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Abstract
Background: Mobile health (mHealth)—a method of assisting long-term care in patients with chronic cardiovascular diseases
(CVDs)—is gaining popularity in China, mainly owing to the large number of patients and limited clinical resources. Patients of
different ages have varying needs for CVD management. However, evidence regarding how age influences Chinese CVD patients’
use and perceptions of mHealth is limited.
Objective: This study aimed to explore age-related differences among Chinese patients with CVD regarding their use and
perceptions of mHealth and to determine the factors that influence this population’s willingness to use mHealth technologies.
Methods: We conducted a cross-sectional study of patients with chronic CVDs in a tertiary hospital in Beijing using a new
questionnaire designed by the investigators. Participants were sourced using nonproportional quota-sampling methods, being
recruited consecutively in each sampling category (age 18-49, 50-64, 65-74, and ≥75 years, with at least 25 men and 25 women
in each age group). The survey consisted of 5 parts, including sociodemographic profile and medical history; current disease
management situation; self-evaluation of disease management; current usage of mobile and internet technology (IT); and willingness
to use an mHealth solution to perform disease self-management. Responses were compared among the 4 age groups as well as
between patients who were willing to use mHealth solutions and those who were not. Multivariate logistic regression model was
used to identify predictors of willingness to use mHealth for self-management.
Results: Overall, 231 patients (124 men) completed the questionnaire; of these, 53 were aged 18-49 years, 66 were aged 50-64
years, 54 were aged 65-74 years, and 58 were aged ≥75 years. Patients in the older cohorts visited hospitals more often than did
those in the younger cohorts (P<.001), and they also showed lower technology skills regarding the use of mobile or internet
devices (P<.001) and searched for health-related information on the internet less often (P<.001). In addition, 68.0% (157/231)
of the patients showed interest in using mHealth solution to manage their disease; of these, 40.8% (64/157) were aged ≥65 years.
Patients who were more willing to use mHealth solution to manage their diseases were younger (P<.001), more educated (P<.001),
still working (P=.001), possessed higher skill regarding mobile or internet device use (P<.001), and more frequently searched
for health information on the internet (P<.001). Finally, multivariate logistic regression showed that IT skill was the single
indicator (P=.003) of willingness to use mHealth, not age.
Conclusions: Although age is associated with the use of mobile or internet devices, the sole indicator of mHealth use for
self-management was participants’ IT skills. Education regarding the use of mobile devices and development of easy-to-use
software might improve the acceptance of mHealth solutions among older patient populations.
(JMIR Mhealth Uhealth 2019;7(2):e10117) doi:10.2196/10117
KEYWORDS
age; cardiovascular disease; internet; mHealth; mobile phone; secondary prevention; self-management
https://mhealth.jmir.org/2019/2/e10117/
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Introduction
Cardiovascular disease (CVD) is a major cause of death and
disability worldwide, and its prevalence is increasing,
particularly in low- and middle-income countries [1].
Approximately 290 million people in China have CVD, and
this number is projected to grow rapidly over the coming decade
[2]. Secondary prevention of CVD is critical for improving
health outcomes and quality of life, as well as for achieving
cost-effective health care [1]; however, for patients with CVD,
the adherence rate to secondary prevention is relatively low.
For example, a meta-analysis of 376,162 patients showed that
the overall adherence to drugs that prevent CVD is just 57%
[3]. The magnitude and impact of poor adherence in developing
countries, like China, are assumed to be even higher given the
paucity of health resources and existing inequities concerning
access to health care [4]. This is important because poor
adherence in chronic patients has been directly correlated with
a greater incidence of recurrent cardiovascular events and
increases in direct and indirect health care costs [1].
There is considerable international interest in mobile health
(mHealth) as a possible intervention for people with chronic
diseases, including patients with CVD [5]. Previous studies
demonstrated that the application of mHealth technologies
among patients with CVD has significant positive effects on
self-care awareness, confidence regarding disease management,
adherence behavior, and clinical outcomes. In addition, it has
been indicated that mHealth-based self-management programs
might help patients actively control and improve their disease
condition [6]. Studies have shown that a daily automated short
message service text message reminder can effectively increase
medication adherence among patients with acute coronary
syndrome during the early postdischarge period [7,8]. After
using an mHealth system consisting of an automatic
sphygmomanometer, lipid meter, and mobile phone, the
intervention group of acute coronary syndrome survivors showed
lower body mass index and had more patients achieving
treatment goals for blood pressure (BP) and hemoglobin A1c
than did the usual care group at 12-month follow-up [9].
Individuals with a parental history of dementia showed better
adherence and decreased BP level after using mobile
phone-assisted technology during a 6-month period [10]. An
mHealth self-monitoring program motivated patients with
hypertension to improve their health management and led to
decreased cigarette smoking, alcohol use, and BP level after 6
months [11]. Thus, mHealth technologies for the secondary
prevention of CVD have the potential to improve the
psychological condition, medication adherence, clinical
outcome, and finally the lives of patients.
Success in designing mHealth interventions requires an adequate
understanding of the patients’ level of acceptance of the relevant
technologies. Although diagnoses of CVD in younger
populations are becoming more common, the main patient
population remains those aged >65 years. Age at the time of
diagnosis is a meaningful factor for long-term disease
management. Younger patients are typically still working and
may not pay enough attention to their disease, even though they
will live with the disease and treatment for a longer time. On
https://mhealth.jmir.org/2019/2/e10117/

XSL• FO
RenderX

Jiang et al
the other hand, the elderly take their disease and health more
seriously but may lack the ability to perform self-management.
Ensuring appropriate intervention designs for an audience of
diverse ages and life stages is important, given these
considerations.
Although many studies have been conducted on the topic of
mHealth in the CVD population, most are in the Western
context. A small number of studies have been conducted among
the population of China, but these have been limited to narrowly
defined interventions [12]. Furthermore, although most studies
consider age to be a meaningful factor for evaluating acceptance
and willingness, few have considered age-related differences
concerning the use and perceptions in this regard.
Thus, to deepen the understanding of mHealth perceptions and
acceptance, this study aimed to explore the use and perceptions
of mHealth among Chinese patients with CVD using
age-specific cohorts and to examine the factors that may
influence this population’s willingness to use mHealth
technologies.

Methods
Study Design and Sample Strategy
This study was conducted in the Cardiology Department of
Peking University First Hospital (PKU1), which is a tertiary
hospital in the city of Beijing, China. This study was approved
by the Clinical Research Ethical Committee of PKU1. All
respondents provided written informed consent before the study
questionnaires were distributed.
Recruitment was conducted in 2016 in the Cardiology
Department of PKU1, including both inpatients and outpatients,
following a cross-sectional study design. These participants
were sourced using nonproportional quota-sampling methods.
Patients were recruited consecutively in each sampling category
based on age and gender; the minimum number of sampled
units in each category was 25.
The inclusion criteria were as follows: (1) patients aged >18
years; (2) those capable of providing informed consent; (3) those
being inpatients or outpatients of the Cardiology Department;
and (4) those requiring long-term medication therapy because
of hypertension, coronary heart disease, heart failure, or
arrhythmia.

Instrumentation
To evaluate the applicability and perceptions of CVD-related
mHealth, a survey method was used. A paper-and-pencil
questionnaire was designed that featured multiple types of
response scales with closed-ended questions. The survey was
divided into 5 parts as follows: (1) sociodemographic profile
and medical history; (2) current situation of disease
management; (3) self-evaluation for disease management; (4)
current usage of mobile and internet technology (IT); and (5)
willingness to use a telehealth solution with a self-management
system. The full questionnaire, with measurement responses,
is displayed in Multimedia Appendix 1.
We developed the questionnaire based on a review of related
studies [12,13], which was then evaluated by 3 cardiologists
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10117 | p.6
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and 3 cardiology nurses. Next, the questionnaire was pretested
in 10 patients, and minor adjustments were made depending on
their responses.

Data Collection
Data were collected during the interviews with patients, which
were conducted by several research nurses, using a case record
form. All research nurses were trained by one of the authors to
ensure they understood the questionnaire equally. A nurse
reviewed the questionnaire immediately after a patient had
finished it to confirm the completeness of the questionnaire.
Two people with experience in data entry independently entered
all case record form data into separate EpiData (Version 3.1,
EpiData Software, Odense, Denmark) databases. The 2
databases were compared, and discrepancies were resolved by
checking the original questionnaire.

Statistical Analysis
We used descriptive statistics and chi-square statistics to present
the sociodemographic and CVD characteristics. Frequencies
and percentages were evaluated for categorical variables, and
means and SD were determined for continuous variables. For
missing data, no imputation was performed during the analysis,
and the actual percentages were used for describing categorical
variables. In this study, age was stratified into 4 groups as
follows: 18-49 years; 50-64 years; 65-75 years; and ≥75 years.
In addition, 4 groups of questions were used to create a
combined score to illustrate the overall impression on the
responses for each group. “Frequency of visiting hospitals” was
a combined score of “frequency of visiting hospital clinic” and
“frequency of visiting community clinic”; “self-management
at home” was a combined score of “frequency of measuring
blood pressure at home,” “recording blood pressure at home,”
“using pill box at home,” and “using wearable devices as
self-management at home”; “self-management confidence” was
a combined score of “capable of controlling one’s health
condition,” “managing one’s health behavior,” “care for oneself
at home,” and “have adequate knowledge to be able to care for
oneself”; finally, “IT skill” score was created from the score
for using smartphone, tablet, and personal computer (PC), as
well as the capability to use Wi-Fi and install apps. For each
question included in the combined scores, a score of 1-5 was
given to each of the original responses. If there were 5 stage
responses, they were given a 1-5 sequentially; for example,
Never=1, 1-3 per year=2, 1-3 per month=3, 1-3 per week=4,
and Everyday=5. If there were binary responses, a 1 was given
to no responses, while a 5 was given to yes responses. The sum
of the scores for each question formed the combined results.
Chi-square statistics and analysis of variance were performed
to test whether there were associations of age with (1) the current
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situation of disease management, (2) self-evaluation of disease
self-management, and (3) current usage of mobile or IT
technology as well as to examine the associations between the
willingness to apply mHealth solutions and other variables. In
addition, a multivariate logistic regression analysis was
performed to identify the indicators of the willingness to use
mHealth to manage CVD. Gender and variables with P<.10
were included in the regression analysis. We regarded P<.05
as statistically significant. All analyses were conducted using
RStudio (Version 0.99.903, 2009-2016 RStudio, Inc)

Results
Sociodemographic and Medical History
Overall, 231 patients with CVD were recruited and completed
the survey. The patients’ sociodemographic and main medical
history are summarized in Table 1. Mean body mass index was
26.7 (SD 4.6) kg/m2, which was similar across the 4 age groups.
Almost half (103/229, 45.0%) of the patients had a university
or master’s degree, and the education level significantly differed
within the 4 age groups (P<.001), with 73.1% (38/53) of patients
in the 18-49 years group having a university or master’s degree,
while this percentage was only 32%-44% in other groups.
Meanwhile, 64.5% (147/228) of patients were retired, including
all but 1 patient in the group over 64 years and 56.2% (36/66)
of participants in the 50-64 years age group. Only 10.4%
(24/230) of participants were living outside of Beijing, and these
were mostly younger patients (10/53, 18.9%, and 11/66, 16.7%,
in the 18-49 and 50-64 years age groups, respectively). More
than half of the patients (157/229, 68.6%) reported that they
lived with their spouse. Almost half of the patients (131/231,
56.7%) were diagnosed with coronary artery diseases, mostly
in the 3 older groups. Only 32.1% (17/53) of patients in the
18-49 years group had coronary artery diseases. Meanwhile,
the percentage or hypertension in this younger group was 69.8%
(37/53), which was higher than the average (120/231, 51.9%).

Current Usage of Mobile and Internet Technologies
Overall, 67.4% (155/230) of participants reported that they used
smartphone every day, while almost half had never used a tablet
(52.2%, 119/228) or PC (48.0%, 109/227). Meanwhile, 69.9%
(160/229) reported that they were able to connect to Wi-Fi using
their smartphone or tablet. However, 60.5% (138/228) reported
that they did not know how to install a new app on their
smartphones or tablets. Table 2 displays patients’ current usage
conditions of mobile or IT and its association with age. The
older cohort used smartphones, tablets, and PCs less frequently
than did the younger cohort (P<.001). Similarly, a smaller
proportion of older patients were able to connect to Wi-Fi and
install apps (P<.001).

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10117 | p.7
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Jiang et al

Table 1. Sociodemographic and medical history of patients by age.
Characteristics

Total (N=231), n (%)

Age stratification in years, n (%)

Chi-square test

18-49 (n=53) 50-64 (n=66) 65-74 (n=54) ≥75 (n=58)

χ2 (dfa)

P value

1.2 (3)

.76

4.6 (3)

.21

25.9 (6)

<.001

153.2 (6)

<.001

14.0 (3)

.003

7.0 (6)

.32

32.1 (3)

<.001

25.0 (3)

<.001

12.7 (3)

.005

10.8 (3)

.01

5.9 (3)

.12

5.2 (3)

.16

Gender, n (%)
Male

124 (53.7)

28 (52.8)

39 (59.1)

28 (51.9)

29 (50.0)

Female

107 (46.3)

25 (47.2)

27 (40.9)

26 (48.1)

29 (50.0)

Body mass index stratification in kg/m2, n (%)
<24

61 (27.2)

13 (26.5)

12 (18.5)

16 (30.2)

20 (35.1)

≥24

163 (72.8)

36 (73.5)

53 (81.5)

37 (69.8)

37 (64.9)

Education level, n (%)
Primary or junior

67 (29.3)

9 (17.3)

20 (30.3)

19 (35.2)

19 (33.3)

Senior

59 (25.8)

5 (9.6)

25 (37.9)

16 (29.6)

13 (22.8)

University or postgraduate

103 (45.0)

38 (73.1)

21 (31.8)

19 (35.2)

25 (43.9)

Employment status, n (%)
Retired

147 (64.5)

1 (1.9)

36 (56.2)

52 (98.1)

58 (100.0)

Part time

21 (9.2)

11 (20.8)

9 (14.1)

1 (1.9)

0 (0.0)

Full time

60 (26.3)

41 (77.4)

19 (29.7)

0 (0.0)

0 (0.0)

Home location, n (%)
Beijing

206 (89.6)

43 (81.1)

55 (83.3)

52 (96.3)

56 (98.2)

Outside of Beijing

24 (10.4)

10 (18.9)

11 (16.7)

2 (3.7)

1 (1.8)

Living status, n (%)
Alone

14 (6.1)

3 (5.9)

1 (1.5)

5 (9.3)

5 (8.6)

Only with spouse

157 (68.6)

35 (68.6)

52 (78.8)

35 (64.8)

35 (60.3)

With children

58 (25.3)

13 (25.5)

13 (19.7)

14 (25.9)

18 (31.0)

Enrollment location
Outpatient

145(61.7)

37(69.8)

20(29.9)

16(28.6)

17(28.8)

Inpatient

90(38.3)

16(30.2)

47(70.1)

40(71.4)

42(71.2)

Medical history
Coronary heart disease, n (%)
No

100 (43.3)

36 (67.9)

22 (33.3)

13 (24.1)

29 (50.0)

Yes

131 (56.7)

17 (32.1)

44 (66.7)

41 (75.9)

29 (50.0)

Hypertension, n (%)
No

111 (48.1)

16 (30.2)

37 (56.1)

33 (61.1)

25 (43.1)

Yes

120 (51.9)

37 (69.8)

29 (43.9)

21 (38.9)

33 (56.9)

Arrhythmia, n (%)
No

169 (73.2)

44 (83.0)

53 (80.3)

38 (70.4)

34 (58.6)

Yes

62 (26.8)

9 (17.0)

13 (19.7)

16 (29.6)

24 (41.4)

Heart failure, n (%)
No

212 (91.8)

47 (88.7)

64 (97.0)

51 (94.4)

50 (86.2)

Yes

19 (8.2)

6 (11.3)

2 (3.0)

3 (5.6)

8 (13.8)

Diabetes, n (%)
No

189 (81.8)

40 (75.5)

51 (77.3)

46 (85.2)

52 (89.7)

Yes

42 (18.2)

13 (24.5)

15 (22.7)

8 (14.8)

6 (10.3)
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Total (N=231), n (%)

Age stratification in years, n (%)

Chi-square test

18-49 (n=53) 50-64 (n=66) 65-74 (n=54) ≥75 (n=58)

χ2 (dfa)

P value

4.3 (3)

.23

3.4 (3)

.34

2.9 (3)

.41

Hyperlipidemia, n (%)
No

156 (67.5)

33 (62.3)

40 (60.6)

40 (74.1)

43 (74.1)

Yes

75 (32.5)

20 (37.7)

26 (39.4)

14 (25.9)

15 (25.9)

Cerebrovascular disease, n (%)
No

214 (92.6)

52 (98.1)

61 (92.4)

49 (90.7)

52 (89.7)

Yes

17 (7.4)

1 (1.9)

5 (7.6)

5 (9.3)

6 (10.3)

Peripheral vascular disease, n (%)

a

No

211 (91.3)

51 (96.2)

58 (87.9)

50 (92.6)

52 (89.7)

Yes

20 (8.7)

2 (3.8)

8 (12.1)

4 (7.4)

6 (10.3)

df: degrees of freedom.

Current Disease Management
The frequency of searching for health information using the
internet was found to be significantly correlated with age
(P<.001); approximately 52.8% (94/178) of patients aged >50
years never searched the health information on the internet,
while this percentage was only 11.3% (6/53) of the youngest
group. Meanwhile, 78.9% (179/227) of patients reported that
they were familiar with the medication they were taking. The
frequency of visiting hospital clinics showed a significant
difference across the 4 age groups (P=.004); >66.1% (74/112)
of patients aged >65 years visited hospitals monthly. Although
it seems that more patients aged ≥75 years used a pill box, there
was no statistically significant difference among groups in this
regard. In addition, the combined score for self-management at
home had no significant correlation with age (P=.28). The
participants’ situation regarding disease management in terms
of age is displayed in Table 3.

Self-Evaluation of Disease Management
Most patients reported being capable of controlling their health
conditions (146/223, 65.5%), managing their health behaviors
(150/222, 67.6%), and caring for themselves at home (175/221,
79.2%), but only 57.0% (126/221) believed that they had
adequate knowledge to be able to care for themselves. In
addition, the combined score of “self-management confidence”
had no significant association with age (P=.60). Although no
significant associations between self-evaluation of disease
management and age were found, numerically patients aged
<50 years and ≥75 years were less confident in their knowledge
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of their disease. Table 4 displays the self-evaluation of disease
management and its association with age concerning our
respondents.

Willingness to Use an mHealth Solution With a
Self-Management System
Overall, 68.0% (157/231) of the participants were willing to
use mHealth technologies to manage their CVD, of which 63.2%
(86/136) felt that it might benefit them and 26.5% (36/136)
patients reported just wanting to try it. Of the 32.0% (74/231)
who reported that they were not interested in an mHealth
solution, the major reasons were that they were unable to use
the devices (64.4%, 47/73) and that the devices were too
complicated for them (16.4%, 12/73). Participants were divided
into 2 groups according to their willingness to use mHealth
technologies. Patients in the younger cohort, who had a higher
education level, who were still working, and had higher IT skills,
had a higher frequency of internet searching, had the habit of
self-management at home, and showed more interest in mHealth
solution. The associations between willingness and other
variables are shown in Table 5.
Multivariate logistic regression showed that although the
willingness to use an mHealth solution varied among different
age groups, this difference vanished after performing the
multivariate logistic regression. Consequently, the IT skill was
determined to be the only independent indicator for the
willingness to use an mHealth solutions (P=.02). Results of
multivariate logistic regression analysis are summarized in Table
6.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10117 | p.9
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Jiang et al

Table 2. Current usage of mobile or internet technology (IT) among patients and its association with age.
Characteristics

Total (N=231), n (%)

Age stratification in years, n (%)

Chi-square test

18-49 (n=53) 50-64 (n=66) 65-74 (n=54) ≥75 (n=58)

χ2 (dfa)

P value

57.0 (12)

<.001

46.0 (12)

<.001

45.2 (12)

<.001

25.0 (3)

<.001

60.8 (3)

<.001

77.5 (3)c

<.001c

Smartphone, n (%)
Never

55 (23.9)

2 (3.8)

8 (12.1)

19 (35.2)

26 (44.8)

1-3 per year

3 (1.3)

0 (0.0)

2 (3.0)

0 (0.0)

1 (1.7)

1-3 per month

5 (2.2)

0 (0.0)

2 (3.0)

2 (3.7)

1 (1.7)

1-3 per week

12 (5.2)

1 (1.9)

0 (0.0)

4 (7.4)

7 (12.1)

Everyday

155 (67.4)

49 (94.2)

54 (81.8)

29 (53.7)

23 (39.7)

Tablet, n (%)
Never

119 (52.2)

10 (18.9)

37 (56.9)

32 (60.4)

40 (70.2)

1-3 per year

6 (2.6)

3 (5.7)

0 (0.0)

0 (0.0)

3 (5.3)

1-3 per month

10 (4.4)

7 (13.2)

1 (1.5)

1 (1.9)

1 (1.8)

1-3 per week

29 (12.7)

12 (22.6)

8 (12.3)

6 (11.3)

3 (5.3)

Everyday

64 (28.1)

21 (39.6)

19 (29.2)

14 (26.4)

10 (17.5)

Personal computer, n (%)
Never

109 (48.0)

10 (18.9)

27 (41.5)

34 (65.4)

38 (66.7)

1-3 per year

10 (4.4)

3 (5.7)

3 (4.6)

2 (3.8)

2 (3.5)

1-3 per month

8 (3.5)

2 (3.8)

1 (1.5)

3 (5.8)

2 (3.5)

1-3 per week

20 (8.8)

3 (5.7)

9 (13.8)

4 (7.7)

4 (7.0)

Everyday

80 (35.2)

35 (66.0)

25 (38.5)

9 (17.3)

11 (19.3)

Able to connect to Wi-Fi, n (%)
No

69 (30.1)

5 (9.4)

15 (22.7)

20 (38.5)

29 (50.0)

Yes

160 (69.9)

48 (90.6)

51 (77.3)

32 (61.5)

29 (50.0)

Able to install apps, n (%)
No

138 (60.5)

10 (18.9)

39 (59.1)

39 (75.0)

50 (87.7)

Yes

90 (39.5)

43 (81.1)

27 (40.9)

13 (25.0)

7 (12.3)

15.57 (7.16)

21.23 (4.84)

16.63 (6.38)

13.12 (6.39)

11.30 (6.78)

IT skillsb (score), mean (SD)
a

df: degrees of freedom.

b

“IT skills” was a combined result of the 5 questions in this part.

c

The result was obtained using analysis of variance.
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Table 3. Current situation of disease management by age.
Characteristics

Total (N=231), n (%)

Age stratification in years, n (%)

Chi-square test

18-49 (n=53) 50-64 (n=66) 65-74 (n=54) ≥75 (n=58)

χ2 (dfa)

P value

43.2 (9)

<.001

6.9 (3)

.08

27.9 (12)

.004

18.1 (12)

.11

18.1 (12)

.11

16.1 (12)

.19

6.5 (3)

.09

3.5 (3)

.32

3.5 (3)

.32

Frequency of using the internet to find information about disease or treatment, n (%)
Never

100 (43.5)

6 (11.3)

26 (40.0)

30 (55.6)

38 (65.5)

Rarely

27 (11.7)

7 (13.2)

10 (15.4)

7 (13.0)

3 (5.2)

Sometimes

49 (21.3)

18 (34.0)

11 (16.9)

9 (16.7)

11 (19.0)

Often

54 (23.5)

22 (41.5)

18 (27.7)

8 (14.8)

6 (10.3)

Know your medications, n (%)
No

48 (21.1)

9 (17.3)

21 (32.3)

8 (15.4)

10 (17.2)

Yes

179 (78.9)

43 (82.7)

44 (67.7)

44 (84.6)

48 (82.8)

Frequency of visiting hospital clinic, n (%)
Never

31 (13.6)

8 (15.4)

15 (22.7)

6 (11.3)

2 (3.5)

Once per year

29 (12.7)

9 (17.3)

11 (16.7)

6 (11.3)

3 (5.3)

1-2 per half of year

42 (18.4)

15 (28.8)

8 (12.1)

7 (13.2)

12 (21.1)

1-2 per month

120 (52.6)

20 (38.5)

31 (47.0)

33 (62.3)

36 (63.2)

Weekly

6 (2.6)

0 (0.0)

1 (1.5)

1 (1.9)

4 (7.0)

Frequency of visiting community clinic, n (%)
Never

97 (42.5)

29 (54.7)

31 (47.7)

16 (30.2)

21 (36.8)

Once per year

20 (8.8)

5 (9.4)

5 (7.7)

3 (5.7)

7 (12.3)

1-2 per half of year

34 (14.9)

8 (15.1)

10 (15.4)

7 (13.2)

9 (15.8)

1-2 per month

72 (31.6)

11 (20.8)

19 (29.2)

25 (47.2)

17 (29.8)

Weekly

5 (2.2)

0 (0.0)

0 (0.0)

2 (3.8)

3 (5.3)

Frequency of taking lab test, n (%)
Never

26 (11.4)

9 (17.3)

11 (16.7)

4 (7.5)

2 (3.4)

Once per year

63 (27.5)

16 (30.8)

20 (30.3)

11 (20.8)

16 (27.6)

1-2 per half of year

90 (39.3)

18 (34.6)

26 (39.4)

20 (37.7)

26 (44.8)

1-2 per month

45 (19.7)

9 (17.3)

7 (10.6)

17 (32.1)

12 (20.7)

Weekly

5 (2.2)

0 (0.0)

2 (3.0)

1 (1.9)

2 (3.4)

Frequency of measuring blood pressure at home, n (%)
Never

40 (17.3)

8 (15.1)

15 (22.7)

12 (22.2)

5 (8.6)

1-3 per year

16 (6.9)

5 (9.4)

5 (7.6)

5 (9.3)

