIR Mhealth Uhealth 2020;8(8):e19857) doi:10.2196/19857
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Introduction
The COVID-19 pandemic is the greatest public health threat of
the last 100 years. In the absence of an effective treatment or
vaccination (as of June 2020), the public health response has
so far relied on nonpharmaceutical measures to limit the spread
of the epidemic, such as physical distancing, case isolation, and
manual contact tracing [1]. These measures have not been
sufficient to stop the epidemic. Many countries have therefore
resorted to partial or full “lockdown” measures to control the
epidemic, severely limiting social and economic interactions
among their citizens. Although lockdowns may help countries
to keep the number of infections under control [2], they come
at a great social and economic cost [3-6].
COVID-19 is difficult to trace by traditional methods as
COVID-19 cases are infectious 1-2 days before experiencing
symptoms and contacts on average become infectious 3-4 days
after exposure. The window to achieve containment by manual
contact tracing is thus extremely short. Ferretti and colleagues
[7] have proposed digital (app-based) contact tracing as an
alternative measure to contain the epidemic without the large
economic costs of lockdowns. The idea is to use low-energy
Bluetooth connections between phones to record the interactions
users have with others, particularly those interactions that may
pose a higher risk of infection (eg, spending more than 15
minutes within 2 meters of another person). If a user is
diagnosed with COVID-19, they can use the app to declare the
diagnosis, which then notifies all other users who have come
in close contact with the infected person, asking them to isolate
at home for 14 days or until they have been tested by the public
health authority. The main advantage over traditional (manual)
forms of contact tracing is that the app allows instantaneous
notification of contacts, which is a key determinant of the
effectiveness of case isolation and contact tracing strategies for
COVID-19 [7]. Other advantages are that the automatic
recording of contacts scales up easily, and avoids the loss of
information due to patients’ recall bias and/or imperfect
knowledge of the people they have been in contact with.
More and more countries are currently developing various types
of contact-tracing apps and several countries have already
launched one (eg, Singapore [8], Germany [9], and France [10]).
The success of app-based contact tracing, however, critically
depends on people’s willingness to use the app. Hinch and
colleagues’ [11] epidemic simulation in the United Kingdom
shows that the app reduces infections at all levels of uptake but
that it is only sufficient to stop the epidemic if approximately
60% of the population use it. It is therefore important to gauge
the strength of public support for this approach and to
understand the factors that may hinder or facilitate uptake. For
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instance, since the app would need to trace individuals’
interactions with others, privacy concerns may undermine
support and adoption [12]. It is also possible that such a
technological solution may not work as well for the less digitally
literate share of the population, further increasing the unequal
impact of the COVID-19 pandemic within and across countries
[13]. In this sense, an “opt-out“ installation policy, where mobile
phone providers or Apple and Google [14] would automatically
install the app on phones, could maximize uptake. It is unclear,
however, whether the public would be willing to support this
more intrusive solution.
In light of the many open questions surrounding the viability
of app-based contact tracing, we designed a survey to measure
public support for this approach in five countries that are
currently hit by the COVID-19 pandemic: France, Germany,
Italy, the United Kingdom, and the United States. The specific
objectives of our study are to (a) assess the overall acceptability
among the public of app-based contact tracing under different
installation policies (eg, voluntary installation or automatic
installation by the government); (b) uncover country-level and
individual-level variation in support for the app; and (c)
understand the main mechanisms that may facilitate or impede
app usage across various subgroups of countries and individuals.