1 (1.7)

1-3 per month

49 (21.2)

14 (26.4)

15 (22.7)

7 (13.0)

13 (22.4)

1-3 per week

57 (24.7)

15 (28.3)

12 (18.2)

15 (27.8)

15 (25.9)

Everyday

69 (29.9)

11 (20.8)

19 (28.8)

15 (27.8)

24 (41.4)

Did you record your blood pressure at home, n (%)
No

138 (60.3)

28 (53.8)

42 (63.6)

39 (72.2)

29 (50.9)

Yes

91 (39.7)

24 (46.2)

24 (36.4)

15 (27.8)

28 (49.1)

Did you use pill box at home, n (%)
No

91 (39.6)

23 (43.4)

29 (43.9)

22 (41.5)

17 (29.3)

Yes

139 (60.4)

30 (56.6)

37 (56.1)

31 (58.5)

41 (70.7)

Did you use wearables, n (%)
No

198 (88.4)

42 (82.4)

58 (87.9)

48 (94.1)

50 (89.3)

Yes

26 (11.6)

9 (17.6)

8 (12.1)

3 (5.9)

6 (10.7)
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Total (N=231), n (%)

Frequency of visiting hospital (score)b,
mean (SD)

5.58 (1.93)

Self-management at home (score)d, mean 10.88 (4.17)
(SD)
a

Age stratification in years, n (%)

Chi-square test

18-49 (n=53) 50-64 (n=66) 65-74 (n=54) ≥75 (n=58)

χ2 (dfa)

P value

4.94 (1.82)

5.12 (1.98)

6.17 (1.89)

6.14 (1.70)

17.2 (3)c

<.001c

11.10 (4.43)

10.41 (3.98)

10.00 (4.25)

12.05 (3.90)

1.2 (3)c

.28c

df: degrees of freedom.

b

"Frequency of visiting hospital" is a combined result of "Frequency of visiting hospital clinic" and "Frequency of visiting community clinic".

c

The result was obtained using analysis of variance.

d

"Self-management at home" was a combined result of "Frequency of measuring blood pressure at home", "Did you record your blood pressure at
home", "Did you use pill box at home", and "Did you use wearables".
Table 4. Self-evaluation of disease management by age.
Characteristics

Total (N=231), n (%)

Age stratification in years, n (%)

Chi-square test

18-49 (n=53) 50-64 (n=66) 65-74 (n=54) ≥75 (n=58)

χ2 (dfa)

P value

5.2 (12)

.95

9.4 (12)

.67

13.2 (12)

.35

19.4 (12)

.08

0.3 (3)c

.60c

Can control your health condition, n (%)
Disagree Strongly

2 (0.9)

1 (2.0)

0 (0.0)

0 (0.0)

1 (1.7)

Disagree

27 (12.1)

5 (9.8)

8 (12.7)

6 (11.8)

8 (13.8)

Neutral

48 (21.5)

11 (21.6)

13 (20.6)

11 (21.6)

13 (22.4)

Agree

122 (54.7)

28 (54.9)

33 (52.4)

28 (54.9)

33 (56.9)

Agree Strongly

24 (10.8)

6 (11.8)

9 (14.3)

6 (11.8)

3 (5.2)

Can manage your health behaviors, n (%)
Disagree Strongly

3 (1.4)

1 (2.0)

1 (1.6)

0 (0.0)

1 (1.8)

Disagree

28 (12.6)

10 (19.6)

6 (9.4)

4 (8.0)

8 (14.0)

Neutral

41 (18.5)

7 (13.7)

13 (20.3)

8 (16.0)

13 (22.8)

Agree

121 (54.5)

28 (54.9)

32 (50.0)

32 (64.0)

29 (50.9)

Agree Strongly

29 (13.1)

5 (9.8)

12 (18.8)

6 (12.0)

6 (10.5)

Can care for yourself at home, n (%)
Disagree Strongly

2 (0.9)

1 (2.0)

0 (0.0)

0 (0.0)

1 (1.7)

Disagree

12 (5.4)

3 (5.9)

2 (3.2)

2 (4.1)

5 (8.6)

Neutral

32 (14.5)

8 (15.7)

7 (11.1)

4 (8.2)

13 (22.4)

Agree

141 (63.8)

31 (60.8)

43 (68.3)

32 (65.3)

35 (60.3)

Agree Strongly

34 (15.4)

8 (15.7)

11 (17.5)

11 (22.4)

4 (6.9)

Have enough health knowledge to be able to care for yourself, n (%)
Disagree Strongly

5 (2.3)

1 (2.0)

0 (0.0)

0 (0.0)

4 (7.0)

Disagree

33 (14.9)

10 (19.6)

7 (11.3)

7 (13.7)

9 (15.8)

Neutral

57 (25.8)

15 (29.4)

18 (29.0)

8 (15.7)

16 (28.1)

Agree

105 (47.5)

24 (47.1)

28 (45.2)

30 (58.8)

23 (40.4)

21 (9.5)

1 (2.0)

9 (14.5)

6 (11.8)

5 (8.8)

14.25 (3.08)

15.02 (2.60)

15.22 (2.53)

13.96 (3.21)

Agree Strongly
b

Confidence in self-management (score) , 14.61 (2.90)
mean (SD)
a

df: degrees of freedom.

b

Confidence in self-management is a combined result for the 4 questions in this part.

c

The result was obtained using analysis of variance.
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Table 5. Willingness of participants to use mobile health (mHealth) technologies to manage their cardiovascular diseases.
Characteristics

Age in years, mean (SD)

Total (N=231), n (%)

61.07 (15.62)

Willingness to use mHealth, n (%)

Chi-square test

Interest (n=157)

χ2 (dfa)

58.29 (16.19)

No interest (n=74)
66.99 (12.51)

Age stratification in years, n (%)
18-49

53 (22.9)

45 (28.7)

8 (10.8)

50-64

66 (28.6)

48 (30.6)

18 (24.3)

65-74

54 (23.4)

30 (19.1)

24 (32.4)

≥75

58 (25.1)

34 (21.7)

24 (32.4)

Gender, n (%)
Male

124 (53.7)

86 (54.8)

38 (51.4)

Female

107 (46.3)

71 (45.2)

36 (48.6)

Body mass index stratification in kg/m2 , n (%)
≤24

61 (27.2)

41 (26.8)

20 (28.2)

>24

163 (72.8)

112 (73.2)

51 (71.8)

Education level, n (%)
Primary or junior

67 (29.3)

32 (20.5)

35 (47.9)

Senior

59 (25.8)

38 (24.4)

21 (28.8)

University or postgraduate

103 (45.0)

86 (55.1)

17 (23.3)

Employment status, n (%)
Retired

147 (64.5)

90 (58.1)

57 (78.1)

Part time

21 (9.2)

13 (8.4)

8 (11.0)

Full time

60 (26.3)

52 (33.5)

8 (11.0)

Home location, n (%)
Beijing

206 (89.6)

141 (89.8)

65 (89.0)

Outside of Beijing

24 (10.4)

16 (10.2)

8 (11.0)

Living status, n (%)
Alone

14 (6.1)

10 (6.5)

4 (5.4)

Only with spouse

157 (68.6)

112 (72.3)

45 (60.8)

With children

58 (25.3)

33 (21.3)

25 (33.8)

Enrollment location
Outpatient

87 (37.7)

71 (45.2)

16 (21.6)

Inpatient

144 (62.3)

86 (54.8)

58 (78.4)

Frequency of using the internet to find information about disease or treatment, n (%)
Never

100 (43.5)

48 (30.8)

52 (70.3)

Rarely

27 (11.7)

18 (11.5)

9 (12.2)

Sometimes

49 (21.3)

43 (27.6)

6 (8.1)

Often

54 (23.5)

47 (30.1)

7 (9.5)

Did you know the medications you took well, n (%)
No

48 (21.1)

31 (20.3)

17 (23.0)

Yes

179 (78.9)

122 (79.7)

57 (77.0)
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16.7 (3)

P value
b

<.001b

13.8 (1)

.003

0.1 (1)

.73

0.00 (1)

.96

24.4 (2)

<.001

13.1 (2)

.001

0.00 (1)

>.99

4.1 (2)

.13

11.9 (1)

<.001

36.1 (3)

<.001

0.09 (1)

.77

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10117 | p.13
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Characteristics

Jiang et al
Total (N=231), n (%)

Willingness to use mHealth, n (%)

Chi-square test

Interest (n=157)

χ2 (dfa)

P value

6.1 (4)

.19

No interest (n=74)

Frequency of taking lab test, n (%)
Never

26 (11.4)

18 (11.5)

8 (11.0)

Once per year

63 (27.5)

44 (28.2)

19 (26.0)

1-2 per half of year

90 (39.3)

60 (38.5)

30 (41.1)

1-2 per month

45 (19.7)

33 (21.2)

12 (16.4)

Weekly

5 (2.2)

1 (0.6)

4 (5.5)

5.58 (1.93)

5.60 (1.88)

5.52 (2.03)

0.09 (1)b

.77b

Self-management at home (score), mean (SD) 10.88 (4.17)

11.24 (4.30)

10.09 (3.80)

3.7 (1)b

.05b

Confidence in self-management (score), mean 14.61 (2.90)
(SD)

14.80 (2.77)

14.22 (3.13)

1.9 (1)b

.17b

Internet technology skills (score), mean (SD)

17.88 (6.37)

10.68 (6.24)

63.2 (1)b

<.001b

Frequency of visiting hospital (score), mean
(SD)

a

15.57 (7.16)

df: degrees of freedom.

b

The result was obtained using analysis of variance.

Table 6. Multivariate logistic regression concerning the willingness to use mobile health (mHealth) solutions.
Independent variables

Willingness to use mHealth

P value

Coefficient

Odds ratio (95% CI)

Age

–0.02

0.98 (0.94-1.02)

.35

Gender

–0.16

0.85 (0.42-1.73)

.65

Education level

0.18

1.12 (0.81-1.77)

.38

Employment status

–0.40

0.67 (0.34-1.34)

.26

Enrollment location

–0.63

0.53 (0.24-1.20)

.13

Internet technology skills

0.11

1.12 (1.03-1.21)

.006

Frequency of using the internet to search for health-related information

0.25

1.29 (0.87-1.90)

.20

Self-management at home

0.02

1.02 (0.94-1.11)

.65

Discussion
Principal Findings
The main findings of this study are that older patients visit
hospitals more frequently than younger patients, but their
frequency of searching for health-related information through
the internet is lower. Older cohorts use mobile or IT less
frequently and show lower technology skills than younger
cohorts. More than half of the patients in the sample aged >65
years are interested in using mHealth solutions to manage their
disease. Most significantly, experience in mobile technology
use, not age, is the main indicator of the willingness to use
mHealth.
Older patients visiting hospital more frequently showed that
they have a higher motivation to manage their disease than
younger patients. However, regarding their ability to manage
their disease, the elderly less frequently searched for
health-related information on the internet. Similar to the findings
of this study, previous studies have shown that men in the older
cohort (age >65 years) used the internet less frequently than
https://mhealth.jmir.org/2019/2/e10117/
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younger men and also felt less comfortable using the internet
[13]; meanwhile, younger patients (age <44 years) reportedly
have more positive attitudes toward using mHealth apps for
medication adherence than older participants [14]. However, in
our research, we found that approximately 30% of our
respondents aged >65 years used the internet to obtain
health-related information. If a better solution for actively
sending useful information to patients is developed, this may
help the elderly obtain information more conveniently and
improve their self-management capabilities.
As mentioned, older cohorts used the mobile or IT less
frequently and showed lower technology skills than younger
cohorts. These are not surprising findings. Importantly, however,
a large proportion of patients used a smartphone almost every
day; even in patients aged >75 years, this proportion is nearly
40%. Considering the large proportion of elderly with CVD in
the population, there is huge potential for the use of smartphone
apps in the self-management of CVD.
Previous studies showed that educated and younger individuals
are more likely to download or use mHealth tools [12,13]. In
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10117 | p.14
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our study, we found that the difference between older and
younger patients regarding the willingness to use mHealth is
based on their mobile technology proficiency, not their age.
More than half of the patients aged >65 years showed an interest
in using an mHealth solution. Meanwhile, patients who were
unwilling to use an mHealth solution reported that this mainly
related to difficulties in using IT. This is consistent with the
results of previous studies that older individuals are interested
in mHealth but have concerns regarding their ability to use the
devices [15]. Another study also indicated that clinical staff
worried that mHealth devices might be too complicated for
patients to use [16]. Therefore, it is essential to make mHealth
tools easier-to-use and train elderly patients in technologyrelated skills, which might promote their willingness to use
mHealth solutions.

Limitations
The study has several limitations. First, enrolled participants
were sourced from a single tertiary hospital in Beijing, which
compromises the generalizability of our results. Second, the
limited sample size might constrain the power of statistical

Jiang et al
analysis. Third, based on the cross-sectional design of the study,
we can only conclude that there is a significant correlation
between IT skills and the willingness to use mHealth solution
and cannot draw any conclusions regarding causality. Fourth,
this study is based on a self-report survey of questionnaires.
Using a newly designed questionnaire, even if pretested on a
sample of 10 patients, does not bear the same weight as a
validated questionnaire in prior studies. Thus, further validation
of the instrument may be needed. Another limitation to note is
that our items focused on the individuals’ “willingness” to use
mHealth, so we were examining their intent to use the
technology rather than their actual use of it.

Conclusions
Although age is associated with the use of mobile or internet
devices in the univariate analyses in this study, the sole indicator
that we identified for mHealth use for self-management was the
participants’ IT skills. Education on the skills of using mobile
devices and the invention of easy-to-use software might improve
the acceptance of mHealth solutions among older patient
populations.
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Abstract
Background: Currently, there are no binding requirements for manufacturers prescribing which information must be included
in the app descriptions of health apps.
Objective: The aim of this study was to investigate how medical students perceive a selection of quality principles, intended
for usage decisions in the app context, and establish whether the information presented in a sample of app descriptions is perceived
as sufficient for facilitating an informed usage decision.
Methods: A total of 123 students (mean age 24.2 years, SD 3.4) participating in a 6-week teaching module covering cardiology
and pulmonology at the University of Göttingen (original enrollment 152 students, response rate 80.9%) were included. Students
were asked to read 3 store description texts of cardiological or pneumological apps and initially assess whether the descriptions
sufficed for a usage decision. Subsequently, they were queried on their perception of the relevance of 9 predefined quality
principles, formulated for usage decisions. An appraisal of whether the app description texts contained sufficient information to
satisfy these quality principles followed. By means of 20 guiding questions, participants were then asked to identify relevant
information (or a lack thereof) within the descriptions. A reassessment of whether the description texts sufficed for making a
usage decision ensued. A total of 343 complete datasets were obtained.
Results: A majority of the quality principles were described as “very important” and “important” for making a usage decision.
When accessed via the predefined principles, students felt unable to identify sufficient information within the app descriptions
in 68.81% (2124/3087) of cases. Notably, information regarding undesired effects (91.8%, 315/343), ethical soundness (90.1%,
309/343), measures taken to avert risks (89.2%, 306/343), conflicts of interest (88.3%, 303/343), and the location of data storage
(87.8%, 301/343) was lacking. Following participants’ engagement with the quality principles, statistically significant changes
in their assessment of whether the app descriptions sufficed for a usage decision can be seen—McNemar-Bowker test
(3)=45.803919, P<.001, Cohen g=.295. In 34.1% (117/343) cases, the assessment was revised. About 3 quarters of changed
assessments were seen more critically (76.9%, 90/117). Although, initially, 70% (240/343) had been considered “sufficient,” this
rate was reduced to 54.2% (186/343) in the second assessment.
Conclusions: In a considerable number of app descriptions, participants were unable to locate the information necessary for
making an informed usage decision. Participants’ sensitization to the quality principles led to changes in their assessment of app
descriptions as a tool for usage decisions. Better transparency in app descriptions released by manufacturers and the exposure of
users to quality principles could collectively form the basis for well-founded usage decisions.
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Introduction
Background
The market for health apps, that is, health-related apps running
on mobile devices such as smartphones and tablet computers,
is highly liberal and poorly regulated. This not only facilitates
the creation of software, resulting in a large supply but also
immensely influences user access and app usage. In this climate,
we observe a flood of health apps, market dynamics typical for
apps, and an associated lack of commitment to quality control
[1]. From a government perspective, comprehensive
(cross-border) monitoring of the market proves almost
impossible [2,3]. Other entities (existing and emerging private
and scientific testing or certification initiatives) [4-13] have yet
to prove their efficiency and suitability for mapping the market
[14]. The ultimate responsibility for deciding to utilize mobile
apps rests with the users and cannot be transferred. In the context
of health, this has even further-reaching implications than in
other areas. Here, apps are used by laypersons as well as medical
professionals in a highly sensitive environment. Apps, and the
technology used to run them, are designed to be fully integrated
into the user's everyday life. This aspect offers the greatest
possible user comfort in both private and professional settings.
Despite this unique advantage, it is important to recognize and
respect certain legal boundaries, particularly addressing laws
concerning medical practitioners [15]. These boundaries exist
to protect both doctors and their patients and apply to using or
recommending apps. In Germany, for example, laws cover
confidentiality, advertising regulation, and the patient's freedom
of choice concerning methods in diagnostics and therapy, given
that these are appropriate and correspond to the current state of
technological and scientific progress. These factors must be
guaranteed by the medical staff as guarantors for their patients
[16]. If applicable, rules are not followed, leading to damage
infliction, and this is facilitated by a recommended or utilized
app, medical staff involved can be held liable [16,17].
Consequently, doctors and other health professionals must
(ethically and legally) inform themselves, undertaking a
case-by-case risk-benefit assessment before recommending, or
themselves deciding to use health-related apps. At the outset,
similar to users with other backgrounds, medical professionals
will likely—at least initially—rely on App Store description
texts when selecting an app. Other information or test results
and quality seals and the like are not often readily and reliably
available [14] without (greater and time-consuming) research
effort, or their reliability may be questionable because of various
reasons. For this to be effective, it is imperative that
manufacturers provide transparent information about their apps.
Such transparency can serve as a reasonable basis for usage
decisions. Thus, high-quality and trustworthy software has a
better chance of asserting itself, and the self-regulatory capacity
of the market can be supported [18].

Ideally, decisions for or against the use of an app are made by
the interested parties who know their individual requirements
best [19] and base their decisions on comprehensive information
from multiple sources. A wide variety of tools and guidelines
have been and are being developed on the basis of this principle
[6,20-32], all of which share the common goal of supporting
users in the decision process. In particular, there is a focus on
requirements in the precarious context of health and medicine
[7,33-40], taking into account both possible benefits and
potential risks [41]. Many of these, for example, are published
in the form of checklists that users may apply to the apps they
are interested in [8,39], usually after installing them. However,
it is currently almost impossible to estimate the extent to which
the information available in the stores (in the form of app
descriptions) can be used to adequately assess the suitability of
an app before use. Existing studies, which also investigate the
role of app descriptions, tend to focus on facets other than usage
decisions, such as aspects related to marketing (and thus
turnover-relevant aspects), rather than attempt to examine the
quality of the content in serving its purpose [42]. With regard
to app security, store description texts are used by researchers
to compare the actual behavior of apps, for example, in the
context of data transfers or potentially harmful functions
(integration of advertising networks, etc), with the information
contained in the descriptions [43,44].

Objectives
Supplementing gaps in existing research, in this study, the
following questions were investigated: (1) which quality
principles students consider fundamentally relevant for making
a usage decision? (2) Whether or not the information in the
submitted app descriptions is perceived as sufficient for a usage
decision, (3) whether or not quality aspects can be identified
within the description texts using key questions, and (4) whether
or not exposure to the quality principles provokes a change in
the students’ assessment.

Methods
Setting
The study took place in the autumn of 2018 as part of a 6-week
teaching module in the clinical phase of the undergraduate
medical education program at the University of Göttingen,
Germany. Within this module, a 6-hour practical training module
was introduced, in which fourth-year students had the
opportunity to explore health-related apps. The students had
the opportunity to volunteer their data for this study.
Nonparticipation would not have had any effect on the
successful completion of the course. The students were informed
in advance and were asked for their consent. The study was
approved by the local Ethics Committee (application number
18/9/18), and all participants provided written consent.
For the purpose of this study, the Web-based survey system
EvaSys (version 7.1, Electric Paper Evaluationssysteme GmbH,
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Lüneburg, Germany) was used; the surveys were
pseudonymized. In the first step, students were asked to provide
demographic information. Each participant was then randomly
assigned 3 app descriptions from a pool of health apps from the
fields of cardiology and pulmonology, which were compiled
by applying the keyword-based Semiautomated Retrospective
App Store Analysis (SARASA) filtering processes to a readout
of apps listed in the “Medical” category of Apple’s App Store
in August 2018 [45]. A wide range of apps for both patients
and medical professionals was selected for the study. Examples
of these include reference and learning apps as well as health
diaries, treatment plans, and calculators. During the seminar,
each student independently examined the app descriptions
assigned to him or her in a multistep process.
After having provided basic demographic information, the
students were asked for their initial assessment (not yet
influenced by discussions, explanations, or having explored the
quality criteria) of whether the app descriptions provided
sufficient information for a decision on use (“The app
description is sufficient for me to make a decision on use,” “The
app description is not sufficient for me to make a decision on
use,” or “I don't know”; see question block Q1, Figure 1).
Immediately after this evaluation, the students were asked to
express their—still uninfluenced—opinion on the importance
of 9 quality principles for their usage decision—see definitions
in subsection “Quality Principles and Operationalization” below,
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predominantly based on International Organization for
Standardization/International Electrotechnical Commission
(ISO/IEC) 25010 [46], question Block Q2, Figure 1, stratified
by “very important,” “important,” “part/part,” “less important,”
“unimportant,” and “do not know.”
Again, without explanations, the students were then requested
to indicate whether the app descriptions provided allowed an
assessment of the individual quality principles (see Q3, Figure
1). Subsequently, they were presented with 20 questions to be
answered with “yes,” “no,” or “do not know” on the actual
content of the app descriptions (eg, information on the purpose
of the app, fields of application, target groups of the apps, or
the respective providers; see section Quality Principles and
Operationalization). These were based on the items presented
in other studies [35,47] (see Q4, Figure 1) and covered aspects
related to the 9 quality principles in the hope that working with
these questions would increase participants’ awareness of
aspects related to these quality principles. Unfortunately, the
question “Is there information about the aptitude (qualification)
of the authors/developers of the app?” was not incorporated in
the electronic survey, but for the sake of completeness, it is still
listed in the section Quality Principles and Operationalization.
Finally, the students were again prompted to assess whether, in
their opinion, the app descriptions contained sufficient
information for a decision on use (see Q5, Figure 1).

Figure 1. Study design and procedure.
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Table 1. Demographics for the participants.
Characteristics

Male (n=42)

Female (n=80)

Unspecified (n=1)

Total (n=123)

Age, mean (SD)

24.8 (3.2)

23.9 (3.4)

23 (—a)

24.2 (3.4)

Years of study, mean (SD)

4.1 (0.4)

4.1 (0.4)

4 (—)

4.1 (0.4)

Mobile operating system (corresponding number of participants, n)
iOS (tablet, smartphone, or iPod)

24

47

1

72

Android (tablet or smartphone)

21

36

0

57

Other (tablet or smartphone)

2

2

0

4

Several different OS (accumulated)

4

5

0

9

Use of apps in general (corresponding number of participants, n)

a

No

4

2

1

7

Yes

38

78

0

117

Ratings submitted (total, N=343)

115

225

3

343

Ratings provided (per participant, mean [SD])

2.7 (0.6)

2.8 (0.4)

3 (—)

2.8 (0.5)

Apps assigned (n)

90

132

3

143

Not applicable.

Study Population
Of a gross total of 152 medical students who had registered for
the class, those who did not attend the course despite registration
or did not give their consent (n=14) were not included in the
study; thus, 138 participants in their fourth academic year
remained (Table 1). The evaluation only included complete
datasets. Participants’ responses to the various parts of the
survey (Figure 1) could be linked via their individual
identification number and the name of the respective app. By
answering all questionnaires for at least 1 of the 3 apps (selected
from a set of 143 individual apps) assigned to them, participants
qualified their data for inclusion in the analysis. Thus, a total
of 343 app-related assessments (82.9% of 414 expected, dropout:
15 students) from 123 students (89.1%, 123/138) remained (42
males, 80 females, gender not indicated in 1 case, overall mean
age 24.2 years, SD 3.4). Of these 123 students, not all completed
all question blocks for all 3 of their assigned apps (or it was
impossible to match these to a specific app or student, eg,
because of errors typing identification numbers), resulting in
an average of only 2.8 app evaluations per participant available
for evaluation (SD 0.5).
Only 7 participants stated that they do not use any apps. Mainly
iOS-based smartphones and tablets were in use (72/123
respectively 58.5% total, males: 24/42 respectively. 57.1%,
females: 47/80 respectively. 58.8%), followed by Android-based
mobile devices (57/123 mentions respectively. 46.3% total,
males: 21/42 respectively. 50%, females: 36/80 respectively.
45%). With the exception of gender, the study population
included in the evaluation is homogeneous. Approximately
twice as many females were included, as opposed to males. This
reflects the larger proportion of female students documented
undertaking a medical degree at the University of Göttingen
and at German universities in general [48]. A correlation
between the evaluations of the app descriptions and participants’
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gender could not be shown—Pearson Chi-square χ24=8.4, P=.77,
n=123).