Methods
Survey Design
We conducted large online surveys in five countries (France,
Germany, Italy, the United Kingdom, and the United States) to
measure the acceptability of app-based contact tracing for
COVID-19 before apps were introduced in any of the five
countries. A complete description of the survey can be found
in the Multimedia Appendix 1; here, we provide an overview.
At the beginning, after collecting respondents’ informed consent,
we described the app, explaining how a general version would
function as well as the purpose it would serve (Textbox 1). We
abstracted from any details about centralized versus
decentralized data storage procedures. Respondents had to pass
a comprehension check to proceed further. We then asked
respondents how likely they would be to install the app on their
phone, if it became available to download voluntarily (“opt-in”
installation policy). Respondents were then asked about their
main reasons for and against installing the app as well as their
compliance with self-isolation requests. Next, we assessed to
what degree respondents would be open to an “opt-out” policy,
where mobile phone providers would automatically install the
app on all phones, but users would be able to uninstall the app
at any time. We then collected demographic information and
concluded the survey with questions about respondents’ attitudes
toward the government under different installation regimes.
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Textbox 1. App description in the UK survey.
“Imagine there was an app that you could install on your mobile phone. This app would automatically alert you if you had been in close contact for
at least 15 minutes with someone who was infected with the coronavirus. Such an app does not exist yet in the UK. But we, researchers from the
University of Oxford, are interested in understanding what you would think about such an app. [...]
The app would be developed by the NHS. You would need to install the app by simply clicking a link.
Once installed, the app would register which other users are close to you. The app would do this by using Bluetooth and your location.
The app would NOT access your contacts, photos, or other data held on your phone. Only the NHS would have access to the data collected. [...]
If the NHS diagnoses the coronavirus in somebody you have been in close contact with, the app would notify you automatically. The app would give
you targeted advice on what to do. It will ask you to self-isolate at home for 14 days or until you have been tested for the virus.
This would be useful since people can infect others even before they have a fever or a cough. Self-isolating would thus protect your family, friends
and colleagues from being infected by you. At the same time, only people who were in contact with an infected person would need to self-isolate.
If you had not been in close contact with a confirmed case, then the app would show you an “all clear” message. [...]
If you are diagnosed with coronavirus, the app would notify all people you have been in close contact with, without identifying you to them, and
advise them to self-isolate. This would increase the chance of finding all the people you might have infected and help make sure they can keep their
loved ones safe as well. If enough people use the app, it will slow down the epidemic and might even stop it entirely.”
The versions for the other countries differed with regard to the technology used (GPS and Bluetooth vs only Bluetooth) and lockdown restrictions in
place generally and tied to app usage specifically. For details, see the Multimedia Appendix 1.

We kept the survey design as similar as possible across all five
countries, with a few exceptions to accommodate country
differences with regard to lockdown measures in place at the
time of taking the survey. The US survey (deployed last)
contained a few additional questions, including robustness
checks. See Section A in Multimedia Appendix 1 for more
details.
Ethics approval was obtained from the University of Oxford
(reference number ECONCIA20-21-06).
No personal information was collected as part of the study.

Target Population, Sample Size, and Attrition
The surveys were administered between March 20 and April
10, 2020. We recruited respondents through Lucid, an online
panel provider. We targeted a sample size of 1000 respondents
in each of the four European countries, and 2000 in the United
States, with quotas set for the samples to be representative of
the overall population in terms of gender, age, and region of
residence. A total of 10,375 individuals started the survey and
10,308 consented to participate (participation rate=99%). Out
of the people who consented to participate, 6166 passed the
comprehension check and started the main questionnaire. After
removing incomplete responses and duplicates, we had a sample
of 6061 complete and unique responses (completion rate=59%).
Finally, we removed 66 respondents who either did not own a
mobile phone or did not disclose their gender, leaving us with
a final sample of 5995 respondents. To control for the potential
effect of our recruitment method, we repeated the German
survey with a probability-based sample in an offline recruited
online panel. See Section B in Multimedia Appendix 1 for
further details on recruitment, filtering and attrition, and the
final sample.