Quality Principles and Operationalization
The study was focused on 9 quality principles (see Table 2),
predominantly modeled on ISO/IEC 25010 [46] for health
software, that are currently being discussed in the context of
coordinating interdisciplinary quality criteria in Germany, (eg,
as compiled by Albrecht [49,50]). Although it could be argued
that other criteria could also have been included in this study,
we explicitly chose not to do so, as these proved to be too
specific to be appropriate for the assessments we had planned.
For example, although ISO/IEC 25023 [51] provides a “basic
set of quality measures” for various quality aspects and “an
explanation of how to apply software product and system quality
measures,” we chose not to include it, as the purpose of the part
of the study presented here was not to measure app quality but
rather to analyze participants’ subjective perceptions of quality,
via app descriptions.
Additional sources were used to support the compilation of the
9 principles; however, no single source was fully adopted, for
reasons also noted by Nouri et al [40] in their study on quality
principles in the app context.
There is hardly any agreement among different working groups
or authors as to which quality categories and characteristics can
be usefully applied to an assessment or which characteristics
can be assigned to which quality categories and how it should
be determined whether an app offers the desired characteristics.
This can be illustrated exemplarily by the aspect of usability
[3], but it can also be established in principle for all other areas
relevant in the quality context. Differences exist, among other
things, with regard to the assignment of different characteristics
to the usability principle, but this may also be because of
different objectives or target groups such as consumers or the
restriction to selected application areas of the respective
approaches. Objective as well as more subjective characteristics
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e13375 | p.20
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are often included. Although Zapata et al [52], for example,
included rather subjectively assessable aspects such as
attractiveness, learnability, usability, and comprehensibility in
their empirical analysis on usability, other authors approach the
concept of usability from a technical and more objective point
of view. Brown et al [53] did this by subdividing the usability
of the “Health IT Usability Evaluation Model” presented in
another study [54] into more detailed parts such as avoidance,
completeness,
memory,
need
for
information,
flexibility/adaptability, learnability, speed of performance, and
competence. Nevertheless, in some cases, the various
characteristics can be difficult to assess without in-depth
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technical and/or content-related knowledge or in some cases,
time-consuming analyses. It is for this reason that, in our
operationalization of the 9 quality principles, we tried to keep
the questions the students were confronted with simple to
comprehend and easy to answer, still addressing the quality
principles without going into great technical detail. The
operationalization itself (Table 3) was done by comparing the
quality principles with existing question lists for
self-assessments of health apps from the preliminary study
conducted both internally and also in accordance with several
other German initiatives [19,35,37].

Table 2. The 9 quality principles (predominantly based on ISO 25010, with supporting sources also listed).

a

(Sub) Section of ISO/IECa 25010 [46]

Quality principle

Description

Practicality

High-quality software must be flexible enough to 4.1.3 satisfaction; 4.1.5 context coverage;
be used for the intended purpose and, if possible, 4.2.1 functional suitability; 4.4.11 stated
beyond it, to cover the widest possible range of use purpose.
and application contexts.

[35,37,38,55-64]

Risk adequacy

It must be possible to use software in a risk-appro- 4.1.4 freedom from risk (economic, health
priate manner without exposing the user or his or and safety, and environmental risk mitigaher environment to unreasonable health, social, or tion).
economic risks.

[55,56,65,66]

Ethical soundness

Development, provision, operation, and use must
be ethically innocuous to prevent discrimination
and stigmatization and to provide fair access.

[37,38,56,62,67,68]

Legal conformity

The legal conformity (eg, with regard to medical
—b
device law, professional codes of conduct, data
protection laws, laws on the advertising of therapeutic products) for development, provision, operation,
and use must be guaranteed for the protection of
all parties involved (eg, providers, store operators,
and users).

[9,19,35,37,38,55,56,61,69-73]

Content validity

The content presented and used must be valid and
trustworthy.

—c

[8,9,19,38,40,56,59-62,73-76]

Technical adequacy

Development, operation, and use need to be appro- 4.2.3 compatibility; 4.2.5 reliability; 4.2.7
priately adapted to the capabilities of the technology maintainability, and 4.2.8 portability
and the current state-of-the-art to ensure sustainability in terms of maintainability, portability, interoperability, and compatibility.

[40,66,73,77]

Usability

The software must have a high degree of usability 4.1.3.4 comfort; 4.2.4 usability; 4.2.8.1
appropriate for its target groups, that is, it must be adaptability.
user-friendly and easy to use, taking into account
the relevant circumstances and conditions. This can
facilitate fair and sustainable use that is also convenient and contributes to user satisfaction.

[40,73,78]

Resource efficiency

Elements for resource-efficient operation and use
should be taken into account during development.

Transparency

Full transparency regarding the aforementioned
—c
criteria serves as a basis for software evaluations
as well as for individual and collective usage decisions.

4.2.4.6 accessibility

Supporting sources

4.1.2 efficiency and 4.2.2 performance effi- [65,73]
ciency (including time behavior, resource
utilization, and capacity)
[9,19,35,66,73]

ISO/IEC: International Organization for Standardization/International Electrotechnical Commission.

b

No longer covered in ISO/IEC 25010, but was part of ISO/IEC 9126-1:2001 [69], which 25010 revises.

c

Not covered in ISO/IEC 25010.
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Table 3. Operationalized quality aspects.
Question Number

Question

Affected quality principles

1

Has the purpose of the app been specified in the description
text?

Practicality and transparency

2

Is there a description of the functions offered by the app (func- Practicality, usability, and transparency
tionality)?

3

Is there a description of the context and environment in which
the app is to be used (application field)?

4

Is the target group of the app (eg, doctors, students, and patients, Practicality, usability, and transparency
or differently defined groups) described?

5

Is there any indication as to whether feedback from the relevant Usability and transparency
user groups was incorporated into the design, development, or
testing of the app?

6

Are there any details on where and how the app should not be
used, where its limits lie (restrictions and limitations)?

Practicality, risk adequacy, and transparency

7

Are undesired effects that have already occurred been mentioned?

Risk adequacy and transparency

8

Is there a description of potential or actual risks (health, econom- Risk adequacy and transparency
ic, and social) to which the user may be exposed when using
the app?

9

Are precautions taken to avoid the above risks described?

Risk adequacy and transparency

10

Are authors or developers of the app named?

Content validity and transparency

11a

Is there information about the aptitude (qualification) of the
authors or developers of the app?

Content validity and transparency

12

Are sources used for the app (eg, literature) named?

Content validity and transparency

13

Is it specified whether the app has been awarded certificates,
quality seals or something similar by third parties?

Technical adequacy and content validity

14

Are details given with respect to quality assurance during devel- Technical adequacy and transparency
opment?

15

Is information given on whether the app is a medical device
(keyword: CE labelb)?

a

Practicality, usability, and transparency

Legal conformity, technical adequacy, risk adequacy, and
transparency

16

Is there a description of how the app is financed or who is
funding it?

Content validity and transparency

17

Are conflicts of interest named (eg, involvement of an author
in the app company)?

Content validity and transparency

18

Are details provided on users’ data protection rights in connec- Legal conformity, risk adequacy, and transparency
tion with the collection, storage, and deletion of data (eg, right
to information, right of modification, right of revocation, and
periods for deletion)?

19

Are there any indications as to who the beneficiary(s) of the
data is or are?

20

Is the location where data are being stored (eg, in which country) Legal conformity, risk adequacy, and transparency
named?

21

Are there any indications of ethical innocuousness (eg, ethics
vote for research apps)?

Legal conformity, risk adequacy, and transparency

Ethical soundness, and transparency

Unfortunately, question 11 was not included in the Web-based survey.

b

Conformité Européenne. A CE labels indicates that a product sold within the European economic Area conforms to the required health, safety, and
environmental protection standards.

Evaluation Strategy
A descriptive evaluation of the frequencies, mean values, and
SDs was prepared.
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The primary goal of the study was to detect a change in the
assessment of sufficiency for usage decisions on the basis of
app description texts. The hypothesis was tested that, after
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app descriptions for the usage decision. Bowker test of
symmetry (2-sided, alpha=.05, beta=.80) [79,80] was applied
and for determining effect size, Cohen g [81,82] was calculated.
The aforementioned symmetry test was chosen as it provides
the opportunity to test multiple nominal characteristics in
associated samples. In addition, in contrast to the McNemar
test, the McNemar-Bowker test is able to consider more than 2
categories.
The following points acted as secondary aims within the study:
1.
2.

3.

Assessment of the relevance of quality principles for the
usage decision.
Evaluation of the sufficiency of the information provided
in the app descriptions to assess compliance with the quality
principles.
Frequency of mentioned aspects as identified by the key
questions in the description texts.

IBM SPSS Statistics Subscription (Build 1.0.0.1118, IBM
Corporation) and R (version 3.5.1, R Core Team) [83] were
used for the evaluation.

Results
The 123 participating students regarded all 9 quality principles
as “very important” or “important” (Table 4). In particular, they
considered “content validity” (85.4%, 105/123) and “risk
adequacy” (74%, 91/123), “legal conformity” (66.7%, 82/123)
and “usability” (65%, 80/123) to be “very important.”
Furthermore, the principles of “ethical soundness” (55.3%,
68/123), “practicality” (50.4%, 62/123), and “transparency”
(45.5%, 56/123) were regarded as “very important” but were
weaker in terms of percentage for the decision on use. The
quality principles “technical adequacy” (39%, 48/123) and

“resource efficiency” (34.1%, 42/123) were classified as
“important” (see Table 4).
After working with the quality principles, the students were
asked if they were able to determine whether these principles
were met on the basis of the app descriptions (Q3, Table 5).
Affirmative answers to this question were given in 31.2%
(943/3087) of the evaluations of the app descriptions, with
“practicality” in 71.7% (246/343) and “usability” in 39.9%
(137/343) assessed as fulfilled most frequently. The worst levels
of fulfillment were found for “transparency” (16.9%, 58/343)
and “resource efficiency” (19.8%, 68/343). In less than one
third of the app descriptions, students were able to successfully
determine compliance with the quality principles “content
validity” (27.1%, 93/343), “ethical soundness” (26.8%, 92/343),
and “legal conformity” (22.2%, 76/343; see Table 5).
On the basis of the total number of all individual answers,
participating students were unable to identify the required
information in the app descriptions in 70.4% (4831/6860) of
the answers (see Q4, Table 6). In 5.9% (403/6860) of the
answers, students were unsure as to whether the description
texts contained suitable information (“do not know”). According
to the students, the greatest deficits were the lack of information
on “undesirable effects” (91.8%, 315/343), “ethical soundness”
(90.1%, 309/343), “risk-avoidance” (89.2%, 306/343), “conflicts
of interest” (88.3%, 303/343), and “naming the data storage
location” (87.8%, 301/343). Sufficient information could be
found via the filter questions on the “declaration of purpose”
(93.6%, 321/343) and “description of functionalities” (86.9%,
298/343). In 76.7% (263/343) of the app descriptions,
assessments of the field of application could be made. However,
it should be noted that only 23.3% (1600/6860) of the answers
given were positive (see Q4, Table 6), corresponding only to
the presence of the information necessary to answer the question
in the app description.

Table 4. Assessment of the relevance of the 9 quality principles (Q2) for one’s own usage decision (for N=123 students).
Item

a

Very important,

Important,

Part/part,

Less important, Unimportant,

Do not know,

No information,

n (%)

n (%)

n (%)

n (%)

n (%)

n (%)

n (%)

Practicality

62 (50.4)

46 (37.4)

8 (6.5)

—a

2 (1.6)

5 (4.1)

—

Risk adequacy

91 (74.0)

11 (8.9)

9 (7.3)

1 (0.8)

2 (1.6)

7 (5.7)

2 (1.6)

Ethical soundness

68 (55.3)

37 (30.1)

11 (8.9)

3 (2.4)

2 (1.6)

1 (0.8)

1 (0.8)

Legal conformity

82 (66.7)

26 (21.1)

5 (4.1)

4 (3.3)

1 (0.8)

4 (3.3)

1 (0.8)

Content validity

105 (85.4)

12 (9.8)

2 (1.6)

1 (0.8)

1 (0.8)

2 (1.6)

—

Technical adequacy

3 (2.4)

48 (39.0)

47 (38.2)

3 (2.4)

—

3 (2.4)

3 (2.4)

Usability

80 (65.0)

34 (27.6)

8 (6.5)

—

—

1 (0.8)

—

Resource efficiency

36 (29.3)

42 (34.1)

24 (19.5)

10 (8.1)

3 (2.4)

8 (6.5)

—

Transparency

56 (45.5)

39 (31.7)

19 (15.4)

—

1 (0.8)

6 (4.9)

2 (1.6)

No corresponding answer was given.
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Table 5. Assessment as to whether compliance with the 9 quality principles could be determined on the basis of the available app descriptions (Q3,
scale “yes,” “no,” and “do not know”), on the basis of N=343 assessments (3087 individual responses overall).

a

Item

Yes, n (%)

No, n (%)

Do not know, n (%)

No data, n (%)

Practicality

246 (71.7)

79 (23.0)

17 (5.0)

1 (0.3)

Risk adequacy

93 (27.1)

198 (57.7)

52 (15.2)

—a

Ethical soundness

92 (26.8)

211 (61.5)

40 (11.7)

—a

Legal conformity

76 (22.2)

231 (67.3)

36.0 (10.5)

—a

Content validity

93 (27.1)

210 (61.2)

37 (10.8)

3 (0.9)

Technical adequacy

100 (29.2)

199 (58.0)

41 (12.0)

3 (0.9)

Usability

137 (39.9)

179 (52.2)

25 (7.3)

2 (0.6)

Resource efficiency

68 (19.8)

205 (59.8)

69 (20.1)

1 (0.3)

Transparency

58 (16.9)

213 (62.1)

72 (21.0)

—a

Total number

963 (31.20)

1725 (55.88)

389 (12.60)

10 (0.32)

Not applicable.

Table 6. Assessment of whether the 20 detailed questions could be answered on the basis of the available app descriptions (Q4, “yes”, “no”, “don't
know”, based on N=343 evaluations with a total of 6860 individual answers).

a

Item

Yes, n (%)

No, n (%)

Do not know, n (%)

No data, n (%)

Indication of purpose

321 (93.6)

19 (5.5)

3 (0.9)

—a

Description of functionalities

298 (86.9)

38 (11.1)

7 (2.0)

—a

Information on the field of application

263 (76.7)

68 (19.8)

10 (2.9)

2 (0.6)

Information on the target group

233 (67.9)

96 (28.0)

13 (3.8)

1 (0.3)

Information on inclusion of feedback from the 40 (11.7)
relevant user groups

273 (79.6)

28 (8.2)

2 (0.6)

Description of restrictions and limitations

43 (12.5)

284 (82.8)

15 (4.4)

1 (0.3)

Indication of undesired effects

8 (2.3)

315 (91.8)

18 (5.2)

2 (0.6)

Information on potential or actual risks

20 (5.8)

304 (88.6)

18 (5.2)

1 (0.3)

Information on the precautions taken to avoid 20 (5.8)
the aforementioned risks

306 (89.2)

15 (4.4)

2 (0.6)

Authorship (authors or developers have been
named)

67 (19.5)

249 (72.6)

25 (7.3)

2 (0.6)

Information on sources used

38 (11.1)

279 (81.3)

24 (7.0)

2 (0.6)

Information on certificates, quality seals, or
something similar having been awarded

25 (7.3)

296 (86.3)

22 (6.4)

—a

Information on quality assured development

34 (9.9)

282 (82.2)

27 (7.9)

—a

Information on the medical device status

32 (9.3)

274 (79.9)

37 (10.8)

—a

Information on financing

45 (13.1)

280 (81.6)

16 (4.7)

2 (0.6)

Conflicts-of-interest-related information

10 (2.9)

303 (88.3)

27 (7.9)

3 (0.9)

Information about user privacy rights

41 (12.0)

277 (80.8)

23 (6.7)

2 (0.6)

Information on the beneficiary of the data

27 (7.9)

278 (81.0)

37 (10.8)

1 (0.3)

Specification of the data storage location

25 (7.3)

301 (87.8)

16 (4.7)

1 (0.3)

Information on ethical soundness

10 (2.9)

309 (90.1)

22 (6.4)

2 (0.6)

Total number of ratings

1600 (23.32)

4831 (70.42)

403 (5.87)

26 (0.38)

Not applicable.
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Initially, 70% (240/343) of the app descriptions were considered
“sufficient” to make a decision on use. Following engagement
with the quality principles, this rate was reduced to 54.2%
(186/343). The proportion of app descriptions judged
“insufficient” rose by an absolute value of 19.2% (66/343), from
22.7% (78/343) to 42% (144/343). The percentage of those who
were undecided decreased from 7.3% (25/343) to 3.8% (13/343)
and was thus almost halved (decline of 48%, 12/25; see Table
7). After the examination of quality aspects, significantly fewer
assessments
were
considered
“sufficient”
than
before—McNemar-Bowker Test (3)=45.803919, P<.001. The

effect size according to Cohen was g=.295, which corresponded
to a strong effect [81] (see Table 7). The calculated posthoc
power was 0.99—Chi-square power calculation χ24=0.3, P=.05,
N=343.
Overall, 76 out of 123 students (61.8%) changed their opinion
on the sufficiency of the app descriptions for a usage decision
for at least 1 of the assigned apps. Of a total of 343 such
assessments, 117 were revised (34.1%). A total of 90 of the 117
changes (76.9%) were corrected to a more critical assessment
(changes to “insufficient” or “do not know”; see Table 8).

Table 7. Students’ assessment as to whether the app description text is sufficient for the usage decision. Presentation of the contingency table (Q3 vs
Q5) before and after the clarification of quality principles and the targeted search for these quality criteria (yes, no, and do not know) in 343 app
evaluations from 123 students.
Before information and investigation

After information and investigation
“Insufficient”

“Do not know”

“Sufficient”

Total number

“Insufficient”

63

2

13

78

“Don't know”

11

2

12

25

“Sufficient”

70

9

161

240

Total

144

13

186

343

Table 8. Presentation of the directions of change in 117 out of 343 assessments of usage decisions based on information on quality principles and
criteria by 76 (61.8%) of the 123 students.
Assessments

Changes in assessment, n (%)

From “do not know” to “sufficient”

12 (10.3)

From “do not know” to “insufficient”

11 (9.4)

From “sufficient” to “do not know”

9 (7.7)

From “insufficient” to “do not know”

2 (1.7)

From “sufficient” to “insufficient”

70 (59.8)

From “insufficient” to “sufficient”

13 (11.1)

Total

117 (100.0)

Discussion
Principal Findings
We conducted surveys before and after confrontation with
quality principles and criteria. The students evaluated the same
description in both surveys. Although we did not ask to what
extent the students had previous knowledge on the subject or
their assigned apps (and there were no indications for this in
the free text comments they were allowed to make), on the basis
of our design, we were nevertheless able to determine that, after
having worked with quality principles, there were indeed
changes in how the participants perceived the description texts
with respect to whether these possibly suffice for initial usage
decisions. We were also able to obtain insights into which
elements can or cannot be commonly found in the descriptions.
The study showed that, following engagement with the 9
specified quality principles (Table 2), there was a statistically
significant change in the students’ assessment of the sufficiency
of app descriptions for a decision on app
use—McNemar-Bowker Test (3)=45.803919, P<.001, Cohen
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g=.295. In 34.1% (117/343) of the evaluations, the initial
assessment was revised. Overall, more than 1 in 4 evaluations
(or 3 in 4 changes of assessment) resulted in a more critical
assessment. We assume that the following factors may have led
to a sensitization, inciting further analytical thought when
reassessing the initial question: First, the examination of app
description quality by gauging the relevance of generic quality
principles for the usage decision; second, the subsequent
assessment of whether the description divulged the app’s
fulfillment of these principles; third, the search for specific
information within the texts, guided by 20 filter questions. The
students rated all quality principles as “very important” or
“important” for their usage decisions. In particular, “content
validity” (85.4%, 105/123) and “risk adequacy” (74%, 91/123)
and “legal conformity” (66.7%, 82/123) and “usability” (65%,
80/123) were “very important.” However, it was precisely these
principles that the students were able to less identify with
certainty in the app descriptions. It is for this reason that students
were only able to assess the fulfillment of the quality criteria
to a limited extent. The search for specific information in the
app descriptions showed large deficits—for 16 of the 20
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questions, more than 80% of the descriptions were found to
contain insufficient information. In particular, statements on
undesired effects (91.8%, 315/343), on the ethical harmlessness
of the apps (90.1%, 309/343), on the measures taken to avoid
risks (89.2%, 306/343), and regarding conflicts of interest
(88.3%, 303/343) were lacking. An unspecified data storage
location (87.8%, 301/343; Table 4) was also problematic.
The results allow the following conclusions to be drawn. First,
when observing app descriptions, students were only able to
identify a small amount of information on aspects relevant to
the quality principles. This is in line with the work of other
authors, in which the information content of store description
texts was also evaluated as poor in terms of quality and content
[84]. Second, it can be implicitly assumed that although
awareness of quality principles exists, it is not generally
transferred to descriptions of health apps. This is made apparent
through the more critical assessment of the sufficiency of app
descriptions after a sensitization to quality principles. Finally,
it can be concluded that the abovementioned aspects represent
essential elements for a well-founded user decision.
To form the basis for informed usage decisions, manufacturers
need to provide relevant information on quality principles in an
easy-to-understand manner, ideally following a universal,
structured approach, easily comparable by interested parties
[47]. The app description provides an ideal scope for this, as it
is an obligatory requirement for all apps listed in stores on the
major mobile platforms. In this study, we found that only a very
small percentage of this information is made available. The
specification of standardized information in the description [35]
would help to solve this issue, especially if the users were to
demand it. This can be achieved through the involvement of
stakeholders, such as professional associations, industry
associations, and consumer initiatives, that coordinate their
activities across disciplines [49,50]. The message could be that
manufacturers who do not include such content in the
descriptions deny users the opportunity to make a well-founded
decision on use. Recently, efforts have been made in various
professional associations to consider compiling interdisciplinary
quality criteria. Naturally, such processes are tedious because
of the sheer quantity of opinions regarding the definition of the
selection of criteria [50]. A process that could be concluded
more quickly would be the agreement that transparency must
be upheld on the part of app manufacturers and distributors.
Of course, transparency must also be appreciated and utilized
by the user if a well-founded usage decision is to be made. To
this end, users must become aware of their role and their
individual responsibility in the (professional) use of this
technology. The recognition of (professional) legal and ethical
requirements of apps is not automatically conducted because
of the general perception of smartphones and apps as “private
matters.” In Weiser’s sense, mobile technology is already too
“interwoven” with “our everyday life” [85] for it to be viewed
in a differentiated way. However, the fact is that these
technologies are used in professional contexts, even in health
and medicine—with all their consequences. With small
stakeholder campaigns and further training within the framework
of the digitization debates, a great deal of sensitization could
already be achieved, and a major contribution could be made
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in attaining the circumstances necessary for well-founded
decisions on app use. Of all the solutions for evaluating apps,
such as reviews, tests, certifications, and the preparation of
scientific studies, app descriptions represent the first and fastest
step taken by users.

Comparison With Other Approaches in the Quality
Context
There are a number of helpful and validated tools available,
aiming to support those interested in health-related apps and
their quality [86]. Often in the form of a checklist, these tools
address various user groups and application areas, for example,
Mobile Application Rating Scale [7] and user version of the
Mobile Application Rating Scale [39] as well as App Chronic
Disease Checklist [8]. In addition to these tools, some third-party
initiatives, such as national health bodies, assign quality seals
to apps or compile lists of apps they have approved. The quality
of such third-party evaluations is at times questionable. How
well the quality assessment processes have been designed and
implemented and the scope of the assessments that are
performed (eg, assessments of whether the content is adequate
vs also considering technical or security-related aspects) are
critical aspects when making recommendations.
In terms of this study, it was not our aim to develop yet another
assessment tool for determining whether an app is of high
quality. Instead, we were interested in, first, whether potentially
interested parties are aware of applicable quality criteria and
are able to identify corresponding information in the app
descriptions, second, whether for users who have previously
been unfamiliar with such criteria, a familiarization can
potentially lead to changes in how they assess quality aspects,
on the basis of the app descriptions. In our analysis, we found
strong indications for both of these aspects. We believe that this
may facilitate future evaluations on the basis of the
aforementioned quality assessment tools by enabling users to
more easily apply these tools.

Limitations
App Selection
The inherent dependence of the quality of app selection on the
quality of the search terms defined poses multiple limitations.
While searching for suitable apps from the field of cardiology
and pulmonology, it is possible that fitting search terms were
not included or—especially with hits of partial terms—that
some apps were incorrectly included. A complete (manual)
screening of all apps available in the store categories “Medical”
and “Health and Fitness” would not be possible because of the
incredibly large volume of apps available. It is for this reason,
despite limitations, that the keyword-based SARASA method
[45] was used. Furthermore, it is possible that a sampling bias
occurred during the selected search procedure in Apple's App
Store. This is conceivable when considering the store’s
category-based system, not recognizing apps falsely categorized
by their manufacturers, and it may also be because of the
limitation of the search to apps with German-language store
descriptions, predetermined by the store front-end available for
Germany. The situation may differ for App Stores available for
other mobile platforms (eg, Android apps available from
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Google's Play Store) or even for iOS-based apps from store
front-ends in other countries or apps whose store descriptions
are available in other languages, which should be taken into
account in subsequent investigations.
In addition, the SARASA method led to a variable selection of
apps that were probably not directly comparable because of
their different application areas and target groups. Nevertheless,
we believe that this variability was more a strength than a
weakness of our evaluation, as we were not interested in the
direct comparability of apps but rather in the evaluation of
quality aspects in a typical setting. This is given as users are
able to obtain apps using keyword-based searches in the store.

Study Population
It may also be argued that our participants’ demographics are
not fully representative of the German population, for example,
with respect to their age, level of education, and smart device
usage patterns, with almost 59% (72/123; Table 1) of the
participants stating that they were using iOS-based devices
versus only about 23% market share for such devices in the
German population in December 2018 [87]. Despite these
discrepancies, the study population reflects the often-mentioned
greater popularity of the iOS platform among those working in
the medical field [88], and thus the participants may well prove
to be a representative sample, at least in comparison to their
future colleagues. Platform-related effects on our results were
probably negligible, as the students were requested to solely
consider the provided store description texts, without platform
specifics, and not the apps themselves. Moreover, it has been
shown that there are only small differences among users of
various mobile platforms, if sociodemographics are accounted
for [89].
Another possible limitation regarding our choice of students as
the study population may be the students’ lack of experience in
the medical field and their lack of exposure to the quality aspects
investigated, potentially making it more difficult for them to
assess the content of the app descriptions. Upon reflection, we
believe this had little, if any, influence. As app descriptions are
commonly written not to convey detailed, in-depth information,
but rather to satisfy marketing requirements—after all,
manufacturers hardly have a chance to restrict who has access
to them—one would expect that only in rare circumstances
would the information conveyed in descriptions require
knowledge surpassing that of fourth year medical students. In
addition, in a previous study [45], for a somewhat similar
selection of apps, we applied automated algorithms for text
complexity to the descriptions, with calculations based on
sentence length, number of syllables, etc, to determine the level
of education necessary for reading comprehension. In that case,
for about 3 quarters of the apps, a level of high school education
or less would have been sufficient for comprehension. We
therefore believe that medical students, who are as far along in
their studies as our fourth year participants, should have
sufficient medical background and reading proficiency to
perform basic checks of medically-oriented app descriptions.
Moreover, an objection that students do not have the knowledge
necessary for basic assessments of usability and information
security can hardly be raised. For today’s students, a majority
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of which have grown up with information technology and could
therefore be considered “digital natives,” at least a basic
understanding of these aspects can be assumed. In any case, to
be truly meaningful, expert-level assessments would require
in-depth analyses of the apps themselves rather than an
evaluation of store description texts.

Questionnaire Design
The questionnaires were pretested with 4 medical students from
different semesters. It would have been sounder to test with a
population comparable with the target group. Unfortunately,
appropriate candidates could not have been recruited without
provoking a bias (prospective course participants), which is
why we refrained from doing so. The pretest was conducted
without any evidence of comprehension problems when
paraphrasing so that the authors saw no reason for any changes.
Despite this, some of the questionnaires within the study were
not fully completed. A dropout analysis was not carried out for
reasons of capacity; however, it is planned for subsequent
rounds.
Unfortunately, the filter question “Is there information about
the aptitude (qualification) of the authors/developers of the
app?” was not included in the Web-based survey, although this
was planned. This will be done in a subsequent study, as
determining whether the authors’ and developers’ qualifications
befit the purpose of the app may be of interest—appropriate
qualifications can be a surrogate parameter for the quality of
the content. If those involved are experts in the respective field,
be it because they obtained an academic degree or another type
of suitable qualification, it is more likely that the content will
be valid and of high quality than if it was written by others who
are not similarly educated.
It would also have been desirable to discriminate between apps
in general and health-related apps when asking participants to
assess the importance of quality criteria. In addition to the
general review of the quality principles, this would have made
it possible to assess whether the participants’ perceptions of
quality criteria differ between general and particularly sensitive
health contexts.

Outlook
Planned follow-up studies should aim to confirm and extend
the results of this study. A more diverse study population (larger
number of participants, other academic years, other
health-related programs, and vocational training) should be
included. On the whole, it is most important to facilitate analyses
that can quantify the relevance of the individual quality
principles and their contribution to the assessment process. This
can be achieved by creating a larger database through
experiment reproduction. Through this process, the isolation of
a truly necessary and sufficient number of principles would be
better possible. The operationalization of the quality principles
will be examined in a separate paper. The aim is to identify
potential candidates from the existing set of known criteria, to
check their suitability and, if necessary, to synthesize new
criteria. A time series, for example, through yearly evaluations
in similar classes, possibly at other universities, could also be
potentially used to determine whether, and if so, how, students’
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awareness and perception of quality criteria in health-related
app contexts change over time.

Conclusions
To provide users with orientation and to strengthen their
decision-making competence, the app description texts must
contain significantly more relevant information, for example,
by including information compiled by following a standardized
and comprehensive structure [19,35]. App stores should
encourage this approach, as it would significantly aid in
satisfying their users’ need for information. However, whether
(possibly mandatory) validations or cross checks of the provided
information by independent experts, for example, before

Albrecht et al
publication of a health-related app in an app store, would
encourage trust and actually benefit users or would rather
impede innovations seems questionable. Serious checks
performed by experts in the respective field would—because
of the steadily growing number of apps—require a significant
number of experts to be able to perform these checks in a timely
manner and would also introduce costs that many (at least
smaller or startup) manufacturers would be unable or unwilling
to bear. We therefore believe that sensitizing users to the
importance of applying quality principles to any information
available about an app, including app descriptions, will be much
more effective.
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Abstract
Background: Increasing physical activity (PA) levels in adolescents aged 12 to 18 years is associated with prevention of
unhealthy weight gain and improvement in cardiovascular fitness. The widespread availability of mobile health (mHealth) and
wearable devices offers self-monitoring and motivational features for increasing PA levels and improving adherence to exercise
programs.
Objective: The aim of this scoping review was to identify the efficacy or effectiveness of mHealth intervention strategies for
facilitating PA among adolescents aged 12 to 18 years.
Methods: We conducted a systematic search for peer-reviewed studies published between 2008 and 2018 in the following
electronic databases: PubMed, Google Scholar, PsychINFO, or SportDiscus. The search terms used included mHealth or “mobile
health” or apps, “physical activity” or exercise, children or adolescents or teens or “young adults” or kids, and efficacy or
effectiveness. Articles published outside of the date range (July 2008 to October 2018) and non-English articles were removed
before abstract review. Three reviewers assessed all abstracts against the inclusion and exclusion criteria. Any uncertainties or
differences in opinion were discussed as a group. The inclusion criteria were that the studies should (1) have an mHealth component,
(2) target participants aged between 12 and 18 years, (3) have results on efficacy or effectiveness, and (4) assess PA-related
outcomes. Reviews, abstracts only, protocols without results, and short message service text messaging–only interventions were
excluded. We also extracted potentially relevant papers from reviews. At least 2 reviewers examined all full articles for fit with
the criteria and extracted data for analysis. Data extracted from selected studies included study population, study type, components
of PA intervention, and PA outcome results.
Results: Overall, 126 articles were initially identified. Reviewers pulled 18 additional articles from excluded review papers.
Only 18 articles were passed onto full review, and 16 were kept for analysis. The included studies differed in the sizes of the
study populations (11-607 participants), locations of the study sites (7 countries), study setting, and study design. Overall, 5
mHealth intervention categories were identified: website, website+wearable, app, wearable+app, and website+wearable+app.
The most common measures reported were subjective weekly PA (4/13) and objective daily moderate-to-vigorous PA (5/13) of
the 19 different PA outcomes assessed. Furthermore, 5 of 13 studies with a control or comparison group showed a significant
improvement in PA outcomes between the intervention group and the control or comparison group. Of those 5 studies, 3 permitted
isolation of mHealth intervention components in the analysis.
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Conclusions: PA outcomes for adolescents improved over time through mHealth intervention use; however, the lack of
consistency in chosen PA outcome measures, paucity of significant outcomes via between-group analyses, and the various study
designs that prevent separating the effects of intervention components calls into question their true effect.
(JMIR Mhealth Uhealth 2019;7(2):e11847) doi:10.2196/11847
KEYWORDS
review; mobile health; adolescent; exercise

Introduction

to guidelines for exercise prescription [12] or a lack of variety
in theories of behavior change employed by the app [13].

Background
Mobile health (mHealth) is the use of mobile or wireless devices
to support medical and public health practice [1]. mHealth
leverages the availability of technological innovations such as
biological sensors, short message service (SMS), Global
Positioning System, and accelerometry that are small enough
to be embedded into wearable devices and smartphones. These
novel technologies provide an easy way to collect health-related
data and allow consumers to monitor their own health data.
mHealth offers modalities that are easily accessible and low-cost
to implement, permitting potential reach across socioeconomic
gradients and into hard-to-reach populations [2]. The mHealth
market was projected to reach US $23 billion in 2017 and it is
estimated to grow more than 35% in the next 3 years [3]. A
large proportion of growth in mHealth is in the native app and
wearable activity device market. Native apps are apps developed
specifically for a smartphone device that can be directly
downloaded onto the device platform from the app marketplace
(eg, Apple App Store, Google Play store). Wearable activity
devices collect information about the movement activity of the
individual wearing the device, and some are compatible with
native or Web apps (eg, FitBit). In 2017, there were over
325,000 health-related apps available in major app stores (eg,
Apple’s App Store and Google’s Play Store) equating to 3.7
billion app downloads [4]. Smartphone use is widespread in US
adults with 77% owning a smartphone; however, in adolescents,
it is even more prevalent, with 94% owning or having access
to a smartphone and 89% indicating that they access the internet
almost constantly or several times a day [5].

For the sake of clarity, in this paper, we use the term efficacy
to discuss the performance of an intervention in a controlled
environment, whereas effectiveness is understood as the
performance of an intervention in a pragmatic setting.
Nonetheless, these terms should not be viewed as binary
attributes but rather as the range of performance as a continuous
variable. Despite this mixed evidence as to the efficacy and
effectiveness, understood in the context of continuity [14], of
mHealth for facilitating PA in adults, there is a lack of evidence
for an adolescent population despite its higher level of
smartphone adoption and use. Adolescence is a sensitive period
of neurocognitive development with effects on decision-making
and behavior, making it a prime time for intervention regarding
health-related behaviors. Though opportunities for prevention
of chronic diseases can begin as early as the prenatal period,
new health-related behaviors can arise in adolescence, making
it a critical time point for prevention [15]. Vigorous PA levels
decline by as much as 17.8% in boys and 11.0% in girls from
middle to high school [16]. Increased knowledge about exercise,
self-motivation, peer modeling and support, parental support,
and availability of supplies or equipment are all positively
associated with PA in adolescents [17,18]. mHealth modalities
could address each of these correlates to PA. Although the
meta-analysis [11] mentioned previously did include 2 studies
within the adolescent age range, both studies incorporated SMS
as the only mHealth intervention component. A systematic
review of SMS interventions in youth and adolescents has
recently been published [19]; thus, this review will focus on
native and Web app interventions.

Behavior Change and Mobile Health

Objectives

Emerging evidence shows that mHealth can aid in health
behavior change resulting in better health outcomes, from
smoking cessation and glucose monitoring to antiretroviral
medication adherence and asthma control [6-8]. For successful
prevention or management of many health conditions, health
behavior changes are required, and a common recommendation
has been to change physical activity (PA) behavior. Decreased
PA levels are associated with several leading causes of death
in the United States such as cardiovascular disease, cancer, and
diabetes [9]. Previous reviews looking at the efficacy or
effectiveness of mHealth for facilitating PA in adults have
shown mixed evidence for the effectiveness of mHealth at
increasing PA. One systematic review showed no impact on
PA outcomes [10], and a meta-analysis presented a moderate
effect on step counts and a nonsignificant effect on time in
moderate-to-vigorous PA (MVPA) [11]. This lack of decisive
findings could be attributed to low app quality and adherence

The aim of this review was to identify the efficacy or
effectiveness of mHealth for facilitating adolescent PA. Scoping
reviews permit quick structured mapping of key concepts in a
research area, identify gaps in the existing literature, and
succinctly summarize emerging research findings [20]. This
scoping review is timely as there is no review in the adolescent
age group regarding the efficacy or effectiveness of mHealth
for PA. In addition, the mHealth market is rapidly growing;
therefore, a quicker review process is ideal for dissemination
that would be timely to researchers and clinicians looking to
improve PA outcomes and provide relevant clinical guidance
to patients.
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Methods
Search Methods
We followed the scoping review methodology proposed by
Arksey and O’Malley [20]. A scoping review involves 5 stages:
(1) identifying the research question, (2) identifying relevant
studies, (3) selecting the studies, (4) charting the data, and (5)
collating the results (writing the manuscript) [20]. Two of the
key differences between scoping reviews and systematic reviews
lie in the search strategy and the assessment of evidence quality.
Scoping reviews have broad research questions and invoke an
iterative search process to identify all relevant articles [20].
They also do not seek to assess the quality of evidence for
included studies [20]. In stage 1, we identified the following
research question: Are mHealth interventions effective for
increasing PA among adolescent populations? In stage 2, we
identified databases, search terms, and set time constraints. We
selected 4 primary databases for searching: PubMed, Google
Scholar, PsychINFO, and SportDiscus. Although PubMed serves
as the main foundation for publications within medical and
public health journals, we added Google Scholar, PsychINFO,
and SportDiscus to pull articles that could be in journals more
relevant to software engineering, behavior change, and exercise
science, respectively. The following terms were identified a
priori by AML and FM and then entered into all 4 databases:
mHealth or mobile health or apps, “physical activity” or
exercise, children or adolescents or teens or “young adults” or
kids, and efficacy or effectiveness. Due to differences in search
engine functionality, the method by which terms were entered
differed per database. See Multimedia Appendix 1 for detailed
search methodology. Abstracts outside of the date range (July
2008-October 2018) and abstracts without articles available in
English were removed before abstract review. The July 2008
start date marks the launch of the Apple App Store and the
presence of smartphone apps in the consumer market. In stage
3, 3 reviewers (AML, SC, and FM) assessed all abstracts against
the study criteria. Any uncertainties or differences in opinion
were discussed as a group, and if unresolved in discussion, the
full article was then reviewed. Inclusion criteria were (1) study
participants aged 12 to 18 years, (2) address efficacy or
effectiveness of mHealth, (3) mHealth component, and (4)
PA-related study outcomes. PA study outcomes were considered
to be measures of PA volume and health indicators
representative of changes in PA, for example, cardiorespiratory
fitness or strength. Exclusion criteria encompassed abstracts
without a full article, protocols without results, interventions
that only included SMS as the mHealth component,
dissertations, or review papers. Reviewers searched all excluded
review papers’ referenced articles for applicability to scope and
added them to the abstract review if deemed plausible to fit.
Once the abstract review was complete, the 3 reviewers (AML,
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SC, and FM) read each of the full articles to examine each article
for fit with the criteria. As scoping reviews permit an iterative
search process, any articles that were found outside of
designated searches were sent to all 3 reviewers as a full article
to be evaluated for inclusion into the review. Finally, in stage
4, AML, SC, and VW extracted data for analysis from articles
that passed full review. Mendeley citation manager and
Microsoft Excel were used to organize the references pulled
from searches and to complete our assessment against the
inclusion and exclusion criteria, respectively.

Analysis
We charted the included studies according to key characteristics
identified by the authors to delineate the efficacy or effectiveness
of mHealth for facilitating PA. The key characteristics identified
pre-extraction included year, location, number of participants,
age, sex, race and/or ethnicity; study design, setting, duration;
mHealth intervention components, additional intervention
components, PA outcome measures, and PA outcome results.
Setting indicates where recruitment, implementation, and
measures of the study occurred. Duration identifies how long
the mHealth intervention was used, and subsequent PA outcomes
were tracked as previous behavior change research regarding
PA has highlighted the difficulties with maintenance [21,22].
Charting the study design provided information on the rigor of
the science and whether adequate comparisons were
implemented as well as the strength of the conclusions that
could be made. Descriptive statistics were calculated regarding
the presence or absence of PA characteristics among adolescents
in the included studies.

Results
Through our database searches, we initially identified a total of
126 abstracts, of which, 14 were duplicated. Overall, 2 articles
were removed as the studies were performed outside the date
range of interest, and 1 article that was not in English was
excluded as well. In addition, we removed 13 review articles
from which we extracted 18 papers of interest for this scoping
review, leading to a total of 96 distinct articles. Three reviewers
assessed the 88 abstracts for inclusion and exclusion. Abstracts
that led to disagreement and/or uncertainty of relevance were
included in full review. Overall, 13 articles were protocols, 3
only had an abstract, 4 were dissertations, and 77 failed our
inclusion criteria. A total of 17 articles were then considered
for full review. Finally, 2 articles were excluded after full review
as they did not meet the inclusion criteria. An additional article
identified at the end-stage review was sent through full-article
review and added to the analysis, totaling 16 studies (see Figure
1). Descriptions of each of the included studies are found in
Table 1.
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Figure 1. Flowchart of search methods and exclusion process.

Participants
The 16 included studies differed greatly in size (11-607
participants) and location (7 countries). Of them, 8 studies
[23-30] took place in the United States and provide varying
breakdowns of racial and/or ethnic groups. For each of the main
races and/or ethnicities in the United States (white, Hispanic,
black, or Asian), there was at least 1 study per group that
sampled them in the majority.

Design and Setting
The included studies comprised 9 randomized controlled trials
[23-26,30-34], 1 comparative effectiveness trial [28], 3
quasi-experimental studies [35-37], and 3 not randomized or
controlled studies [27,29,38]. The most common recruitment
setting was at the school (8/16) [28,29,32-36,38], followed by
primary care (4/16) [23,26,27,37] and the community (4/16)
[24,25,29,31]. Most implementation occurs in a home
environment; however, the settings for measurements are split
among home, university, school, and primary care.

Study Components
Study components and PA outcomes are described in Table 2.
Primary mHealth intervention components for all included
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studies fell into the following categories: wearables, apps, and
websites, and about half of the studies utilized 1 component
and the other half used 2 or more mHealth components. The 5
mHealth intervention category combinations utilized were
website [24,28,35,37], website+wearable [25,26,29,33,36], app
[31,32,38], wearable+app [23,27], and website+wearable+app
[30,34]. The most common singular mHealth component is a
website. No studies used a wearable alone; however, it was the
most common component to be paired with another mHealth
component. Overall, 10 out of 16 studies [23-26,28,
30,31,33,37,38] isolated mHealth components as the sole
intervention method. Isolate refers to whether the intervention
either solely included mHealth intervention components (versus
additional intervention components, as described in Table 2)
or the design of the study permitted an analysis that could look
at the individual effect of the mHealth component on the
PA-related outcome variable(s). Additional intervention
components ranged from goal-setting guides to educational
seminars or group counseling and skills training. In the 12
controlled studies [23-26,30-37], 8 control groups were simply
advised to continue usual care or normal PA behaviors
[26,30-32,34-37].
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Table 1. Description of included studies.

a

Author (Year), Country

N

Age (years), mean (SD)
or range

Study design, duration, and arms

Setting

Chen et ala (2017) [23], USA

40

15 (1.56)

RCTb; 3 months; Intervention and
control

Primary care (recruitment); Home
(implementation); Web-based (measures)

Cullen et al (2013) [24], USA

291

12-16

RCT; 8 weeks; Intervention and con- Community (recruitment); Home
trol
(implementation); Measurement unclear

Direito et al (2015) [31], New
Zealand

51

15.7 (1.2)

RCT; 8 weeks; interventions and 1
control

Community (recruitment); Home
(implementation); University (measures)

Gaudet et al (2017) [36], Canada 23

13 (0.3)

Quasi-experimental crossover; 7
weeks; Immediate intervention and
delayed intervention (each served as
control)

School (recruitment); Home (implementation); Home (measures)

Guthrie et ala (2015) [25], USA

182

12.7 (0.9)

RCT; 6 weeks; Active control, passive control, and intervention

Community (recruitment); Home
(implementation); Measures unclear

Jimoh et al (2018) [38], United
Kingdom

34

16-19

Not randomized or controlled; 8
School (recruitment, implementation);
weeks (4 with paper diary and 4 with Home (implementation and measures)
app)

Kennedy et ala (2017) [32], Aus- 607
tralia

14.1 (0.5)

Cluster RCT; 10 weeks; Matched
School (recruitment, implementation
pairs randomization at school level to and measures); Home (implementaintervention or control
tion)

Larsen et al (2018) [29], USA

21

14.7 (2.1)

Not randomized or controlled; 12
weeks

School (recruitment); Community
(recruitment); Home (implementation)

Lau et al (2012) [35], Hong
Kong

78

12-15

Quasi-experimental; 8 weeks; Intervention and control

School (recruitment, measures);
Home (implementation)

Mendoza et al (2017) [30], USA 59

16.6 (1.5)

RCT; 10 weeks; Intervention and
control

Survivor database and clinic (recruitment); Home (implementation and
some measures)

Patrick et al (2013) [26], USA

101

14.3 (1.5)

RCT; 12 months; 3 interventions and Primary care (recruitment, some im1 control
plementation, and measures); Home
(implementation)

Schoenfelder et al (2017) [27],
USA

11

15.5 (1.4)

Not randomized or controlled; 4
weeks

Primary care (recruitment); Home
(implementation and measures)

Slootmaker et ala (2010) [33], the 87
Netherlands

13-17

RCT; 3 months; Intervention and
control

School (recruitment and measures);
Home (implementation)

Smith et ala (2014) [34], Australia

12.7 (0.5)

Cluster RCT; 7 months; School-level School (recruitment, measures, and
matched pairs randomization to inter- implementation)
vention or control

Sousa et al (2015) [37], Portugal 94

12-18

Quasi-experimental; Pre-post design
with control; 24 weeks

Clinic (recruitment, implementation,
and measures); Home (implementation)

Whittemore et al (2013) [28],
USA

15.31 (0.69)

Cluster RCT; Class level; 6 months;
Comparison of 2 interventions

School (recruitment, implementation,
and measures)

361

384

Significant between-group results.

b

RCT: randomized controlled trial.
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Table 2. Study components and physical activity outcomes.
Study

Control group

mHealth intervention component

Additional interven- Physical activity
tion component
outcomes

Results

Chen et ala (2017) [23]

Given Omron HJ105 pedometer+blank food diary+online program
with 8 modules on
general adolescent
health

FitBit flex+iStart
Smart mobile app

None

Number of days per
week with 60 min

Significant time X group interaction for reported days

MVPAb (S)

of PAc. Medium effect size

Cullen et al (2013) [24]

Online program with
educational materials about nutrition
and PA, printable
goal sheets

Online program with None
educational materials about nutrition
and PA, role model
stories, online selfmonitoring, goal review, and problemsolving components

60 min of PA on 5

Direito et al (2015) [31]

Asked to continue
normal PA

Immersive app:
None
Zombies Run! 5K
training; Nonimmersive app: Get Running-Couch to 5K

Cardiorespiratory
fitness (O); Time to
run 1 mile (O);
Weekly PA (S);
Daily MVPA (O)

Gaudet et al (2017) [36]

Nothing given

FitBit Charge HR
and FitBit Web app

Taught SMART and Daily MVPA (O);
told to set goals
Step Counts (O)

The immediate intervention
group A increased MVPA
by 10.9 min (P=.03) during
their intervention but Group
B did not significantly increase during their intervention. There were no significant differences in MVPA
between groups at any time
point. Students at baseline
that were in the adoption
phase experienced a significant increase in MVPA by
more than 15 min/day

Guthrie et ala (2015) [25]

Active: Received
Zamzee activity
monitors and Dance
Revolution video
game; Passive: Received Zamzee activity monitors

Zamzee activity
monitors+website
with monitor feedback and incentive
motivation

None

Daily MVPA (O)

MVPA duration differed
significantly across groups
(P<.01). Intervention group
showed an average 15.26
min/day MVPA, which is
49% greater than passive
control (P<.01) and 67%
greater than active control
(P<.01)

Jimoh et al (2018) [38]

No control

Smartphone app di- Paper diaries; Inary for food and exer- person meetings
cise recording;
with research team
SMSe with personal- to review paper diaries every 2 weeks
ized feedback

Weekly PA (S)

No significant differences
between app and paper diary
in reported volume of aerobic and strength training
during respective intervention period

http://mhealth.jmir.org/2019/2/e11847/
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Post intervention, significantdays per week; (Sd); ly more adolescents reported
60 min of PA 7 days being physically active for
>60min/day on all 7 days
per week; (S)
(P<.001); 84% of adolescents reported online program was helpful for increasing PA
No difference in VO2 peak
between interventions and
control. No intervention effect for self-reported PA or
objective MVPA. Group assignment did not have significant effect on mean daily
MVPA. For those that used
app 3 times/week, statistically significant decline in time
to run for nonimmersive app
compared with control
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Study

Control group

mHealth intervention component

Kennedy et ala (2017) [32]

Standard school pro- Web-based smartcedures
phone app

Additional interven- Physical activity
tion component
outcomes
Interactive student
seminars, structured
PA program, lunchtime fitness sessions

Results

Upper body muscu-

Significant intervention eflar endurance (O ), fects for upper body musculower body muscular lar endurance at 6 and 12
strength (O), Daily months; Significant groupby-time interactions for estiMVPA (O), Carmated VO2 max at 6
diorespiratory Fitmonths; No significant interg
ness (O), RT skill
vention effects for weekday
competency(O)
MVPA. Significant groupf

by-time effects for RTg skill
competency at 6 and 12
months
Larsen et al (2018) [29]

No control

Website with activity manuals matched
to current level of
motivational readiness, tailored reports
based on regular assessment, tip sheets,
local activity resources; Pedometer

Lau et al (2012) [35]

Nothing given

Mendoza et al (2017) [30]

Patrick et al (2013) [26]

Weekly MVPA (S)

Weekly MVPA increased
from 24.7 min at baseline to
79.4 min at follow-up
(P<.01). Each participant
increased an average of 58.8
min/week (P<.01).

Internet PA program N/Ah
(behavioral skill
training, self-monitoring, tailored feedback, PA planner,
chat room; SMS;
(virtual friend; message types: behavioral skills, reinforcement of PA benefits,
solutions for PA
barriers, motivational, informational)

Weekly PA (S)

Significant increase in intervention group (P=.05) but
not in control group (P=.34);
however, the intergroup differences were not significant

Usual Care

FitBit Flex and Fit- N/A
bit app; Facebook
group-team and individual motivation
badges from staff,
and participant discussion of shared
experiences;
Phone/SMS 1/week
to set goal; SMS every other day for reminder and encouragement

Daily MVPA (O)

Within-group changes in PA
from baseline to follow-up
not reported. No significant
difference in daily MVPA
between the intervention and
the control group.