Statistical Analysis
Our main outcome variables measure respondents’ intention to
have the app installed on their phone under the two installation
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regimes (opt-in vs opt-out). The outcomes were measured on a
5-point ordinal scale (opt-in: from definitely install to definitely
won’t install; opt-out: from definitely keep to definitely
uninstall). In our regression analysis, we dichotomized these
outcome measures (1=definitely or probably install/keep the
app; 0=otherwise).
We used multivariate regression analysis (linear probability
models; probit and ordered logit in additional analyses presented
in Multimedia Appendix 1) to examine the relationship between
intention to install and a number of covariates: age, gender,
country, presence of comorbidities (diabetes, high blood
pressure, heart or breathing problems), usage of mobile phone
outside the house, frequency of social interactions, ability to
work from home during the lockdown, ability to obtain sick
pay while working from home, trust in national government,
and incidence of COVID-19 deaths in a respondent’s region of
residence (see Section C.3 in Multimedia Appendix 1 for more
details). Table B.2 in Multimedia Appendix 1 presents a
summary of these covariates.

Results
We find broad support for app-based contact tracing. Support
is high in all countries, across all subgroups of the population,
and under both installation regimes (opt-in and opt-out). Panel
A of Figure 1 shows that, under the voluntary (opt-in)
installation regime, 4484 out of 5995 respondents (74.8%) across
all countries say they would probably or definitely download
the contact-tracing app, if it was available. Panel B shows that
4059 out of 5995 respondents (67.7%) say they would probably
or definitely keep the app installed on their phone under the
automatic (opt-out) installation regime. In both regimes, the
share of respondents who say they would not have the app
installed on their phone is very small (red portion of the bars in
Figure 1).
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Figure 1. Likelihood of having the app installed, under opt-in and opt-out regimes and by country. Light/dark red bars correspond to probably/definitely
won’t install in Panel A and probably/definitely uninstall in Panel B.

Support is high in all five countries where we implemented the
survey: in each country, at least 68% of respondents say that
they would install or keep the app. Moreover, Figures 9–11 in
Multimedia Appendix 1 show that support for the app is
generally high across various subgroups of the population (eg,
across men and women, across different age groups, etc),
suggesting widespread acceptability of the app-based contact
tracing solution to the COVID-19 pandemic.
Despite the broad and widespread acceptability of the app, we
find that support varies systematically across countries and
individuals. For instance, Figure 1 shows that Germany and the
United States are relatively less supportive of the app compared
to the other countries. This is the case both under the opt-in and
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opt-out regimes. Among individual characteristics, we find that
those who have less trust in their national government are more
hesitant to have the app installed on their phones (Figure 11 in
Multimedia Appendix 1).
We further explore this heterogeneity using multivariate
regression analysis, where we examine the relationship between
support for the app and a variety of individual- and country-level
covariates. Figure 2 shows the impact that these covariates have
on the probability of definitely or probably installing the app
under the opt-in regime, using a linear probability model (see
Section C.1 in Multimedia Appendix 1 for a similar analysis of
the opt-out regime).
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Figure 2. Determinants of stating definitely install or probably install. Note: the dependent variable is an indicator variable taking the value 1 if a
respondent chose definitely install or probably install when asked whether they would install the app or not, and 0 otherwise. We use a Linear Probability
Model. Lines represent 95% CIs calculated with heteroskedasticity-robust standard errors. All coefficients are the result of a single regression and thus
display marginal effects. A coefficient of 0.1 implies a respondent who chose this option is 10 percentage points more likely to state they would definitely
or probably install the app relative to the base category.

The analysis confirms that Germany and the United States are
significantly less supportive of the app, especially compared to
France and Italy. Taking the two most extreme cases,
respondents in Italy are 15.1 percentage points (95% CI
12.1-18.1) more likely to support the app than respondents in
the United States. Surprisingly, Figure 2 shows very little
correlation between regional-level COVID-19 mortality rates
and support for the app.
Among individual-level characteristics, we find that people who
carry their phone with them more often are more likely to install
the app. Those who always carry their phone with them are 33.6
percentage points (95% CI 26.4-40.8) more likely to support
the app than those who carry their phone only rarely. App
support is also 3.7 percentage points (95% CI 1.3-6.2) larger
among respondents with one or more comorbidities. Moreover,
the probability of installing the app increases with trust in the
government. People who completely trust the government are
25.9 percentage points (95% CI 21.6-30.3) more likely to install
the app than those who do not have any trust in the government.
We found similar results using an ordered logit model, a linear
probability model dichotomizing on just definitely install, and
when using a probit model (Multimedia Appendix 1). Finally,
results are also qualitatively similar when considering
installation intentions under opt-out rather than opt-in (Figure
8 in Multimedia Appendix 1). Interestingly, under the opt-out
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regime, trust in government displays an even stronger correlation
with the intention to keep the app installed on one’s phone.
We can use the data on respondents’ reasons for or against
installing the app to better understand the nature of the observed
variation in app support across countries and individuals. A first
set of reasons against the app revolved around concerns about
government surveillance at the end of the epidemic (mentioned
by 2518 out of 5995 respondents, 42%) and cybersecurity (fears
that the app could make the phone vulnerable to hackers;
2098/5995, 35%). Respondents also reported that usage of the
app may increase feelings of anxiety (1559/5995, 26%), possibly
reflecting aversion to feedback about a possible infection. The
most frequent reasons in favor of the app were willingness to
protect family and friends (4077/5995, 68%), a sense of
responsibility toward the community (3177/5995, 53%), and a
hope that the app may stop the epidemic (3297/5995, 55%).
Figures 16 and 17 in Multimedia Appendix 1 show the
relationship between the probability of selecting a particular
reason and country- and individual-level characteristics.
Several patterns are of interest. First, we find that, compared to
other countries, respondents in Germany and the United States
are more likely to mention concerns about government
surveillance as one of the reasons against installing the app. In
these countries, we also see a larger share of respondents
expressing concerns about security of the app, especially
compared to Italy and the United Kingdom. Thus, concerns
JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 8 | e19857 | p.518
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about privacy and security seem to be an important impediment
to the adoption of the app, particularly in Germany and the
United States.

the data collected by the app should be treated, we find that
nearly 60% would consent to making the deidentified data
available to research.

Among individual-level characteristics, we find that respondents
who have less trust in their national government are also more
likely to express concerns about government surveillance. This
suggests that privacy concerns play a role in the negative
relationship between trust in government and the probability of
installing the app found in Figure 2. In contrast, we find that
frequent usage of mobile phones is related to a stronger
perception of the potential benefits of the app: respondents who
more often carry their phone with them are more likely to
believe that the app would benefit them, by helping them stay
healthy and keeping them informed about the risks of infection.

Limitations

Discussion

Second, our survey asked hypothetical questions about future
behavior. However, high levels of intended installations may
not directly translate into actual installations. While studies
often find good correlation between what people declare they
would do in surveys and actual behavior [18-22], even in relation
to app installations [23-26], many things will have changed
between the time of the surveys and when countries eventually
introduce the app. For example, at the time of the survey, Italy’s
epidemic was close to its peak and the urgency of the situation
was very salient. As the epidemic recedes, the perceived need
to do something about the epidemic will also recede (eg,
[22,27]). Moreover, we made participants aware of the app and
explained the app and its potential effects. In reality, many
potential users will not be aware of the app, might not engage
with the concept, or will not be willing or able to spend the time
to find and install the app. More generally, a reported
willingness to install is only a necessary first stage to adoption,
and our findings about heterogeneity in support point toward
specific subgroups of the population that may need stronger
encouragements to adoption. We show in Section C.4 of
Multimedia Appendix 1 that respondents who would install the
app mention far more reasons for its adoption than those who
would not install it (but a similar number of reasons against).
We show in Section C.9 that respondents in our replication
study who did not answer the comprehension questions correctly
were less willing to install. Stressing the various benefits of the
app, to oneself and others, and explaining the function and
purpose of the app may be a particularly effective strategy to
foster adoption. Further research will be needed to understand
how to translate a person’s willingness to install into the person
actually installing the app.