Usual care

All included: Pedometer; Web only
group: program
website with Web
tutorials+weekly
check-in emails;
Web+group sessions: program website with Web tutorials; Web+SMS: program website, 3 text
messages/week
(content, reminders,
or questions to
counselor)

http://mhealth.jmir.org/2019/2/e11847/
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One-on-one goalsetting session; Tip
sheets for moms of
participants

All 4 conditions in- Weekly MVPA (S)
cluded: monthly
mailed tip sheets;
Web only: also included weekly email
check-ins;
Web+group also included monthly 90
min group behavioral skills sessions
and bimonthly
phone calls from a
health counselor

No significant differences
observed for any PA outcomes
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Control group

mHealth intervention component

Additional interven- Physical activity
tion component
outcomes

Results

Schoenfelder et al (2017)
[27]

No control

FitBit flex+FitBit
mobile app; Facebook group; Daily
SMS

None

Step Counts (O)

Daily step counts averaged
8014. From baseline to 4
weeks, step count significantly increased by 3218 steps
(P<.01)

Slootmaker et ala (2010)
[33]

Received brochure
PAM acceleromewith general PA rec- ter+PAM coach
ommendations
website

None

Weekly PA (S)

Girls in intervention group
significantly increased moderate PA after 3 months
(P=.04) compared with control, but effect disappeared
at 8 months.

Smith et ala (2014) [34]

Standard school pro- Pedometers; Smart- Teacher professional
cedures
phone app and web- development; Parent
site
newsletters; Researcher-led seminars; Enhanced
school sport sessions; Lunchtime
PA-mentoring sessions

Weekly PA (O);
Weekly MVPA (O);
RT Skill competency (O); Upper body
maximal strength
and endurance (O)

No significant differences in
overall PA counts or MVPA; Significant intervention
effect on upper body muscular endurance (P=.04) and
RT skill competency
(P<.01)

Sousa et al (2015) [37]

Standard treatment
program of clinical
evaluation, medical,
psychological, nutritional, and PA counseling

Whittemore et al (2013) [28] Comparative effectiveness

a

Lee et al

Next Step: e-therapeutic platform (education, self-monitoring, social support,
interactive training,
and motivational
tools)

Standard treatment Weekly PA (S)
program of clinical
evaluation, medical,
psychological, nutritional, and PA counseling

Significant improvement in
PA in intervention group
(P<.03)

HEALTH[e]TEEN
website (lessons,
goal setting, selfmonitoring, health
coaching, and social
networking)

CST-coping skills
training, combined
with website for one
of the intervention
groups

In both groups, adolescents
significantly increased MVPA over 6 months. No time
effects for muscle strengthening.

Days per week 60
min MVPA. (S);
Days per week of
muscle strengthening (S)

Significant between-groups results.

b

MVPA: moderate-to-vigorous physical activity.

c

PA: physical activity.

d

S: subjective measure.

e

SMS: short message system.

f

O: objective measure.

g

RT: resistance training.

h

N/A: not applicable.

Physical Activity Outcomes
The PA outcomes reported can be divided into 5 categories:
days per week meeting activity guidelines, cardiorespiratory
fitness, MVPA, general activity, muscular strength, and
competency. Within each of these categories, individual
measures can be isolated by the amount of time they capture
and whether they are subjective or objective measures. Parsed
out, there are 18 total PA outcomes measured among the 16
studies included (see Table 1, column titled Physical Activity
Outcomes). A total of 8 measures appear in more than 1 study,
the most common being objective daily MVPA (5/13)
[25,30-32,36] followed by subjective weekly PA (5/16)
[31,33,35,37,38]. Of the 18 PA outcome measures, 44% were
subjective, self-reported measures. Significant improvement in
a PA outcome over time in the group with the mHealth
http://mhealth.jmir.org/2019/2/e11847/
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RenderX

intervention was observed for all but 2 of the eligible included
studies (ineligible: Direito et al and Mendoza et al, which did
not present results for this type of analysis); however, this
improvement was not always unique to the intervention group.
Of the 13 studies that contained a control or comparison group,
only 5 [22,24,31,32,33] showed an improvement in a PA
outcome that was significantly different from the results of the
control or comparison group. Within the 5 studies that showed
significant results for between-groups analyses, 3 studies
[22,24,32] isolated the mHealth component in the intervention.
In addition, 2 of the 3 studies utilized a website and wearable
intervention [24,32] and 1 utilized an app and a wearable [23].
The PA outcomes that improved in the 3 studies were objective
daily MVPA [25], subjective weekly PA [33], and number of
days per week of 60 min of PA [23], respectively.
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Table 3. Mobile health intervention components and significant improvement in physical activity outcomes.
Study and modality

Duration ≥12 weeks

Increasing PAa outcome
over time in experimental
group or all groups

Increasing PA outcome between groups or group x time

Isolated the mHealth
component

Website
Lau et al (2012) [35]

✓ Weekly MVPAb (Sc)

Cullen et al (2013) [24]

✓60 min PA 7 days/week
(S)

✓

Whittemore et al (2013) [28]

✓

✓ # days/week meeting
MVPA rec (S)

✓

Sousa et al (2015) [37]

✓

✓ Weekly PA (S)

✓

Direito et al (2015) [31]

Not reported

✓

Kennedy et al (2017) [32]

✓ Upper body muscular en- ✓ Upper body muscular endurance (Od), cardiorespira- durance (O), cardiorespiratory
fitness (O), RT skill competentory fitness (O), RTe skill
cy (O)
competency (O)

App

Jimoh et al (2018) [38]

Not applicable

✓

✓ Weekly PA (S)

✓

Wearable+Website
Slootmaker et al (2010) [33]

✓

Patrick et al (2013) [26]

✓

✓ Weekly PA (S)

✓

Guthrie et al (2015) [25]

✓ Daily MVPA (O)

Gaudet et al (2017) [36]

✓ Daily MVPA (O)

Larsen et al (2018) [29]

✓

✓ Daily MVPA(O)

✓ Weekly MVPA (S)

Not applicable

✓ Step count

✓ Not applicable

✓ # days/week 60 min PA
(S)

✓ # days/week 60 min PA (S)

✓

Wearable+App
Schoenfelder et al (2017) [27]
Chen et al (2017) [23]

✓

✓

Wearable+Website+App

a

Smith et al (2014) [34]

✓ Upper body muscular en- ✓ Upper body muscular endurance (O) and RT skill
durance (O) and RT skill comcompetency (O)
petency (O)

Mendoza et al (2017) [30]

Not reported

✓

PA: physical activity.

b

MVPA: moderate-to-vigorous physical activity.

c

S: subjective measure.

d

O: objective measure.

e

RT: resistance training.

A total of 5 different groupings of mHealth components in the
intervention
groups
(app,
wearable+app,
website,
website+wearable, and website+wearable+app) among 16
studies prevent this review from being able to identify a specific
mHealth component as most effective for promoting PA in
adolescents. Furthermore, research designs from included
interventions did not always isolate the mHealth component for
analysis on its sole effect on PA outcomes. The 3 studies that
showed significant intervention effects on a PA outcome and
isolated the mHealth component in the intervention included 1
study with a wearable+app and 2 studies with a
website+wearable. Finally, we considered interventions with a
http://mhealth.jmir.org/2019/2/e11847/
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duration longer than 12 weeks as this is frequently observed as
the break-up point with respect to adherence. See Table 3 for a
visual summary of mHealth components and corresponding
improvement in PA outcomes.
Interventions included multiple therapeutic modalities to
improve health outcomes, which makes it difficult to disentangle
the separate effects for each modality. The extreme diversity in
PA outcomes reported across studies also makes comparison
among mHealth components challenging. Table 3 expands upon
Table 2 and presents a visual representation of PA outcomes
that significantly improved compared with the mHealth modality
implemented. The main reasons for diversity of PA outcomes
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11847 | p.41
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reported were each measure’s time unit and whether it was a
subjective or objective measure. Roughly half of the measures
were subjective, self-reported measures, and a systematic review
by Adamo et al showed that self-reported PA data in a pediatric
population are often overestimated compared with objective
measures of PA, thus caution should be exhibited when
interpreting these results [39].

Discussion
Principal Findings
This scoping review synthesizes intervention findings from 16
studies that measured the efficacy or effectiveness of mHealth
to improve PA outcomes in adolescents. Our review identified
10 randomized control trials, 3 of which are cluster trials, 3
quasi-experimental interventions with control, and 3 studies
without a control group. An initial observation indicates that
interventions with an mHealth component could lead to general
improvement in PA outcomes over time, as was observed in 12
of the 16 studies. However, when specifically considering
studies with a control group, only 5 of 13 showed a significant
intervention effect, and an additional 5 of 13 showed
improvement among all groups. Of the studies with a control
group and objective assessments of PA outcomes, 3 showed
statistically significant improvements in the intervention groups
compared with the control groups.
It is particularly interesting to see that a majority of the studies
included in this scoping review are randomized controlled trials
or cluster randomized controlled trials, which are evidently far
stronger interventions to demonstrate effect significance.
Therefore, despite the small number of studies with a significant
intervention effect and objective measurements of PA, we do
not think that this scoping review indicates that mHealth
interventions are inappropriate to be used to improve PA among
adolescents. However, we believe that this forces us to rethink
how to use mHealth and how we build mobile apps. Given the
growing body of literature showing the impact of mHealth
interventions on behavior change [2,6,40,41], we surmise that
this is more a reflection of the quality of the mobile apps
[12,42-44] and their appropriateness to the specific population
we are considering. There is reasonable evidence that apps
developed in collaboration with their potential users are more
likely to be used and to be effective [45,46]. Therefore, mHealth
researchers interested in PA in adolescents should consider
building their interventions with their target population from
the very beginning. In this review, the study by Chen et al [23]
was one of the few studies that found an intervention effect and
the only one to create an adolescent stakeholder group for
intervention development. This is particularly important given
the rapid growth of app development. The company Flurry
tracks app usage across platforms (iOS and Android). It has
observed a 330% growth in health and fitness app usage over
the past 3 years [47]. In the meantime, Statista reports that the
global mHealth market grew from $21.1 billion in 2016 to $40
billion in 2018 and is expected to reach a staggering $332.7
billion by 2025 [48].
Interestingly, 3 of the 13 controlled studies looked specifically
at improvements in muscular strength and conditioning, and 2
http://mhealth.jmir.org/2019/2/e11847/
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RenderX
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of them showed significant improvement. One could conjecture
that strength training faring better than aerobic conditioning is
simply a reflection of preferences of the specific population
under study, particularly boys. Unexpectedly, there was a lack
of interventions that leveraged gamification, for example,
Pokémon GO–type approaches, or competition-type
interventions using apps, such as Strava (Strava.com), that allow
asynchronous competition in a social media environment.
Pokémon GO has been shown to significantly increase the
number of young adults who reach 10,000 steps per day [49],
and some research shows that gamification could be appealing
to adolescents [50].
Recruitment settings mirrored common sites for recruitment in
intervention trials that have pediatric or adolescent populations,
but the portability of mHealth interventions permitted most
studies to use home-based implementation. Home-based
implementation reduces participant transportation burden and
cost. Measures were spread among 4 different sites, but this
was because many of the included studies incorporated
biological measures that cannot be measured on the Web or
through an app, such as cardiorespiratory fitness and lower body
muscular strength. Less than half of the studies were of a
duration longer than 12 weeks, thus it is difficult to discern any
long-term behavior changes as most studies did not extend far
enough to evaluate PA outcome maintenance beyond the usual
12-week end point.
mHealth intervention components utilized within the studies
included apps, wearables, and websites. The wearable is the
only mHealth component that did not function as a solo
intervention component but was always paired with an app or
website. Innovations in technology have resulted in most new
wearables pairing with an app or website that provides data
feedback to the user, with some permitting a social network
component, which could explain this observation.

Strengths and Weaknesses
A limitation of scoping reviews is that because of their broad
and less targeted approach compared with a traditional
systematic review, quantitative results cannot be pooled to
understand the effect size of mHealth technologies on PA
outcomes in adolescents. However, the purpose of a scoping
review methodology is to be broad reaching [20], which is
appropriate in the context of mHealth and PA interventions in
adolescents. A second limitation arises from the search
methodology. There is a possibility that because of different
databases requiring modifications of search methods, relevant
studies may have been missed. This is primarily a concern with
our Google Scholar search as the search engine would not adhere
to our Boolean arguments, requiring large amounts of individual
title sorting by 1 reviewer (AML). In addition, scoping reviews
do not seek to assess the quality of evidence or provide a grading
of recommendations assessment, development and evaluation
for the included studies; therefore, we cannot comment on the
strength or generalizability of the findings [20]. A strength of
this review is that it provides a quick snapshot of research
conducted in the last decade in the adolescent target population
and includes several different kinds of mHealth tools that are
employed in intervention work. Even though there have been
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11847 | p.42
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reviews pertaining to the use of mHealth and PA among teens,
to the authors’ knowledge, this paper is the first review to
summarize newer tools, such as app and wearable interventions,
on PA outcomes for adolescents. This is particularly important
given the pace at which technology evolves especially with
respect to accuracy of measurements and integration.

Conclusions
In conclusion, the use of mHealth to improve PA in adolescents
is an emerging field, complicated by frequent change in the rate
at which new technologies develop. There is limited research
about the efficacy and effectiveness of each mHealth modality,
and future research designs need to provide avenues for analysis
of the effect of the mHealth component alone on PA outcomes

Lee et al
in adolescents in addition to the combined effect of the total
intervention, if applicable. As there is a diversity of mHealth
modalities, a reported component analysis of the specific
modality utilized in a study, for example, an app, could provide
information to compare it with other apps utilized in other
studies. For example, apps can have social networking
components, notifications, reward systems, gaming features, or
education modules, all of which could affect PA outcomes
differently; therefore, future work could be improved if these
qualities were mapped out for comparison. In this sense,
mHealth modalities could be evaluated as efficacious or
effective on the basis of component analysis versus referring to
their general category such as website, app, or wearable.
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Abstract
Background: Nutrition and physical activity interventions are important components of cancer care. With an increasing demand
for services, there is a need to consider flexible, easily accessible, and tailored models of care while maintaining optimal outcomes.
Objective: This systematic review describes and appraises the efficacy of technology-supported self-guided nutrition and
physical activity interventions for people with cancer.
Methods: A systematic search of multiple databases from 1973 to July 2018 was conducted for randomized and nonrandomized
trials investigating technology-supported self-guided nutrition and physical activity interventions. Risk of bias was assessed using
the Cochrane Risk of Bias tool. Outcomes included behavioural, health-related, clinical, health service, or financial measures.
Results: Sixteen randomized controlled trials representing 2684 participants were included. Most studies were web-based
interventions (n=9) and had a 12-week follow-up duration (n=8). Seven studies assessed dietary behaviour, of which two reported
a significant benefit on diet quality or fruit and vegetable intake. Fifteen studies measured physical activity behaviour, of which
eight studies reported a significant improvement in muscle strength and moderate-to-vigorous physical activity. Four of the nine
studies assessing the health-related quality of life (HRQoL) reported a significant improvement in global HRQoL or a domain
subscale. A significant improvement in fatigue was found in four of six studies. Interpretation of findings was influenced by
inadequate reporting of intervention description and compliance.
Conclusions: This review identified short-term benefits of technology-supported self-guided interventions on the physical
activity level and fatigue and some benefit on dietary behaviour and HRQoL in people with cancer. However, current literature
demonstrates a lack of evidence for long-term benefit.
Trial Registration: PROSPERO CRD42017080346; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=80346
(JMIR Mhealth Uhealth 2019;7(2):e12281) doi:10.2196/12281
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cancer; diet; exercise; nutrition; physical activity; self-guided interventions; technology

http://mhealth.jmir.org/2019/2/e12281/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12281 | p.47
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
It is estimated that over 32 million people are living with cancer
worldwide [1], and the predicted global incidence of cancer is
estimated to increase from 14 million new cases in 2012 to more
than 17 million in 2020 [1]. Cancer is now considered a chronic
disease, and the number of cancer survivors in the United States
is estimated to exceed 20 million by 2026 [2]. This rapid
increase is adding pressure on health care systems to cope with
the growing number of people requiring treatment while
maintaining high-quality health care. As a result, there is a need
to consider alternative, easily accessible, and flexible models
of delivering care, in particular, supportive care interventions,
to people with cancer in order to reduce the demand for clinical
resources while maintaining optimal clinical and health
outcomes.
Nutrition and physical activity interventions are vital
components of cancer care [3]. Prevalence studies demonstrate
that as many as 40% of cancer patients are affected by
malnutrition, which is associated with increased mortality and
health care costs and poor health-related quality of life (HRQoL)
[4-6]. Sarcopenia, the loss of skeletal muscle mass, strength, or
function, is present in 25%-57% of cancer patients and is an
independent predictor of survival [7-9]. Nutrition and exercise
interventions can improve muscle mass, muscle strength,
physical function, nutritional status, fatigue, and HRQoL for
people undergoing cancer treatment [4,5,10,11]. Preliminary
evidence also shows potential for improved survival from
nutrition interventions delivered throughout treatment [12,13].
Conversely, obesity after treatment completion is associated
with reduced cancer survival; nonetheless, less than 20% of
cancer survivors meet the dietary recommendations and less
than 50% meet the physical activity recommendations,
demonstrating a clear role for interventions to support healthy
eating behaviors and increased physical activity [14-19].
Nutrition and physical activity interventions, particularly in
survivors of breast cancer and men with prostate cancer treated
with androgen-deprivation therapy, have been shown to produce
clinically meaningful, beneficial weight loss or improvements
in muscle mass and cardiometabolic health outcomes (eg,
reduced insulin resistance and low-density lipoprotein
cholesterol levels) [20,21]. Further, exercise training following
a cancer diagnosis has a protective effect on cancer-specific
mortality, cancer recurrence, and all-cause mortality [10].
Technology-based platforms such as the internet, mobile phone
or tablet apps, and telehealth and wearable devices provide a
unique opportunity to deliver broad-reaching interventions and
health care to people with cancer. In the general population,
technology-supported nutrition and physical activity
interventions have demonstrated positive, albeit modest, benefits
of increasing physical activity levels, reducing dietary fat intake,
and increasing fruit and vegetable consumption [22-24]. In
cancer populations, a recent systematic review and meta-analysis
investigated digital health behavior-change interventions, which
targeted diet and physical activity in cancer survivors [25]. The
authors reported a mean improvement of 41 minutes per week
of moderate-to-vigorous physical activity levels (P=.006) and
a pooled reduction in body mass index (BMI)/weight of –0.23
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(P=.011) with the use of digital interventions. However,
technology-supported interventions may still require
considerable facilitation by a health professional and use of
clinical resources, inhibiting their practicality within usual care
[26]. In the context of the growing demand for supportive health
care in the cancer setting, technology-supported nutrition and
physical activity interventions that are primarily self-guided
have the potential to deliver broad-reaching interventions using
minimal clinician resources. “Self-guided” refers to interventions
delivered with minimal or no facilitation by a health professional
and is a key component for improving sustainable dietary and
physical activity behavior change. However, the efficacy of
self-guided nutrition and physical activity interventions for
people with cancer is yet to be established. This systematic
review aims to describe and appraise the literature on the
efficacy of technology-supported self-guided nutrition and
physical activity interventions for people with cancer.

Methods
Reporting Guidelines
This systematic review was performed in accordance with the
reporting requirements of the PRISMA statement [27]. The
protocol was registered in the PROSPERO database with the
reference number CRD42017080346 [28].

Search Strategy
The following databases were searched for peer-reviewed,
English-language papers from 1973 to July 2018: Medline
Complete, Scopus, CINAHL, EMBASE, Cochrane Library,
and SPORTDiscus. The search terms included (Cancer OR
oncology OR tumour OR malignancy OR malignant neoplasm)
and (online OR internet OR “web-based” OR website OR
ehealth OR app OR apps OR application OR mobile application
OR smartphone OR mobile phone OR cell phone OR Mhealth
OR telehealth OR telemedicine OR technology) and (nutrition
OR diet OR physical activity OR exercise). Reference lists of
relevant articles were manually searched to identify additional
articles.

Selection Criteria
Studies were eligible for inclusion if they were original research
studies on adult participants aged ≥18 years who were diagnosed
with any type of cancer at any stage prior to, during, or after
cancer treatment, including cancer survivors, and received any
treatment modality. Studies were included if they investigated
a technology-supported nutrition and physical activity
intervention that was largely self-guided and if the technology
was accessed primarily outside the clinical setting. An
intervention was deemed self-guided when there was minimal
or no facilitation by a clinician. Minimal facilitation could
encompass activities such as occasional email reminders, an
introductory session on navigating the technology platform, or
initial exercise prescription. Technology platforms for
intervention delivery could be online, mobile phone, or tablet
apps or wearable technology. The intervention content needed
to focus on nutrition and physical activity. For the purpose of
this paper, physical activity also includes exercise interventions.
Interventions that included nutrition or physical activity as part
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of a broader suite of lifestyle or wellness interventions were
excluded, unless nutrition or physical activity was a major
component of the intervention, comprising at least a quarter of
the content together. Studies were required to have a comparator
group that could include active controls such as usual care,
waitlist controls, or no treatment. Pilot studies that focused on
feasibility and acceptability alone were excluded. Outcomes
were any measures focused on health-related (eg, quality of life
and fatigue), clinical (eg, weight and body composition), health
service (eg, resource utilization, hospital admissions, and patient
satisfaction), behavioral (eg, dietary intake and physical activity
level), or financial outcomes (eg, cost to patients).

Data Extraction and Quality Assessment
Titles and abstracts were screened for eligibility by two
independent reviewers (NK and BB) to exclude articles that
were clearly irrelevant. Full-text articles were retrieved and the
selection criteria were applied independently by the same two
reviewers. Any discrepancies were resolved by discussion.
Each included study was assessed for bias independently by the
first author and one of the other authors using the Cochrane
Risk of Bias tool [29]. Seven categories were examined to assess
selection bias, performance bias, detection bias, attrition bias,
reporting bias, and other sources of bias and rated as high risk,
low risk, or unclear risk. Ratings were compared and a
consensus was reached through discussion. As some of the
categories were open to interpretation, all authors agreed on the
following: (1) a rating of low risk for performance bias as the
nature of these interventions indicated that blinding was not
possible and the findings were not likely to be influenced by
the lack of blinding, unless another reason was identified to rate
otherwise and (2) in the absence of blinding, detection bias was
rated as low risk if the outcomes were objectively assessed, and
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as high risk if outcomes were behavioral or patient reported.
All studies were included regardless of the bias rating. The
Behaviour Change Taxonomy by Michie et al (2013) was used
to describe the type of behavior-change techniques reported
within each included study [30]. The heterogeneity of studies
and diversity of outcomes indicated that the quantitative
synthesis of data was not appropriate.

Results
Study Selection
The literature search identified a total of 3346 articles, and eight
more articles were identified from the reference lists of relevant
papers. Of the total, 18 articles representing 16 studies were
included in the systematic review. Two studies were reported
in two separate papers each. One of these studies reported on
different outcomes in separate papers [31,32]; the other study
reported on outcomes at 6 months [33] and 12 months [34] in
separate papers. All articles are included, but the findings are
presented as a single study. Figure 1 describes the selection
process.

Overview of Included Studies
Tables 1 and 2 present the characteristics of all included studies.
All studies were randomized controlled trials presenting data
from 2684 participants. The duration of follow-up ranged from
10 weeks to 12 months, and five studies reported follow-up
duration of ≥6 months. Comparator groups included waitlist
controls in six studies [32,35-38], active controls in five studies
[39-43], usual care in four studies [33,44-46], and no treatment
controls in one study [47]. Three studies used more than one
comparator group, one of which used two active controls [45],
one used a no-treatment control and two active controls [46],
and one used a waitlist control and an active control [37].

Figure 1. Selection process.
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Table 1. Characteristics of the included studies.
Author, year, Participants
country

Study design Behavior-change techniquea Intervention

Type of
control
group

Self-guided component
Bantum et
al, 2014,
United
States [36]

Cancer survivors between
4 wk and 5 y
posttreatment

Two-arm

Goal setting (behavior)

RCTb

Feedback on behavior

N=352
Consent
rate=56%
Retention
rate=86%

Six web-based modules of
22 topics, including healthy
eating, exercise, stress manSelf-monitoring of outagement, communication,
come(s) of behavior
and fatigue management,
Social support (unspecified) accessed over 6 weeks
Instructions on how to perform a behavior

Facilitated component
Baseline training of the
Waitlist
website content and weekly control
goal setting of health behavior change was discussed
with a facilitator on the
website

Social comparison
Credible source

Forbes et al,
2015, Canada [35]

Breast or
prostate cancer
survivors

Two-arm
RCT

N=95
Consent
rate=32%
Retention
rate=88%

Goal setting (behavior)

Nine web-based exercise
behavior-change modules,
sequentially published over
Feedback on behavior
a 9-week period, including
Self-monitoring of behavior exercise safety, goal setting,
Social support (unspecified) benefits, barriers, and
strategies on compliance to
Instructions on how to perexercise. Participants logged
form a behavior
step counts on an acceleromSocial comparison
eter website
Credible source
Problem solving

Weekly email updates about Waitlist
new information and brief
control
summary of previous week
PAc level

Social reward
GalianoCastillo et al,
2016 &
2017, Spain
[31,32]

Breast cancer
survivors

Two-arm
RCT

N=81
Consent
rate=89%
Retention
rate=88%

Gnagarella
et al, 2016,
Italy [39]

Any cancer diag- Two-arm
nosis during or RCT
after treatment
N=125
Consent
rate=28%

Feedback on behavior

Web-based 8-week intervention providing access to 24
exercise sessions, 3 per
week, tailored to particiDemonstration of the behav- pants, including warm-up,
ior
resistance and aerobic exerCredible source
cise, and cool down to meet
The American College of
Sports Medicine recommendations for cancer survivors
Instructions on how to perform a behavior

Instructions on how to perform a behavior
Information about health
consequences
Credible source

Retention
rate=59%
Kanera et al,
2016 &
2017,
Netherlands
[33,34]

Cancer surTwo-arm
vivors between RCT
4 wk and 56 wk
posttreatment

Goal setting (behavior)

N=462

Discrepancy between current behavior and goals

Consent
rate=36%
Retention
rate=82.5%

Problem solving
Action planning

Feedback on behaviors
Self-monitoring of behaviors

Baseline familiarity with the Waitlist
content to individualize the control
exercise training. Instant
messages and video conference were available if requested by the participant
for further exercise support

Web-based 6-month interOption to interact with facil- Active
vention with access to
itator upon request
control
weekly forums, blogs, and
content on healthy eating to
reduce treatment symptoms,
control weight loss, or
maintaining body mass and
guidelines for healthy eating
Web-based intervention over No facilitation
6 months with 8 modules of
videos, written content, goal
setting, action planning, and
problem identification including nutrition, exercise,
smoking, fatigue, anxiety,
and depression

Usual
care

Instructions on how to perform a behavior
Information about health
consequences
Social comparison
Credible source
Pros and cons
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Study design Behavior-change techniquea Intervention

Type of
control
group

Self-guided component
Krebs et al, Breast or
2017, United prostate cancer
States [44]
survivors

Goal setting (behavior)

Two-arm
RCT

Goal setting (behavior)

Consent
rate=53%
Retention
rate=79%

Lee et al,
2014, South
Korea [40]

Breast cancer
survivors

No facilitation
DVDd-based intervention
over 12 weeks of nutrition
and exercise advice, derived
Feedback on behavior
from the American Cancer
Social support (unspecified) Society guidelines for canInstructions on how to per- cer survivors. Components
form a behavior
included enhancing knowledge, developing positive
Credible source
expectations, reducing barriers, and supporting self-efficacy

Two-arm
RCT

N=86

N=59
Consent
rate=50%
Retention
rate=97%

Facilitated component

Problem solving

Problem solving

Web-based 12-week intervention with participants

Usual
care

30-min training on using the Active
Web-based platform
control

encouraged by SMSe to access the tailored Web-based
Discrepancy between curcontent biweekly, which
rent behavior and goal
covered enhancing exercise
Feedback on behavior
and diet behaviors, barriers
Self-monitoring of behavior and diet, or exercise guidelines for cancer survivors
Instructions on how to perform the behavior
Action planning

Information about health
consequences
Credible source
Mayer et al, Colon cancer
Two-arm
2014, United survivors beRCT
States [49]
tween 6 wk
postoperation
and 12 mo postdiagnosis
N=284
Consent
rate=54%

Goal setting (behavior)

Six-month mobile app
Self-monitoring of behavior physical activity intervention including skill building,
Social support (unspecified) information provision, and
Instructions on how to per- support services designed to
form a behavior
increase daily activity levels.
New content added over the
Credible source
period of the intervention

Personal trainer available to Control
answer questions in discussion groups and initiate individually tailored private
messages to inactive participants

Retention
rate=80%
Ormel et al,
2018,
Netherlands
[48]

Any cancer diag- Two-arm
nosis during ac- RCT
tive systemic
treatment or
survivorship

Self-monitoring of behavior 12-wk mobile app physical No facilitation
activity intervention consistPrompts/cues
ing of physical activity adCredible source
vice and self-monitoring

Usual
care

N=32
Consent
rate=53%
Retention
rate=96%
Pope et al,
Breast cancer
Two-arm
2018, United survivors who
RCT
States [41]
completed treatment 3 mo to 10
y prior
N=30
Consent
rate=77%

Problem solving

10-wk smart watch and
Social support (unspecified) Facebook intervention including a strength and aeroInstructions on how to per- bic training program plus
form a behavior
access to a private Facebook
Demonstration of the behav- page for delivery of health
ior
education tips
Credible source

Tutorial on the use of the
Active
smart watch and Facebook control
page. Participants contacted
by researchers every other
week to encourage continuation of the intervention

Retention
rate=67%
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Study design Behavior-change techniquea Intervention

Type of
control
group

Self-guided component
Rabin et al, Young adult
Two-arm
2011, United cancer surRCT
States [42]
vivors (18-39 y)
N=18
Consent
rate=72%
Retention
rate=94%

Facilitated component

Goal setting (behavior)

Web-based 12-wk interven- One-off induction to the
tion with access to purpose- website
fully designed website proSelf-monitoring of behavior viding information on
Social support (unspecified) weekly goal setting and PA
Instructions on how to per- resources individually tailored to the stage of change
form the behavior
and feedback generated
Information about health
from monthly questionnaires
consequences
Feedback on behavior

Active
control

Credible source
Sajid et al,
Men aged ≥65
2016, United y with prostate
States [45]
cancer on hormone therapy

Three-arm
RCT

N=19
Consent rate,
not reported

Self-monitoring of behavior Intervention arm 1: WearInstructions on how to per- able device-based 6-wk intervention plus instructions for
form the behavior
safe aerobic and tailored reDemonstration of the behav- sistance training exercise,
ior
and total steps per day
Graded tasks
Intervention arm 2: Wearable device plus an individually tailored Wii-Fit exercise
program for 6 wk

Retention
rate=68%
Uhm et al,
2017, South
Korea [43]

Breast cancer
survivors

Two-arm
RCT

N=356

Feedback on behavior
Self-monitoring
Instructions on how to perform the behavior

Consent rate,
not reported

Graded tasks

Retention
rate=95%

Vallance et
al, 2007,
Canada [46]

Breast cancer
survivors
N=377
Consent
rate=25%
Retention
rate=89.7%

Both arms: 45-min exercise Control
introduction with an accredited exercise physiologist
and weekly reminders for
completion of diary and pedometer assessments

Four-arm
RCT

Mobile app and wearable
device-based 12-wk intervention. Content and instructive
videos with PA goals were
available on the mobile app

Credible source

Active
control

No facilitation

Control

based on a 2MWTf at baseline. Content on the mobile
app was additional to the facilitated exercise program

Self-monitoring of behavior All groups were instructed
Instructions on how to perform the behavior

Physiatrists prescribed the
amount of 90-150 min of
moderate-intensity aerobic
exercise and 4-8 resistance
training exercises

to perform 30-min MVPAg
5 d/wk over a 12-wk intervention.
Intervention arm 1: Wearable device and documents
to record daily step total
Intervention arm 2: Wearable device plus self-perusal
of guidelines for exercising
among breast cancer survivors and a document to
record daily step total
Intervention arm 3: Self-perusal of guidelines for exercising among breast cancer
survivors
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Study design Behavior-change techniquea Intervention

Type of
control
group

Self-guided component
Valle et al,
Breast cancer
2017, United survivors
States [37]
N=35

Three-arm
RCT

Goal setting (behavior)

Two-arm
RCT

Monitoring outcome(s) of
behavior by others without
feedback

Consent
rate=70%
Retention
rate=94%

Yun et al,
2012, Korea
[38]

Cancer survivors <24 mo
posttreatment
N=273
Consent
rate=28%
Retention
rate=89%

a

Intervention arm 1: Webbased with mobile companion app providing 24-wk inGoal setting (outcome)
tervention on nutrition and
Feedback on behavior
PA for body weight and
Self-monitoring of behavior weekly email of standardized content on behaviorMonitoring of outcome(s) of
change strategies related to
behavior without feedback
weight loss. Web or mobile
Instructions on how to per- app accessed to log body
form a behavior
weight and PA
Information about health
Intervention arm 2: Same as
consequences
intervention arm 1 plus a
wearable device and addiGraded tasks
tional education on steps per
Credible source
day and meeting the stepsSelf-talk
per-day recommendations
Problem solving

Facilitated component
Both intervention arms: 1-h Waitlist
face-to-face nutrition concontrol
sult, 24 weekly emails of
behavior change to reach
150-225 min of moderateintensity PA and for energy
reduction by 100 kcal
through dietary intake, and
tailored feedback on weight
were provided

Web-based 12-wk interven- No facilitation
tion via seven education
modules with personally
Social support (unspecified) tailored information on energy conservation, PA, nutriInstructions on how to per- tion, sleep hygiene, pain,
form a behavior
distress management, and
Credible source
information on fatigue

Waitlist
control

Determined from Michie et al [30].

b

RCT: randomized controlled trial.

c

PA: physical activity.

d

DVD: digital video disk.

e

SMS: short message service.

f

2MWT: 2-minute walk test.

g

MVPA: moderate-to-vigorous physical activity.

Sample sizes ranged from 18 to 462 participants. Thirteen
studies included cancer survivors of a variety of cancer types,
with a majority of breast or prostate cancer survivors
[32,33,35-38,40-44,46,48]; one study included participants
receiving active cancer treatment [45]; and two studies included
participants who were at any cancer stage prior to, during, or
after cancer treatment [39,49].

>80% of participants over the study duration. Methods for
measuring uptake and adherence to the intervention, including
the proportion of patients who accessed the intervention content
and the average number of logins to the intervention website,
varied considerably, making comparison between studies
challenging. Four studies did not report on uptake or intervention
adherence [39,43,45,49].

Nine studies examined a physical activity intervention
[32,35,41-43,45,46,48,49], one study examined a nutrition
intervention [39], and six studies examined a combined physical
activity and nutrition intervention [33,36-38,40,44]. Of the
studies that examined a combined intervention, three were part
of a broader suite of interventions encompassing areas such as
fatigue management, stress management, and pain; however,
nutrition and physical activity were major components of these
interventions [33,36,38].

Studies used between 3 and 11 (median=5.5) behavior-change
techniques, and provision of instructions to perform a behavior
was the most common technique used in all but one of the
included studies. Other commonly used techniques included
Credible Source to deliver information (14 studies), self-monitor
behavior (11 studies), and provide feedback on behavior (9
studies). In some studies, insufficient description of the
intervention prevented a full analysis of the behavior-change
techniques employed [38,39,46,49]. Insufficient description of
the intervention also limited the ability to assess the quality and
content of the interventions. However, 14 of the included studies
used a behavior change technique—Credible Source—meaning
the content was provided by a source that was considered
reliable.

Participation rates for the studies ranged from 25% to 89%
(median=53%), and four studies reported a consent rate of
≥70%. However, once enrolled in the studies, participant
retention was generally high, with 12 of the 16 studies retaining
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Table 2. Outcome measures and findings of the included studies.
Author, year, country

Outcomes

Intervention uptake

Between-group findings

Bantum et al, 2014,
United States [36]

Measured at baseline and 6
mo

67% participants accessed
all sessions.

Compared to control group, the intervention group showed a
significant improvement in insomnia (9.6 to 10.1 vs 9.6 to 9.2;
P=.03), strenuous exercise (29 min/wk [no change] vs 32 to 51
min/wk; P=.01), stretching (26 to 25 min/wk vs 31 to 46
min/wk; P=.01)

Primary outcomes: fruit and Mean number of sessions
accessed=5.3 (SD 1.28)
vegetable intake, PAa, depression, fatigue, and insomnia
Forbes et al, 2015,
Canada [35]

Measured at baseline and 10 67% viewed the modules at Improved mental health in the waitlist controls compared to the
wk
least once. Average number intervention group (d=0.37, P=.01)
Primary outcome: feasibility of logins over the 9-wk period=10.3
of the intervention
Secondary outcomes: PA
and quality of life

Galiano-Castillo et al,
2016 & 2017, Spain
[31,32]

Gnagarella et al, 2016,
Italy [39]

Measured at baseline, 8 wk, Adherence rate=93.9% of
and 6 mo
the scheduled sessions
Primary outcomes: strength,
quality of life, pain, and fatigue

Measured at baseline and 6
mo

grip strength (P=.006, d=0.66); 6MWTb (P<.001, d=0.92);
global quality of life (P<.001, d=0.89); physical functioning
(P<.001, d=0.9); role functioning (P=.001, d=0.78); cognitive
functioning (P=.002, d= 0.75); pain severity (P=.001, d=–0.82);
fatigue (P<.001, d=–0.89); and pain interference (P=.05,
d=–0.47). At 6 months, the intervention effect was maintained
for all except role functioning and pain severity
Not reported

Primary outcomes: nutrition
knowledge, food consumption, and quality of life
Kanera et al, 2016 &
2017, Netherlands
[33,34]

Compared to the control group, at 8 wk, the intervention group
showed improved isometric abdominal (P<.001, d=1.02), back
(P<.001, d=1.31), lower-body (P=.001, d=–0.81); and hand

Measured at baseline, 6 mo, Average of 2.23 (SD 1.53)
and 12 mo
modules followed. PA activPrimary outcomes: PA and ity module followed by 25%
participants. Diet module
dietary behavior
followed by 62% participants

No significant differences between groups for nutrition knowledge or food consumption. Compared to the control group, the
intervention group had improved role functioning in the quality
of life scale at 6 mo (–6.3 vs 5.1, P=.02)

Significantly increased vegetable consumption (P=.023) and
moderate physical activity (P=.04) in the intervention group
compared to the control group after 6 mo. This effect was sustained at 12 mo for physical activity but not vegetable consumption

Krebs et al, 2017, Unit- Measured at baseline and 12 72% viewed the DVDc, 50% No significant between-group differences
ed States [44]
wk
completed the full DVD
Primary outcomes: fruit and
vegetable intake and PA
Lee et al, 2014, South
Korea [40]

Measured at baseline and 12 89% of patients consistently Compared to control group, after 12 wk, the intervention group
wk
participated in the program showed significantly improved proportion of participants
throughout the intervention meeting the recommendations of 150 min/wk moderate-intensity
Primary outcomes: diet
exercise (35.7% vs 65.5%, P<.0001) and five servings of fruit
composition and PA
or vegetables/d (32.1% vs 55.2%, P=.001) and improved the
Secondary outcomes: quality
diet-quality index (9.6 vs 11.1, P=.001), physical functioning
of life, anxiety, depression,
(75.9 vs 83.6, P=.02), fatigue (15.3 vs 13.5, P=.03), and selffatigue, motivational readiefficacy for exercise (P=.02) and fruit and vegetable intake
ness, and self-efficacy
(P=.02)

Mayer et al, 2014,
United States [49]

Measured at baseline and 3, 93.8% participants described No significant differences between the intervention and control
6, and 9 mo
as users (accessed system at groups
Primary outcome: physical least once). Of the 180 days
of possible use, mean
activity
use=55.3 days (SD 50.0)
Secondary outcomes: distress and quality of life

Ormel et al, 2018,
Netherlands [48]

Measured at baseline, and 6 Not reported
and 12 wk
Primary outcome: feasibility
of the intervention Secondary outcome: PA
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Compared to the control group, the intervention group had significantly increased total minutes of PA at 6 wk (2348 min/wk
vs 3773 min/wk, P=.04), but there was no difference in sedentary time between groups. There were no significant betweengroup differences at 12 weeks
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Outcomes
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Intervention uptake

Pope et al, 2018, United Measured at baseline and 10 Participants wore the smart
States [41]
wk
watch 6-7 d/wk and acPrimary outcomes: PA and cessed the Facebook page
1.2 times/wk on an average
energy expenditure

Between-group findings
Compared to the intervention, the control group demonstrated
improved physical activity-related social support and reduced
barriers. No other significant between-group differences were
observed

Secondary outcomes: anthropometry, body composition,
cardiorespiratory fitness,
quality of life, and psychosocial constructs
Rabin et al, 2011, Unit- Measured at baseline and 12 Average number of website
ed States [42]
wk
logins=14.75 (SD 8.46)
Primary outcomes: feasibility and acceptability
Secondary outcomes: PA,
mood, and fatigue
Sajid et al, 2016, United Measured at baseline, 6 wk, Not reported
States [45]
and 12 wk
Primary outcome: physical
performance
Secondary outcomes: steps
per day, lean muscle mass,
and chess press repetitions
Uhm et al, 2017, South Measured at baseline, 6 wk, Not reported
Korea [43]
and 12 wk

Compared to the control group, at 12 weeks, there was a medium
effect of the intervention on increasing MVPAd (16.5 min/wk
vs 102.5 min/wk, d=0.64) and a large effect of the intervention
on mood (–5.00 vs –25.86, d> 0.80) and fatigue (–3.30 vs
–11.43, d>0.80). However, these differences were not statistically significant
Compared to controls, intervention arm 1 showed greater improvement in physical performance (P=.04) and a higher rate
of change in steps per day at 12 wk (P<.01). There were no
additional between-group differences seen either between intervention arm 1 and control or intervention arm 2 and control

There were no significant between-group differences at 6 and
12 wk

Primary outcomes: PA,
quality of life, anthropometrical measures, body mass
index, blood pressure, functional capacity, and hand
grip strength
Vallance et al, 2007,
Canada [46]

Measured at baseline and 12 Participants who received
wk
the written material reported
on the content 2.1 times on
Primary outcomes: PA
an average
Secondary outcomes: quality
of life, fatigue, brisk walk- Participants who received
ing, and objective step count the pedometer recorded their
steps on 83.3% of study
days

Compared to the control group, a significant improvement was
seen in MVPA at 12 wk in intervention arm 1 (30 min/wk vs
59 min/wk, P=.02) and intervention arm 2 (30 min/wk vs 87
min/wk, P=.02). Compared to the control group, significant
improvements were seen in brisk walking at 12 wk in intervention arm 1 (0 min/wk vs 94 min/wk, P<.001), intervention arm
2 (0 min/wk vs 58 min/wk, P=.03), and intervention arm 3 (0
min/wk vs 72 min/wk, P=.006) were observed. No differences
in objective step count. Intervention arm 2 showed significant
improvement in quality of life (6.9 vs 1.1, P=.003) at 12 wk
compared to control

Valle et al, 2017, United States [37]

Measured at baseline, 3 mo, Intervention arm 1: 100%
and 6 mo
participants reported reading
Primary outcome: feasibility some/all/most of the email
content and email feedback
Secondary outcomes: PA,
Intervention arm 2: 90%
body mass index, weight,
participants reported reading
body composition, and
some/all/most of the email
metabolic syndrome
content and email feedback
biomarkers

Intervention arm 2 significantly reduced body mass index (–0.4
vs 0.1, P=0.046) compared to controls at 6 mo. Intervention
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arm 1 maintained HBA1ce levels as compared to increased
HBA1c levels observed in the control group (0.0 vs 0.15, P=.02).
No other significant between-group differences were observed
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Author, year, country

Outcomes

Intervention uptake

Yun et al, 2012, Korea
[38]

Measured at baseline and 12 Intervention completed by
wk
83.1% participants
Primary outcome: fatigue
Secondary outcomes: nutritional status, quality of life,
anxiety, and depression

a

Between-group findings
Compared to the control group, the intervention group had a
significantly greater decrease in fatigue (group difference=–0.66,
P=.001, d=0.29) and anxiety (–0.9, P=.004, d=0.33) and significantly greater increase in nutritional status (0.47, P=.04,
d=0.23), global quality of life (5.22, P=.02, d=0.26), emotional
functioning (4.69, P=.02, d=0.19), social functioning (4.73,
P=.03, d=0.24), and cognitive functioning (6.09, P=.002,
d=0.24) after 12 wk

PA: physical activity.

b

6MWT: six minute walk test.

c

DVD: digital video disk.

d

MVPA: moderate to vigorous physical activity.

e

HBA1c: hemoglobin A1c.

Technology Platform and Level of Facilitation

behavior were not powered to detect between-group differences
[39,44].

The majority of studies (n=9) were delivered as Web-based
modules with content covering nutrition and physical activity
recommendations [32,33,35-40,42]. Three studies used a
wearable device to deliver a physical activity intervention
[41,45,46]. The remaining studies used mobile apps (n=3) or
digital video disk (n=1) to deliver content on nutrition and
physical activity recommendations [43,44,48,49]. In five studies,
there was no facilitation of the self-guided intervention
[33,38,44,46,49]. In the remaining studies, facilitation involved
baseline training on the intervention or Web platform
[32,36,37,40-43,45], emails sent at varying frequencies to
provide content updates, reminders or summaries of completed
physical activity [35,37,45], and interaction with a facilitator
in a discussion group or upon request [39,48].

In total, 14 studies examined interventions to promote physical
activity behaviors, of which eight studies reported positive
outcomes. Bantum et al (2014) reported significant increases
in both strenuous exercise and stretching at 6 months after a
6-week Web-based intervention including a suite of health
behavior-change content [36]. Another 8-week Web-based
intervention delivering physical activity recommendations
tailored to participants found significant improvements in
isometric abdominal, back, and lower-body muscle strength at
2 and 6 months following the intervention [32]. A 12-week
mobile app intervention providing physical activity advice
reported a significant improvement in the total minutes of
physical activity at 6 weeks but no difference at 12 weeks [49].

Risk of Bias Assessment
The outcome of the bias assessment is presented in Table 3. All
included studies were randomized controlled trials. However,
as evident from Table 3, there was a high degree of variation
in the bias of the included studies, in particular, lack of clarity
about the randomization process and few studies included
blinding of the outcome assessment.

Behavioral Outcomes
Of the five studies that investigated dietary behaviors, two found
improvements in the intervention arm. Kanera et al (2016)
reported a significant increase in vegetable consumption after
6 months of use of a personalized web-based intervention,
although this increase was not sustained at 12 months
postintervention [33,34]. Similarly, Lee et al (2014) observed
a significant improvement in diet quality and fruit and vegetable
intake following a 12-week Web-based intervention, but did
not measure longer-term outcomes [40].
One of the studies where no benefit of intervention was observed
on dietary behavior did not specify the inclusion criteria for
selecting participants who were not meeting the dietary
recommendations [36]. The authors subsequently found they
had recruited participants who had better-than-average fruit and
vegetable intake and little need for health behavior change [36].
The two remaining studies that found no improvement in dietary
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Kanera et al (2016) found a significant increase in moderate
physical activity levels after 6 months of use of a personalized
Web-based intervention; however, similar to the effect on dietary
behavior in this study, the difference was not sustained at 12
months [33,34]. In a 12-week Web-based intervention providing
tailored exercise content to participants, significant
improvements were observed in the proportion of participants
following moderate-intensity exercise recommendations [40].
Sajid et al (2016) found a higher rate of change in the number
of steps per day among participants who received instructions
for exercising and used a wearable device in combination as
compared to the control group. However, the same effect was
not observed when participants followed a tailored Wii-Fit
exercise program in combination with the wearable device,
although the sample size was small and not powered to detect
differences [45]. In another study, participants using a wearable
device alone or in combination with access to exercise guidelines
experienced
significant
improvements
in
weekly
moderate-to-vigorous intensity physical activity and brisk
walking [46]. However, improvements in brisk walking were
also observed in participants with access to exercise guidelines
alone [46]. Although underpowered to detect a significant
difference in moderate-to-vigorous physical activity levels,
another study reported a medium effect (102.5 [intervention]
vs 16.5 [control] minutes/week) of a Web-based intervention
after 12 weeks [42].
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Table 3. Risk of bias for included studies.
Author, year

Random sequence
generation

Allocation
Blinding of partici- Blinding of outconcealment pants/personnel
come assessment

Incomplete out- Selective
come data
reporting

Other
bias

Bantum et al, 2014 [36]

Low

Unclear

Low

High

High

High

High

Forbes et al, 2015 [35]

Low

Unclear

Low

Low

Low

Unclear

Low

Galiano-Castillo et al, 2016 Low
[31], 2017 [32]

Unclear

Low

Low

Low

High

Low

Gnagnarella et al, 2016 [39] Low

Unclear

Low

High

High

High

High

Kanera et al, 2016 [33],
2017 [34]

Low

Low

High

Low

Low

Low

Low

Krebs et al, 2017 [44]

Low

Low

Low

High

Low

Unclear

Low

Lee et al, 2014 [40]

Low

Low

Low

High

Low

Low

Low

Mayer et al, 2018 [49]

Unclear

Unclear

Low

High

Low

Unclear

Low

Ormel et al, 2018 [48]

Low

Unclear

Low

High

Low

Low

Low

Pope et al, 2018 [41]

Low

Unclear

High

Low

High

Unclear

Unclear

Rabin et al, 2011 [42]

Unclear

Low

Low

High

High

Unclear

Unclear

Sajid et al, 2016 [45]

Unclear

Low

Low

Unclear

Unclear

Unclear

High

Uhm et al, 2017 [43]

High

Low

Low

High

High

Unclear

Low

Vallance et al, 2007 [46]

Low

Low

Low

High

Low

High

Low

Valle et al, 2017 [37]

Low

Low

Low

Low

Low

Low

Unclear

Yun et al, 2012 [38]

Low

Low

Low

High

Low

Low

Unclear

Several studies that did not report positive outcomes had
limitations. Although Forbes et al (2015) did not specifically
select participants who did not meet the physical activity
recommendations, a sub-group analysis showed that their
Web-based intervention was more effective in participants who
were not meeting the recommendations [35]. Similarly, another
study failed to select participants with poor physical activity
behaviors [41], and two studies were not powered to detect an
effect [37,44]. Uhm et al used an active control group that
received the same information as the intervention group but
without the support of a mobile app [43]. Mayer et al (2018)
considered the possibility that the lack of benefit was due to the
short duration of the intervention [48]; however, the 6-month
intervention was longer than that included in several studies
reporting positive outcomes [32,36,40,49].
Overall, technology-supported self-guided interventions
appeared to have some benefit on dietary intake; however, the
few studies that assessed this outcome had several limitations.
A relatively consistent positive benefit was noted for physical
activity, although the long-term benefits remain unknown; only
one study reported outcomes beyond 6 months and found no
effect at that time point. There were no patterns in the type or
number of behavior-change techniques supporting the effective
interventions in comparison to those for which no effect was
observed. Effectiveness of interventions for physical activity
level did not depend on whether physical activity was patient
reported or objectively measured.

Clinical Outcomes
Clinical outcomes were reported in four of the included studies
[37,38,41,43]. One study examined weight change, lean body
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mass, fat mass, BMI, and metabolic syndrome biomarkers after
6 months of use of a Web- and mobile app-based nutrition and
physical activity intervention [37]. The intervention was tested
in two groups: one used the intervention alone and other used
the intervention along with wearable technology. The results
showed an improvement in the BMI in the latter intervention
group as compared to the control group. However, only the
group that used the intervention alone showed an improvement
in metabolic syndrome biomarkers [37]. Another study using
a mobile app intervention and wearable device showed no
difference in BMI, arm circumference, handgrip strength, and
blood pressure between the intervention group and an active
control group that received written information [43]. A further
study reported a significant improvement in the nutritional
status, measured using the Mini Nutrition Assessment tool, at
12 weeks after the use of a combined Web-based nutrition and
physical activity intervention [38]. Pope et al (2018) found no
differences in weight or body composition using a 10-week
smart watch and Facebook physical activity intervention [41].
Overall, changes in clinical outcomes as a result of
technology-supported
self-guided
interventions
were
inconsistent but were assessed in only a small number of studies,
making it difficult to draw any concrete conclusions.