Principal Findings
In our study, we find high support for app-based contact
tracing—irrespective of age, gender, region, or even country of
residence. Since the effectiveness of app-based contact tracing
crucially depends on a sufficient level of uptake, our findings
are encouraging for the prospects of this approach. Although
support is high in all countries and subgroups of the population,
the data reveal that concerns about cybersecurity and privacy,
coupled with trust in government, are important determinants
of support. Countries with stronger privacy and security
concerns (Germany and the United States) are relatively less
supportive of app-based contact tracing. Individuals who have
less trust in their national government are also less supportive.

Implications
The lack of trust in government can have far-reaching
implications. Our analysis shows that this factor has a negative
effect on people’s intention to install a contact-tracing app on
their phones. Furthermore, supplementary analysis (Section C.6
in Multimedia Appendix 1) also shows that people with lower
trust in government are more in favor of an opt-in installation
policy than an opt-out regime where the government asks mobile
phone providers to automatically install the app on all phones.
An opt-out regime is likely to translate into higher effective
installation rates, for instance, by reducing the negative effects
of procrastination or unawareness [15]. However, our data
suggests that only governments that enjoy a relatively high level
of trust from their citizens may be able to resort to more
paternalistic approaches. A policy implication of these findings
is that governments should consider delegating the organization
of app-based contact tracing to a highly-reputable and
transparent public health authority at arm’s length from the
government. If the mobile phone’s operating system (eg, iOS
or Android) does the contact tracing directly, trust in, for
example, Apple or Google, would become more important.
Our results also point toward the need to address privacy and
cybersecurity concerns with an app design that respects user
personal data as much as possible. Research on the privacy
implications of app-based contact tracing, and the potential
solutions to these concerns, is currently underway [12,16,17].
Interestingly, however, when we asked our respondents how
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Our study has some limitations that we tried to address in
different ways. First, respondents recruited online may not be
representative of the entire population. In particular, digital
literacy and willingness to share data could be higher among
such respondents. To ensure that our results do not hinge on
our specific sample, we replicated an abridged version of the
German survey with a different panel provider that randomly
recruits its participants offline. Our results remain almost
completely unchanged (Section B.3 in Multimedia Appendix
1).

Third, in our survey, we measured support for the general
concept of app-based contact tracing, leaving out specific details
regarding the implementation, which were not available to us
at the time respondents took the survey. One downside of only
surveying about the general idea is that it might be harder for
respondents to visualize how such a system could work, which
may increase hypothetical bias. However, we find that the details
we gave about implementation (eg, whether the app uses
Bluetooth or GPS) seem to have very little impact on support.
This suggests that our general measure of support for app-based
contact tracing may be portable across different implementation
settings.
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Fourth, our results analyzing heterogeneity by age rely on coarse
age binning. Such banding is subject to flaws if the sample is
not distributed well across bands, which is not possible to verify
in our study. Thus, results by age should be read with this
limitation in mind.
Finally, our survey respondents were recruited from a specific
subset of industrialized Western democracies. Attitudes towards
app-based contact tracing may vary across countries with
different levels of development and political regimes. It is
nevertheless encouraging, in terms of external validity, that we
observe a strong similarity in responses across the five countries
we sampled and that analogous findings have been reported in
ongoing surveys conducted in Australia and Taiwan [28]. In
developing countries and among disadvantaged populations,
the more limited access to smartphones raises both efficacy and
equity issues; the development of low-cost Bluetooth devices
with similar functionalities could improve access to digital
contact tracing.

Altmann et al

Conclusions
In conclusion, our study shows strong public support for
app-based contact tracing to tackle COVID-19. This is an
important finding since public support is a necessary condition
for the viability of the approach. Further research is needed to
gauge the extent to which public support for app-based contact
tracing translates into actual app adoption and, more generally,
to evaluate its potential for epidemic control.
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