Health-Related Outcomes
HRQoL was assessed in nine studies, five of which used the
European Organisation for Research and Treatment of Cancer
Quality of Life Questionnaire - Core 30 [32,38-40,43], three
used the Functional Assessment of Cancer Therapies
questionnaire [35,38,48], and one used the Patient-Reported
Outcome Measurement System [41]. Two studies reported
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12281 | p.57
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improved global HRQoL [32,38], and four studies reported
improvements in one or more of the HRQoL subscales
[32,38-40]. Studies demonstrating the most-beneficial HRQoL
outcomes tended to be Web-based, used waitlist controls,
involved a physical activity intervention, and reported very high
adherence to the intervention. A further three-arm randomized
trial by Sajid et al (2016) investigating functional capacity alone
through use of a short physical performance battery reported
improved physical performance in the wearable device
intervention group compared to the control group, but this result
was not observed for the wearable device plus Wii Fit arm [45].
Fatigue was measured in six studies, three of which used the
Brief fatigue Inventory [36,38,40] and the remaining studies
used the Piper Fatigue Scale [32], the fatigue scale from
the Functional Assessment of Cancer Therapy-Anemia
measurement system [46], and the Profile of Mood States scale
[42]. Of the six studies, four reported significantly improved
fatigue following the intervention [32,38,40,42]. Of the four
studies, one study involved a 12-week Web-based intervention
with modules covering sleep, hygiene, pain, distress
management, and fatigue in addition to nutrition and physical
activity. As such, the positive effect on fatigue may have been
related to other components of the intervention. Two of the six
studies found no significant difference in fatigue [36,46]. No
consistent differences were evident between the studies that did
and did not observe an effect on fatigue.
Yun et al (2012) observed a significantly greater decrease in
anxiety, but not depression, after their 12-week Web-based
intervention. However, similar to the effect on fatigue, the effect
on anxiety may have been related to other components of the
intervention beyond nutrition and physical activity [38]. Four
studies on physical activity or combined nutrition and physical
activity interventions measured depression [36,40], anxiety [40],
distress [48], or mood disturbance [42], and found no significant
between-group differences.
One study assessed the effect of a Web-based intervention of
modules covering nutrition, exercise, stress management,
communication, and fatigue management on insomnia and found
a significant improvement following the 6-week intervention
[36]. One study reported significant improvement in pain
severity after an 8-week Web-based physical activity
intervention as compared to the control arm [32].
Overall, HRQoL and fatigue appeared to improve after
technology-supported self-guided interventions, and the majority
of studies showed a positive benefit. The effects on mental
health, pain, and insomnia require further investigation.
No studies investigated health service use or financial outcomes.
In addition, no studies examined or compared outcomes
according to key potential moderating factors such as gender,
socioeconomic position, or ethnicity. Studies including only
female patients with breast cancer were as likely to report
positive outcomes as those including both male and female
participants.
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Discussion
The main finding of this review was that technology-supported
self-guided interventions appear to improve physical activity
behaviors and fatigue in people with cancer in the short term.
Although many studies only measured these outcomes in the
short term, a few studies that assessed these outcomes in the
longer term found that this benefit was not sustained. There was
a minor effect of such interventions on dietary behavior and an
inconsistent effect on clinical outcomes such as weight, BMI,
body composition parameters, and mental health outcomes.
This finding is largely consistent with that of previous systematic
reviews investigating digital health or eHealth interventions in
cancer survivors, without focusing on the self-guided component
[25]. For instance, Roberts et al (2017) reported improved
physical activity and BMI in cancer survivors through digital
health physical activity and diet interventions [25]. Similarly,
Haberlin et al (2018) observed improvement in physical activity
following the use of eHealth to promote physical activity among
cancer survivors [50]. Both these reviews concluded that the
effect of these interventions was promising, but studies using
objective measures and assessing the impact on long-term
outcomes remain a priority. Similar conclusions were drawn in
a systematic review of computer-tailored physical activity and
dietary behavior-promotion programs in the general population;
this review showed improvements in physical activity and
dietary behavior, but these improvements were limited to the
short or medium term due to the lack of long-term follow-up
in studies [23].
Inconsistent reporting of self-guided interventions is an issue
that has resulted in a recent recommendation for the
development of a standardized reporting framework for these
types of interventions in people with cancer [51]. Overall,
self-guided interventions are not well described in the literature,
which limits definitive extraction of the key components of the
intervention associated with improved health outcomes in people
with cancer. In particular, this affected the extraction of the
behavior-change techniques used within the interventions, and
in some studies, sufficient information was not reported to
determine the specific strategies used. A further issue was the
reporting of intervention compliance, which was measured in
different ways across studies and at times, not reported at all.
Therefore, in cases where interventions did not report positive
outcomes, it was difficult to determine whether the intervention
itself was not effective or whether the lack of effect was related
to poor compliance or insufficient participant engagement in
the intervention. Similar issues were identified in a 2017
systematic review on self-guided interventions for psychosocial
distress in people with cancer [26]. Of note, in 2011, a
CONSORT checklist was published to improve the reporting
of Web-based and mobile health interventions [52]; however,
none of the studies in this systematic review reported the use
of this framework.
Two of the studies included in this review did not specifically
select participants who had poor health behaviors for the study.
However, in their dietary and physical activity intervention
group, Bantum et al (2014) found that they had recruited
participants who had a better-than-average fruit and vegetable
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12281 | p.58
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intake, and thus, there was no need to change their dietary
behavior, potentially explaining the lack of effect of the
intervention [36]. Similarly, Forbes et al (2015) did not target
recruitment to participants who were not meeting physical
activity recommendations; however, a subsequent subanalysis
revealed that the intervention was more effective in participants
who did not meet the physical activity recommendations at
baseline [35]. Although only two studies in our review discussed
this limitation, the eligibility criteria of the included studies
revealed that 10 of the 16 studies did not specifically target
participants with poor dietary or physical activity behaviors.
Failure to specifically recruit participants requiring supportive
care interventions has also been identified as an issue in several
previous systematic reviews of supportive care interventions in
cancer [26,53]. It is imperative that future research in this area
targets people who require support but are currently not able to
access the care they require.
Technology-supported self-guided interventions require a high
level of self-motivation for participants to engage with the
intervention. Compliance, or intervention uptake, provides some
indication of participant engagement. However, inconsistencies
in how the engagement was reported, as previously discussed,
lead to difficulties in comparing studies. Although measured
post-intervention, and therefore, not a true indicator of
engagement with the intervention, patient satisfaction provides
some insight into the acceptability of an intervention, which
has implications for adherence and engagement [54]. A number
of the studies included in this review measured patient
satisfaction using a questionnaire or interview. Although patient
satisfaction was high, there was no consistent approach or
questionnaire used across studies; as such, comparison between
studies was not possible.
Of the 16 studies included in this review, only two involved
patients who were undergoing active cancer treatment.
Personalized nutrition and physical activity interventions
delivered individually by a clinician or other health professionals
during cancer treatment have demonstrated benefits on body
composition, nutritional status, quality of life, fatigue, and
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functional outcomes [4,5,20,55]. However, considering the
increasing incidence of cancer, a personalized approach to
nutrition and physical activity interventions may have limited
long-term feasibility. Models for stratifying patients by risk
categories are proposed for the management of cancer survivors
[56] and may need to be considered for interventions delivered
during active treatment. The level of facilitation in the studies
included in this review was minimal, making this a potential
cost-effective approach, although evaluation of the cost
effectiveness was not a feature of any of the studies and resource
requirements were not reported.
The strengths of this review are reporting according to the
PRISMA guidelines; inclusion of risk of bias assessment; and
categorization of the behavior change techniques underpinning
the interventions, which has not been included in previous
systematic reviews. Limitations include substantial heterogeneity
among the included studies in terms of sample size, risk of bias,
outcome measures, type and duration of interventions, and use
of behavior-change techniques, which restricted our ability to
distinguish the components of the interventions that were
effective and to complete our meta-analyses.
In summary, this systematic review identified a short-term
benefit of technology-supported self-guided interventions with
regard to physical activity behavior and fatigue and a small
benefit with regard to dietary behavior and HRQoL in people
with cancer. However, there was considerable heterogeneity in
the quality of the included studies and some heterogeneity along
with major methodological limitations, which make
interpretation of the findings challenging. Despite the potential
of technology-supported interventions, there is a lack of
evidence for their long-term benefit, which requires further
investigation. Furthermore, a high proportion of studies did not
actively target people with poor nutrition or physical activity
behaviors. Future studies should ensure that interventions are
tested in people requiring improvements in nutrition and
physical activity who are not currently able to access the care
they require.
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Abstract
Background: Smartphone apps are a potential mechanism for development of self-management skills in people with persistent
pain. However, the inclusion of best-practice content items in available pain management apps fostering core self-management
skills for self-management support is not known.
Objective: The aim of the study was to evaluate the contents of smartphone apps providing information on pain management
strategies for people with persistent pain facilitating self-management support and to appraise the app quality.
Methods: A systematic search was performed in the New Zealand App Store and Google Play Store. Apps were included if
they were designed for people with persistent pain, provided information on pain self-management strategies, and were available
in English. App contents were evaluated using an a priori 14-item self-management support (SMS-14) checklist. App quality was
assessed using the 23-item Mobile Apps Rating Scale.
Results: Of the 939 apps screened, 19 apps met the inclusion criteria. Meditation and guided relaxation were the most frequently
included self-management strategies. Overall, the included apps met a median of 4 (range 1-8) of the SMS-14 checklist. A total
of 3 apps (Curable, PainScale-Pain Diary and Coach, and SuperBetter) met the largest number of items (8 out of 14) to foster
self-management of pain. Self-monitoring of symptoms (n=11) and self-tailoring of strategies (n=9) were frequently featured
functions, whereas a few apps had features facilitating social support and enabling communicating with clinicians. No apps
provided information tailored to the cultural needs of the user. The app quality mean scores using Mobile Apps Rating Scale
ranged from 2.7 to 4.5 (out of 5.0). Although use of 2 apps (Headspace and SuperBetter) has been shown to improve health
outcomes, none of the included apps have been evaluated in people with persistent pain.
Conclusions: Of the 3 apps (Curable, PainScale-Pain Diary and Coach, and SuperBetter) that met the largest number of items
to support skills in self-management of pain, 2 apps (PainScale-Pain Diary and Coach and SuperBetter) were free, suggesting
the potential for using apps as a scalable, wide-reaching intervention to complement face-to-face care. However, none provided
culturally tailored information. Although 2 apps (Headspace and SuperBetter) were validated to show improved health outcomes,
none were tested in people with persistent pain. Both users and clinicians should be aware of such limitations and make informed
choices in using or recommending apps as a self-management tool. For better integration of apps in clinical practice, concerted
efforts are required among app developers, clinicians, and people with persistent pain in developing apps and evaluating for
clinical efficacy.
(JMIR Mhealth Uhealth 2019;7(2):e13080) doi:10.2196/13080
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Introduction

Therefore, innovative solutions for delivering pain management
services are urgently required.

Background

Smartphone apps are a potential mechanism for the development
of self-management skills. Interventions delivered via
smartphones are more likely to be easily accessible to a wider
population and are scalable [14-16], with smartphone user
numbers expected to reach 5 billion in 2020 [17]. Evidence
suggests smartphone app use can foster self-management skills
in other long-term conditions such as diabetes, asthma, and gout
[18-20], and it can potentially deliver behavioral interventions
to people living with persistent pain [21,22]. For example, pain
apps have been generally classified to (1) provide general
information on pain, including symptom identification and
planning treatments, (2) track daily symptoms such as pain
intensity, mood, daily activity, and medications, and (3) provide
information on self-management strategies [23].

Persistent, noncancer pain is the leading cause of disability
worldwide, affecting 1 in 5 people [1,2]. Persistent pain includes
a wide range of pain conditions such as persistent primary pain
(eg, low back pain and neck pain), musculoskeletal pain (eg,
osteoarthritis and rheumatoid arthritis), migraine, orofacial pain,
neuropathic pain, and pain following trauma and surgery [3].
Recent results from the Global Burden of Diseases suggest
persistent low back pain and migraine are the 2 major
contributors globally to disability-adjusted life years [4],
signifying the large personal, societal, and economic impact of
persistent pain.
The current best practice for management of persistent pain
involves group-based, multidisciplinary, cognitive behavioral
interventions focusing on fostering self-management [5-7].
Self-management support can be achieved by providing
individuals with tools and strategies to help them choose
healthier behaviors and transforming the patient-clinician
relationship into one of collaborative care [8]. Fostering
self-management support could be achieved via core
self-management skills. Core self-management skills include
self-efficacy building, self-tailoring, self-monitoring of
symptoms, goal setting and planning, problem solving, and
shared decision making. In the context of persistent pain,
individuals learn a variety of self-management or active coping
strategies (eg, cognitive behavioral therapy, activity pacing, and
relaxation techniques) from pain management interventions. In
collaboration with health professionals (shared decision
making), individuals learn to identify meaningful goals (eg,
personal, physical, and psychological) to improve pain and
functioning (goal setting) [8]. Practicing a variety of strategies
learned from pain management interventions, individuals
develop the capacity to monitor their symptoms
(self-monitoring) and tailor strategies that work best for them
(self-tailoring) [5]. With the help and support of peers and health
professionals, they can actively problem solve (problem solving)
and set meaningful goals [9]. Positive reinforcement from
learning self-management skills and adhering to practicing those
strategies [10] ultimately develops the confidence in one’s
ability (self-efficacy building) to engage in meaningful activities
despite pain (acceptance), thereby fostering sustained behavioral
change [11].
Specialized pain services including multidisciplinary, cognitive
behavioral interventions are resource intensive and are often
only provided in secondary or tertiary care settings [5].
Therefore, there are many barriers to accessing specialized pain
services in Australia and New Zealand, including long-waiting
lists after referral from primary care [12], issues related to
transport, and physically accessing in-person delivered pain
services [13]. Furthermore, there is little capacity to increase
services because of a lack of a specialist pain workforce [12].
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Previous reviews have examined the quality and content of
self-management apps for people with persistent pain [23,24].
However, none of these reviews evaluated the app contents
using a comprehensive self-management support checklist [3],
including the cultural appropriateness of the contents via
addressing cultural beliefs (eg, race, ethnicity, religion, and
socioeconomic status). Cultural beliefs have been shown to
influence illness perceptions, pain experiences, and attitudes to
pain management [25-27], and addressing cultural beliefs of
individuals with persistent pain is recommended by international
clinical guidelines for pain management [28,29]. Lalloo et al
[24] comprehensively reviewed 256 pain management apps in
2014 and classified the contents based on 5 core
self-management skills (pain education, self-efficacy building,
self-monitoring, social support, and goal setting). The review
identified the lack of a comprehensive app, including all the
self-management skills and lack of health care provider
involvement in over 91.7% (256/279) of the included apps.
However, the included apps were not described in detail, and
there was no quality evaluation of the apps. Recently, reviews
of self-management apps for specific pain conditions, namely
persistent low back pain and arthritis, have been performed
[30,31]. The included apps in both reviews recommended
evidence-based interventions, yet the quality of information in
the apps was poor [30,31]. Although Machado et al [30]
concluded that there remains a need for higher-quality apps
fostering self-management in people with persistent low back
pain, Bhattarai et al [31] suggested the need for apps better
suited for older adults, the more prevalent population group
with arthritis. However, the apps identified from both reviews
are not suitable for people with a wide variety of persistent pain
conditions.

Objectives
In light of such limitations, this review extends previous work
by adopting a comprehensive International Classification of
Diseases (ICD-11) definition for persistent pain [3] and
evaluating app contents using an evaluation checklist for
best-practice content items for self-management support. The
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primary purpose of the review was to evaluate the contents of
smartphone apps providing information on pain management
strategies for people with persistent pain facilitating
self-management support and to appraise app quality.

Methods
This review was reported according to the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses guidelines
for systematic reviews [32]. The review protocol was submitted
for registration at PROSPERO—International Prospective
Register of Systematic Review; however, the submission was
rejected as PROSPERO does not accept systematic review
protocols for apps.

Operational Definition
Persistent pain was defined as recurrent pain for more than 3
months [3], and persistent pain disorders were classified based
on the ICD-11 definition [3] as (1) persistent primary pain, (2)
persistent posttraumatic and postsurgical pain, (3) persistent
neuropathic pain, (4) persistent malignant pain, (5) persistent
headache and orofacial pain, (6) persistent visceral pain, and
(7) persistent musculoskeletal pain. Culture was defined as a
broad construct encompassing ethnicity, religion, socioeconomic
status, disability, and sexual orientation [33].

Search Strategy
A systematic search was performed in New Zealand Google
Play Store (Android) and the App Store (iOS)—via the website
fnd.io [34] —on November 14, 2017. These stores account for
99.22% of the market share of smartphone platforms used in
New Zealand [35]. Search terms for both stores included pain,
pain management, and chronic pain. An updated search was
conducted on December 07, 2018, using the term pain
management in both Google Play and App stores (via fnd.io
[34]) to identify any new apps.

Inclusion Criteria
Apps were included if they were (1) smartphone apps targeted
to adults (>16 years) with persistent pain, (2) capable of being
used for any persistent pain condition, (3) able to provide
information on at least one or more of the following
recommended strategies for pain management: pain education,
activity pacing, thought and behavioral management, exercises,
relaxation or breathing, meditation or mindfulness, distraction
techniques, and (4) available in English.
Apps were excluded if (1) a specific pain condition was targeted
(eg, low back pain and migraine), (2) only pain monitoring
function was provided, and (3) the app was an advertisement
for a specific clinic or product.

Data Extraction
App names and descriptions from the app search in Google Play
Store and the App Store were screened against a priori selection
criteria. Next, eligible apps were downloaded for further
screening using either OnePlus 3 smartphone running Android
8.0.0 for Google Play Store apps or Apple iPhone 6S running
iOS 11.1.2 for the iOS platform. Apps found on both platforms
were only downloaded on the iOS platform [30]. DF conducted
http://mhealth.jmir.org/2019/2/e13080/
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the app search and screened apps for inclusion. Unclear app
store descriptions were discussed with HD or RG for selection.
When a free version (often indicated by lite in the title) and
fully featured paid version of a same app were available, we
assessed only the fully featured paid version so that the full
functionality of the app was evaluated. A list of the final
included apps was collated into an Excel spreadsheet (Microsoft
Corp), with metadata about each app extracted from the relevant
app stores. This included information on developer, price, app
size (in megabytes), app version, and a brief summary of app
contents.

Evaluation of App Contents for Self-Management
Support
Currently, there are no widely accepted frameworks or clinical
guidelines recommending the key components of a pain
self-management program. Therefore, a customized 14-item
self-management support (SMS-14) checklist [5,8,24,36] was
used for the purpose of this app review to evaluate the contents
of the included apps for learning or developing self-management
support (Table 1). The SMS-14 checklist included 6 core
self-management skills (12 items) and 2 functions (2 items).
Core self-management skills included self-efficacy building via
recommended pain management strategies (7 items),
problem-solving (1 item), goal-setting (1 item), self-tailoring
(1 item), self-monitoring (1 item), and partnership between
views of the patient and clinician via communication skills (1
item). The functions included providing access to social support
(1 item) and culturally tailored information (1 item) by
addressing cultural beliefs related to ethnicity, religion,
socioeconomic status, disability, and sexual orientation [33].
The items from the SMS-14 checklist were informed from a
well-established self-management framework—Stanford
Self-management Support model [8,36], an evidence-based
persistent pain guideline [28]—and previous reviews on
self-management and persistent pain [5,24,31]. Apps scored 1
point for each item featured within the app, with a possible score
between 0 and 14. Two reviewers (DF and HD) independently
evaluated the SMS-14 checklist of included apps by using all
the functions of the downloaded apps for at least 10 min and
scored the items based on mutual consensus. RG reviewed and
adjudicated any discrepancies.

App Quality Evaluation
The 23-item Mobile Apps Rating Scale (MARS) [37] was used
to assess general app quality. The MARS is a reliable tool for
assessing app quality using 5 sections: engagement (5 items),
functionality (4 items), aesthetics (3 items), information quality
(7 items), and a subjective app quality score (4 items). The app
quality mean score of an included app was calculated from
individual mean scores of engagement, functionality, esthetics,
and information quality. Two trained reviewers (LP and DF)
independently scored the included apps using the MARS and
subsequently compared scores and formed a consensus opinion
to give a final reported MARS score [37]. Any difficulties in
reaching a consensus were discussed with HD to reach a
conclusion. For each MARS section, the interrater reliability
of total mean scores between the reviewers was calculated using
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model with absolute agreement among single ratings [1,3].

Table 1. Self-management support (SMS-14) checklist for best-practice content items for self-management support of pain.
Skills

Description

Examples (if one or more present, scored yes)

Score

Self-efficacy building

Provision of information on self-management or active coping strategies to improve the ability to control
one’s behavior—Cognitive Behavioral Therapy
(CBT) approaches

Pain education: Mechanisms of pain/neurophysiolo- Yes; No
gy; Information on pain-stress-depression; Thought
management; Fear avoidance; Catastrophizing;
Medication use; Sleep management
Activity pacing: Increments in activity interspersed Yes; No
with short periods of rest or changes in activity not
determined by level of pain; (eg, increasing tolerance
on activities of preference such as walking and sitting)
Thought and behavioral management: CBT-based
Yes; No
therapy; Acceptance-based therapies: Mindfulnessbased stress reduction; Acceptance and commitment
therapy
Exercises (biomechanical or aerobic): Biomechani- Yes; No
cal—Exercises aimed at changing or improving
spinal mechanics (eg, stretching, strengthening, range
of motion, Pilates, and McKenzie exercises); Aerobic
exercises—Exercises aimed at improving cardiovascular fitness and endurance (eg, walking, running,
and swimming)
Relaxation and breathing: Self-calming methods—Breathing exercises and mental imagery

Yes; No

Meditation and mindfulness: Interventions primarily Yes; No
focusing on physical, mental, and spiritual focus;
Yoga, Tai Chi, and mindfulness.
Distraction techniques: Shifting attentional focus
from pain; Music, art, play, and images
Self-tailoring

Provision of structured information and self-manage- Scope for the individuals to incorporate the selfment support based on the individual sympmanagement strategies learnt to fit their individual
toms/needs
needs

Self-monitoring of
symptoms

Capacity to help people to monitor their symptoms
(eg, mood, thoughts, and pain intensity)

Goal setting and planning Capacity to identify and log meaningful goals
(physical, emotional, social) and track goals
Problem solving

Yes; No
Yes; No

Thought diaries; Daily activity tracking; Pain diaries; Yes; No
Mindfulness; Sleep management
Planning daily activities; Planning a specific activity Yes; No
goal

A systematic approach to be aware of and developing Having a plan for dealing with flare-ups; Ability to
a plan for dealing with stressful or challenging situa- deal with stressors (eg, pain, stress, depression, and
tions
anxiety)

Partnership between
Opportunity to interact with health care provider and Information/training on assertive communication
views of patient and clin- involve people with persistent pain in decision mak- with health professionals for patients
icians
ing

Yes; No

Yes; No

Social support

Access to a community of persons living with persis- Provision of access to other persons in pain through Yes; No
tent pain
the app for the purpose of providing emotional, informational, and appraisal support

Cultural relevance

Reporting of culturally tailored information applica- Tailored information toward different cultures: Ethble for diverse ethnic groups
nicity; Religion; Socioeconomic status; Disability;
Sexual orientation

Results
Systematic Search
The initial search identified 600 unique Android apps from the
Google Play Store and 339 unique iOS apps from the App
Store—Figure 1. Following app name and description screening,
876 apps were excluded. Reasons for app exclusion were not
http://mhealth.jmir.org/2019/2/e13080/

XSL• FO
RenderX

Yes; No

being relevant to people with persistent pain (327/876, 37.3%),
not applicable to all pain conditions (256/876, 29.2%), and not
containing information related to pain management strategies
(114/876, 13.0%)—Figure 1. After full app content screening,
19 apps were included for the review. This included 1 app
(Curable) found only in the updated search.
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App Characteristics and Content
A summary of key characteristics of included apps is presented
in Table 2. Overall, 12 of the 19 included apps were on both
platforms, 3 were only on Android, and 4 only on iOS. Apps
ranged in size from 3.3 MB to 105.30 MB, with the largest apps
being Mindfulness Daily (105.3 MB) and Release Pain with
Andrew Johnson (97.3 MB). Moreover, 5 of the apps were free
and 11 had a single payment ranging from NZD $2.99 to NZD
$14.99. Additionally, 3 apps were available on annual
subscription (Aware—Meditation and Mindfulness NZD $49.99,
Curable NZD $209.88, and Headspace NZD $139.99), and some
of these apps also required additional in-app downloads for
specific pain management content. Just more than half of the
included apps (n=10) explicitly described the involvement of a
health professional in developing app contents. A majority of
the included apps were meditation (n=13) and relaxation apps
(n=16) in the form of audio-guided imagery and hypnosis. One
app provided comprehensive pain neuroscience education and
guided relaxation for pain management (Curable). In addition,
2 apps delivered yoga in the form of postures for pain relief
(Yoga for Pain therapy) and a specific form of transcendental
meditation (Sahaja Kundalini Meditation).
Overall, the 19 apps met a median of 4 (range 1-8) of the
SMS-14 checklist (Table 3). Free apps (median=7, range 2-8)
scored better than the paid apps (median=1.5, range 1-8), with
2 of the 3 highest scoring apps (Pain Scale—Pain Diary and
Coach and SuperBetter both scored 8) being free. Of the paid
apps, the Curable app had the top score, including 8 content
items from the SMS-14 checklist. Self-tailoring of provided
skills and strategies (n=9) and the capacity for self-monitoring
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of symptoms (diary entries and/or self-reflection) (n=11) were
both commonly found self-management skill content. Apps
featuring cognitive interventions such as meditation (n=13)
scored well for self-management score, as this content often
gained 1 point for each of relaxation and breathing, thought and
behavioral management, and problem solving. Of the 7
self-efficacy building strategies, pain education, activity pacing,
exercises, and distraction techniques were seldom included.
Opportunities to communicate with clinicians, social support
from peers with persistent pain, and features to actively set goals
and problem solve their symptoms were found infrequently,
and none of the apps contained tailored information to address
cultural beliefs. The mutual agreement between DF and HD’s
independent evaluations of SMS-14 checklist was substantial;
adjusted kappa statistic (κ) was 0.86 (95% CI 0.79-0.93).

Quality Assessment
The app quality mean scores from MARS evaluation ranged
from 2.72 to 4.54 (Table 4). Curable (4.54), Headspace (4.48),
and PainScale (4.47) were the 3 highest scoring apps. Out of
the 5 sections of the MARS, apps scored poorly in engagement
and subjective app quality. Overall, 4 apps met criterion for
scientific validation (item 19; Relax—Stress and Anxiety Relief,
Mindfulness Daily, Headspace, and SuperBetter), of which 2
(Headspace and SuperBetter) had been clinically evaluated to
show improved health outcomes [38,39]. No apps scored for
scientific validation in improving health outcomes for people
with persistent pain. The ICC scores for all sections from our
MARS rating were greater than 0.69; in particular, app quality
mean score showed a high level of reliability (ICC=0.92),
indicating a good consistency across app ratings.
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Figure 1. Flowchart for systematic app search from Google Play and App stores.
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Table 2. Summary of app characteristics.

a

App Name

Developer

Platform(s)

App Version Cost (NZD)

App size (MB)

Description

Aware—Meditation and
Mindfulness

Uber Health Tech
Pvt. Ltd

Android or iOS

2.2

8.19

Mindfulness or
guided meditation

Counting Down to Relaxation

Healthy Visions

Android or iOS

2.1

$4.49

24.38

Guided relaxation or
hypnosis

Curable: Back Pain, MiCurable Inc
graine and Chronic Pain Relief

Android or iOS

4.1.0

$209.88 per year

3.44

Guided mind and
body strategies for
pain management

Freedom From Pain

Healthy Visions

Android or iOS

2.1

$12.99

24.85

Hypnosis audio
track

General Pain Management
Guided Imagery

Shelley SpencerHellmich

Android or iOS

2

$8.99

48.3

Guided relaxation
audio

Headspace: Guided Medita- Headspace, Inc.
tion

Android or iOS

3.2.4

$139.99 per year

30.28

Guided mindfulness
to increase approach
attention

Meditations for Pain Relief

Highly Meditated

Android

1.0.0

$3.02

37.54

Mindfulness or
guided meditation

Mindfulness Coach

US Department of
Veterans Affairs
(VA)

iOS

1.4

Free

24.8

Mindfulness or
guided meditation

Mindfulness Daily

INWARD, INC

iOS

1.4

Free

105.3

Mindfulness or
guided meditation

Mindfulness Meditation for Sounds True
Pain Relief—Jon KabatZinn

iOS

101.101.5

$14.99

32.1

Mindfulness or
guided meditation

Pain Control Hypnosis by
Glenn Harrold

Diviniti Publishing
Ltd

Android or iOS

1.3

$5.99

80.54

Hypnosis audio

Pain Relief and Healing
Meditation

Drentek

Android or iOS

2

$2.99

51

Mindfulness or
guided meditation

Pain Relief Hypnosis PRO

Surf City Apps LLC Android or iOS

4.5

$5.99

68.3

Hypnosis audio

PainScale-Pain Diary and
Coach

Boston Scientific

Android or iOS

1.5

Free

31.7

Pain monitoring and
management

Relax—Stress and Anxiety
Relief

Saagara

Android or iOS

2.03

$4.49

51

Guided relaxation
audio

Release Pain with Andrew
Johnson

Michael Schneider

iOS

8.38

$4.49

97.3

Guided relaxation
audio

Sahaja Kundalini Meditation egeApps

Android

1.2.6

$4.49

7.56

Guided Kundalini
meditation

SuperBetter

SuperBetter, LLC

Android or iOS

1.1.4

Free

4.91

Gamified tasks and
goal-setting

Yoga For Pain Therapy

Harwell Publishing

Android

2

Free

16.02

Yoga postures and
meditation

$49.99 per year
RRPa

RRPa

RRPa

RRP: recommended retail price.
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Table 3. Evaluation checklist for self-management skills and functions.
App name

Core self-management skills

Functions

Self-efficacy building

STh

SMi

GSj

PSk

PVl

SSm

CRn

Total (14)

PEa

APb

TBc

Ed

R/Be

M/Mf Dg

Aware—Meditation and
Mindfulness

—o

—

✓

—

✓

✓

—

✓

✓

—

✓

—

—

—

6

Counting Down to Relaxation

—

—

—

—

✓

—

—

—

—

—

—

—

—

—

1

Curable: Back Pain, Mi✓
graine and Chronic Pain Relief

—

✓

—

✓

✓

✓

✓

—

✓

—

✓

—

8

Freedom From Pain

—

—

—

—

✓

—

—

—

—

—

—

—

—

—

1

General Pain Management
Guided Imagery

—

—

—

—

✓

—

—

—

—

—

—

—

—

—

1

Headspace: Guided Medita- —
tion

—

✓

—

✓

✓

—

✓

✓

—

✓

—

—

—

6

Meditations for Pain Relief

—

—

—

—

✓

✓

—

—

✓

—

✓

—

—

—

4

Mindfulness Coachp

—

—

✓

—

✓

✓

—

✓

✓

✓

—

—

—

—

6

Mindfulness Dailyp

—

—

✓

—

✓

✓

—

✓

✓

✓

✓

—

—

—

7

Mindfulness Meditation for —
Pain Relief—Jon KabatZinn

—

✓

—

✓

✓

—

✓

✓

—

✓

—

—

—

6

Pain Control Hypnosis by
Glenn Harrold

—

—

—

—

✓

—

—

—

—

—

—

—

—

—

1

Pain Relief & Healing Med- —
itation

—

—

—

✓

✓

—

—

—

—

—

—

—

—

2

Pain Relief Hypnosis PRO

—

—

—

—

✓

—

—

—

—

—

—

—

—

—

1

PainScale-Pain Diary and

✓

—

—

✓

✓

✓

—

✓

✓

—

—

✓

✓

—

8

Relax—Stress and Anxiety
Relief

—

—

—

—

✓

✓

—

✓

✓

—

—

—

—

—

4

Release Pain with Andrew
Johnson

—

—

—

—

✓

—

—

—

—

—

—

—

—

Sahaja Kundalini Meditation —

—

—

—

—

✓

—

—

—

—

—

—

—

—

1

Coachp

p

—

✓

✓

✓

—

✓

—

✓

✓

✓

✓

—

✓

—

8

Yoga For Pain Therapyp

—

—

—

—

—

✓

—

—

✓

—

—

—

—

—

2

Count across apps

2

1

7

1

16

13

0

9

11

3

7

1

3

0

—

SuperBetter

a

1

PE: pain education.

b

AP: activity pacing.

c

TB: thoughts and behavioral management.

d

E: exercises (biomechanical/aerobic).

e

R/B: relaxation/Breathing.

f

M/M: meditation/Mindfulness.

g

D: distraction techniques.

h

ST: self-tailoring.

j

SM: self-monitoring of symptoms.

j

GS: goal setting and planning.

k

PS: problem solving.

l

PV: partnership between views of patient and health professionals.

m

SS: social support.
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n

CR: cultural relevance.

o

Criteria not met.

p

Free app.

Table 4. Mean Mobile App Rating Scale scores of included apps.
App Name

MARSa Categories
Engagement

Functionality

Aesthetics

Information

Subjective Quality App Quality Mean

Section A

Section B

Section C

Section D

Section E

Scoreb (A+B+C+D)

Aware—Meditation and
Mindfulness

3.60

4.25

4.67

4.20

4.50

4.18

Counting Down to Relaxation

1.80

4.25

2.00

2.83

2.00

2.72

Curable: Back Pain, Mi4.00
graine and Chronic Pain Relief

5.00

4.66

4.50

4.75

4.54

Freedom From Pain

2.60

4.00

2.67

3.50

1.75

3.19

General Pain Management
Guided Imagery

3.00

4.75

2.33

3.50

2.00

3.40

Headspace: Guided Medita- 4.20
tion

4.50

5.00

4.20

5.00

4.48

Meditations for Pain Relief

3.40

5.00

4.33

3.25

3.00

4.00

Mindfulness Coachc

2.80

4.75

4.00

4.33

2.75

3.97

Mindfulness Dailyc

4.20

4.50

5.00

4.14

4.75

4.46

Mindfulness Meditation for 2.60
Pain Relief-Jon Kabat-Zinn

3.50

3.00

3.00

1.50

3.03

Pain Control Hypnosis by
Glenn Harrold

3.20

5.00

4.00

4.00

3.00

4.05

Pain Relief and Healing
Meditation

2.60

4.00

3.00

2.67

1.75

3.07

Pain Relief Hypnosis PRO

3.80

4.75

4.67

3.67

3.25

4.22

PainScale-Pain Diary and

4.20

4.50

4.67

4.50

4.00

4.47

Relax—Stress and Anxiety
Relief

3.60

4.75

5.00

3.67

4.00

4.25

Release Pain with Andrew
Johnson

3.00

5.00

4.33

3.67

2.75

4.00

Sahaja Kundalini Meditation 2.20

4.50

3.33

3.00

2.00

3.26

SuperBetterc

4.00

4.00

4.33

4.33

4.25

4.17

Yoga For Pain Therapyc

2.20

4.50

3.33

2.33

1.25

3.09

Coachc

a

MARS: Mobile Apps Rating Scale.

b

App quality mean scores were calculated based on mean scores from engagement, functionality, aesthetics and information quality.

c

Free app.

Discussion
Principal Findings
Although this app review identified 19 apps that purported to
support self-management of persistent pain, the
comprehensiveness of app contents fostering ongoing
self-management skills and functions was limited. Of interest,
2 of the 3 apps (PainScale-Pain Diary and Coach and
http://mhealth.jmir.org/2019/2/e13080/
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SuperBetter) including the largest number of items to support
self-management of pain were both free, suggesting the potential
for using apps as a scalable, wide-reaching intervention to
complement face-to-face care. None of the included apps
provided information tailored to cultural needs of the user, and
none had been evaluated in people with pain. Furthermore,
features facilitating individual goal setting, peer support, and
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communicating health information with clinicians were
infrequent.
A majority of the included apps (n=11) focused on delivering
a single self-management strategy (eg, meditation and guided
relaxation) for symptom management but lacked the features
to facilitate core self-management skills (eg, goal setting and
problem solving). Apps with more features facilitating core
self-management skills have the potential for facilitating
behavioral change [40], as identified in app-based systematic
reviews promoting physical activity [41,42]. However, the
self-management skills that are most influential in facilitating
long-term behavior change in this clinical population remain
unknown. A recent metasynthesis of qualitative studies
identified that people with persistent pain valued ongoing
support to sustain motivation to incorporate learnt
self-management strategies after completing face-to-face
treatments [11]. Overall, 3 of the included apps (Curable,
Mindfulness Daily, and SuperBetter) did include 5 out of the 6
core self-management skills, suggesting that apps used after or
alongside face-to-face care could be a feasible mechanism for
providing ongoing self-management support.
Self-management strategies delivered for symptom management
were predominantly mindfulness-based cognitive interventions.
Mindfulness-based interventions such as stress reduction and
cognitive therapy have been shown to improve long-term health
outcomes in people with persistent pain [43]. Mindfulness-based
apps had sophisticated features to facilitate thought and
behavioral management. For example, apps featured weekly
modules for the user to complete and had the capacity to
self-monitor meditations via logs and setting reminders. By
contrast, app facilitating guided relaxation in the form of guided
imagery and hypnosis had only audio tracks with limited
opportunities for tailoring to user needs. Inclusion of persuasive
system design principles by means of task breakdown, providing
reminders, and praise for achieving intended behavior and
providing peer support with similar users has the potential to
be persuasive to facilitate adherence to self-management
strategies [44].
Pain education and activity pacing, 2 widely used
self-management strategies were infrequently present in the
included apps. For the purpose of the review, pain education
was defined relative to concepts of pain neuroscience education,
information on pain-stress-depression, medication, and sleep
management. Pain neuroscience education has been shown to
improve long-term improvements in pain-related disability and
functioning [45]. Except for the Curable app, which provided
comprehensive pain education via an interactive virtual pain
coach, it is a significant omission that pain education and support
for activity pacing were absent from most apps. For people with
pain to successfully pace daily activities, preplanning,
establishing user-centered activity goals, scheduling daily
activities based on their symptoms, and prioritizing to achieve
graded increment of activities are required [46]. These skills
need to be supplemented by constant reinforcement, feedback,
and monitoring [47]. Recent studies have shown the potential
for wearable devices providing real-time feedback during daily
activities and encouraging people to improve pacing [48,49].
Given the complexity in defining pacing, theoretical models
http://mhealth.jmir.org/2019/2/e13080/

XSL• FO
RenderX

Devan et al
guiding pacing intervention (operant theory and energy
conservation) [46], and individualized nature of pacing [47],
the potential to facilitate pacing via apps needs further
investigation before widespread inclusion in apps.
Goal setting was found in only 3 of the included apps, a finding
similar to previous app-reviews on persistent pain [24,31]. It
has been shown to be an effective strategy to foster self-efficacy
in people with pain [10]. Only 2 apps (Mindfulness Coach and
Mindfulness Daily) used a SMART format (specific,
measurable, achievable, realistic, and timed), whereas
SuperBetter used gamified terms such as quests, power ups,
and bad guys to foster goal setting. Despite the differences,
further research is required to identify best-practice delivery of
the goal-setting features in pain apps that would address the
needs of users [31].
Social support can foster self-management [50], but it was
featured in only 3 included apps. Although most of the apps
allowed users to post activities to social media, which could be
considered a means of facilitating peer support, this criterion
was defined as providing access to peers with a similar health
condition by providing informational, appraisal, and emotional
support from their common disease experiences [51]. An app
meeting this criterion would provide peer support via patients’
stories of living well, with pain or discussion forums embedded
in the app. Online support communities to connect and share
information have been shown to improve pain-related outcomes
such as improved self-efficacy and self-reported global health
[52,53]. Although issues related to confidentiality and privacy
need to be considered before incorporation of these features
into apps, people with persistent pain value the importance of
peer support and peer validation as an important skill for
long-term self-management [11].
None of the apps provided culturally tailored information, a
finding similar to our previous review on pain self-management
websites [54]. Although meeting all these cultural aspects in an
app may not be possible and would be country or region specific,
there is a need for providing information tailored to cultural
beliefs, considering the existing health disparities across cultures
(eg, ethnic and racial minorities) in pain prevalence and access
to services [55]. From the New Zealand context, providing
culturally appropriate information is important to meet the needs
of New Zealand Māori—Indigenous people of New
Zealand—who are at high risk of reporting persistent pain [56]
and experience greater health inequities than any other ethnic
group in New Zealand [13,57]. It is interesting to note that none
of the previous app reviews [23,24,30,31,58] have investigated
the provision of culturally tailored information despite the
evidence to support that cultural beliefs and practices affect
individual pain experiences [59] and adherence to active
self-management strategies [27]. Currently, there is no guideline
available for cultural tailoring of apps. Codesigning resources
with specific cultural groups by involving significant others
(eg, family members), using visual aids such as pictures,
cartoons, and videos, and simplified text with less jargon have
been shown to positively influence health beliefs and
self-management strategies [60,61], suggesting the potential
for apps as a medium for delivering culturally relevant
information.
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The included apps had high rating on the MARS. Apps in
general scored highly in esthetics and often earned higher scores
in engagement, resulting in apps that are easy to use, interactive,
and promoted repeat use. Although 2 of our included apps
(Headspace and SuperBetter) scored on the MARS item 19 for
evidence base for improved health outcomes in people with
anxiety and depression [38,39], no apps were validated in people
with persistent pain, a finding similar to a previous app review
on persistent back pain [30]. Furthermore, the mean MARS
total score (3.82) for the included apps was higher than in the
previous pain app review (2.36) [30]. Differences could be
because of the large number of apps reviewed (n=61) compared
with the present review (n=19).
The majority of included apps required payment (n=14,) ranging
from a single payment of NZD $2.99 to NZD $25.99 per month,
raising the question if pain apps can be an equitable intervention.
This is particularly important when considering existing
inequities among people with persistent pain. As those in lower
socioeconomic areas are overrepresented in this clinical group
[56], they are also therefore disproportionately impacted by
financial barriers to accessing self-management interventions
[62,63]. Interestingly, the 2 of the 3 highest scored apps from
our self-management support evaluation and MARS rating
(PainScale-Pain Diary and Coach and SuperBetter) were both
free, suggesting that providing high-quality self-management
support via apps can be feasible and equitable.

Limitations
Although this is the first review to comprehensively assess the
app contents using best-practice items to support
self-management skills, including cultural tailoring in people
with persistent pain, the following limitations need to be
acknowledged in interpreting the results from this review. First,
during our app screening process, we identified a number of
popular apps for symptom monitoring (eg, Manage My Pain
and My Pain Diary), which failed to meet our inclusion criteria
because the present review had an inclusion criterion that
required apps to provide information on pain management
strategies. Although pain intensity assessment is an important
aspect of overall self-management, pain intensity alone is a poor
indicator of suffering and disability associated with persistent
pain [64]. Furthermore, multidisciplinary cognitive behavioral
therapy–based interventions focus on improving pain-related
function instead of pain intensity [65]. Therefore, a
comprehensive evaluation of symptom monitoring apps is
beyond the scope of this review and would require another
systematic review of apps. Although we were able to identify
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2 apps (Brigham and Women's Hospital (BWH) Pain app and
WebMD Pain Coach) from previous studies [31,66], these apps
were not available at the New Zealand App Store and Google
Play Store. Two popular apps (Pain Tricks and Pain Squad)
were not included as they focused on children with persistent
pain.
Secondly, our customized SMS-14 checklist, although based
on evidence-based recommendations, has not been tested for
validity. However, evidence suggests that technological
interventions with more features facilitating core
self-management skills (self-efficacy building, self-monitoring,
goal setting, and problem solving) and support functions (peer
support and cultural appropriateness) have the potential to foster
long-term adaptive behavioral change [40-42]. Therefore,
clinicians can be reasonably confident in the comprehensiveness
of features facilitating self-management support from the apps
included in the review. We acknowledge this is an area for
further exploration as the most effective component of the
multidisciplinary behavioral interventions remains unknown
[5]. Next, only apps available in the New Zealand stores were
included. This could have missed comprehensive pain
self-management apps that are currently available in other
countries (eg, BWH Pain app and Pain Toolkit). Finally, only
app descriptions were used in the first screening stage, a standard
practice in app-based reviews. Therefore, apps containing
suitable self-management skills may have been missed if these
skills were not described in the app store description.

Conclusions
This app review evaluated the contents of apps fostering
self-management support for people with persistent pain. Of
the 3 apps (Curable, PainScale-Pain Diary and Coach and
SuperBetter) that met the largest number of items to support
skills in self-management of pain, 2 apps (PainScale-Pain Diary
and Coach and SuperBetter) were free, suggesting the potential
for using apps as a scalable, wide-reaching intervention to
complement face-to-face care. However, none provided
culturally tailored information. Although 2 apps (Headspace
and SuperBetter) were validated to show improved health
outcomes, none were tested in people with persistent pain. Both
users and clinicians have to be aware of such limitations and
make informed choices in using and recommending apps as a
self-management tool. Concerted efforts are required among
app developers, clinicians, and people with persistent pain in
developing and testing apps for better integration of such
technologies in clinical practice.
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Abstract
Background: Mobile phone apps capable of monitoring arrhythmias and heart rate (HR) are increasingly used for screening,
diagnosis, and monitoring of HR and rhythm disorders such as atrial fibrillation (AF). These apps involve either the use of (1)
photoplethysmographic recording or (2) a handheld external electrocardiographic recording device attached to the mobile phone
or wristband.
Objective: This review seeks to explore the current state of mobile phone apps in cardiac rhythmology while highlighting
shortcomings for further research.
Methods: We conducted a narrative review of the use of mobile phone devices by searching PubMed and EMBASE from their
inception to October 2018. Potentially relevant papers were then compared against a checklist for relevance and reviewed
independently for inclusion, with focus on 4 allocated topics of (1) mobile phone monitoring, (2) AF, (3) HR, and (4) HR variability
(HRV).
Results: The findings of this narrative review suggest that there is a role for mobile phone apps in the diagnosis, monitoring,
and screening for arrhythmias and HR. Photoplethysmography and handheld electrocardiograph recorders are the 2 main techniques
adopted in monitoring HR, HRV, and AF.
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Conclusions: A number of studies have demonstrated high accuracy of a number of different mobile devices for the detection
of AF. However, further studies are warranted to validate their use for large scale AF screening.
(JMIR Mhealth Uhealth 2019;7(2):e11606) doi:10.2196/11606
KEYWORDS
mobile phone apps; atrial fibrillation; heart rate; arrhythmia; photoplethysmography; electrocardiography; mobile health

Introduction
Over the past years, there has been a significant increase in the
number of mobile phone apps focusing on cardiovascular
diseases. These apps are designed to monitor cardiovascular
risk factors such as obesity, smoking, sedentary lifestyle,
diabetes, and hypertension as well as to prevent and manage
chronic conditions such as atrial fibrillation (AF) [1-5]. There
are currently more than 100,000 available mobile health apps
on iTunes and Google Play as well as more than 400 wearable
activity monitors [6]. Approximately 64% of adults possess a
mobile phone in the United States, and 62% of mobile phone
owners use their phones to access health information and obtain
education about diseases and health conditions [6]. Previous
research has reported the benefits of using mobile health in
modifying behavior to improve cardiovascular health through
dietary management, physical activity promotion, smoking
cessation, weight control, blood pressure control, cholesterol
management, and blood sugar measurement [7-12]. However,
there remains some ambiguity when it comes to the use of such
apps in heart rate (HR) and HR variability (HRV) because of
the lack of reliable statistical tests used in studies and the lack
of standardized recommendations from professional bodies in
terms of screening and monitoring of these parameters, as
highlighted by Pecchia et al recently [13].
Currently, mobile phone–based photoplethysmography (PPG)
and handheld electrocardiograph (ECG) recorders are the 2
main concepts adopted in monitoring HR, HRV, and AF [14,15].
PPG is an optical technique that detects heartbeats by analyzing
changes in skin color and light absorption. Using a mobile app,
the PPG sensor detects variations in light intensity via
transmission through or reflection from the tissue (the
reflectance and transmittance model). The variations in the light
intensity are related to changes in the blood perfusion of the
tissue, and based on these changes, heart-related information
can be retrieved [14,16]. Similarly, the handheld ECG recorder
is also based primarily on a mobile phone and mobile phone
app interface. However, an additional external component, an
ECG sensor unit, is required for the app to function adequately.
This will then allow for a standard lead I ECG to be recorded
[15]. For the purpose of this review, the term handheld ECG
recorder will refer specifically to the mobile phone app
involving an external ECG sensor component, which is not
required by the PPG approach.
Studies have been conducted using mobile phone apps, such as
AliveCor, to detect arrhythmias such as AF [17-19], atrial flutter,
atrial and ventricular premature beats, bundle branch blocks,
and ST-segment abnormalities [20]. As the use of mobile phone
apps in cardiovascular care is a rapidly evolving field, this
literature review seeks to act as a checkpoint, encapsulating the
http://mhealth.jmir.org/2019/2/e11606/
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current state of mobile phone–based PPG and ECG recorders
in monitoring HR, HRV, and AF. This will put into perspective
what has been effective and applicable along with the relevant
challenges encountered to better navigate future research
projects into this niche.

Methods
Overview
A PubMed and EMBASE search that primarily concerned the
use of mobile phone apps for monitoring HR, HRV, and AF
was conducted. The following search string was employed:
(“mobile applications” OR “smartphone” OR “digital health”)
AND (“atrial fibrillation” OR “heart rate”). The search period
was determined as beginning from the earliest available
publications in the databases to October 14, 2018. No language
restrictions were included.
The search results were subsequently transferred to Microsoft
Excel (Microsoft Corp, Redmond WA), and all potentially
relevant reports were retrieved as complete manuscripts and
abstracts and assessed for compliance with relevance to the 4
core principles of this narrative review: (1) mobile phone apps,
(2) HR, (3) HRV, and (4) AF. Overall, 3 authors (CL, FW, and
TT) independently reviewed each publication and report, and
findings were agreed upon by consensus with input from 2
senior researchers (BY and GT). A total of 1006 papers were
found, and 822 publications were excluded after screening due
to irrelevance and noncompliance with principles explored.
Thus, 124 papers were used for this narrative review
(Multimedia Appendix 1).

Results
Atrial Fibrillation and Other Arrhythmias
Atrial Fibrillation—KardiaMobile App
The KardiaMobile app, developed by AliveCor [21], is a
commonly used device in studies investigating the monitoring
of AF. The equipment comprises a finger pad sensor for the left
and right hands, which is attached to the mobile phone, and an
app that receives the transmitted information. A 2017 study by
Tu et al gives a detailed account of the technology used by the
device [22]. When fingers are placed on the sensors, recording
begins. Using a 19,000 Hz center frequency and a modulation
index of 200 Hz/mV, electrical activity is transmitted to the
mobile phone via ultrasound signal frequency modulation to
obtain the ECG trace. The frequency and modulation index
signal that is transmitted to the microphone of the mobile phone
are digitized at 44.1 kHz and 24-bit resolution, respectively.
The app is then able to produce an ECG trace from the received
signal (300 samples/second, 16-bit resolution), which can either
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11606 | p.80
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be viewed as it is produced or be stored as a PDF file for later
viewing. On the basis of the absence of P waves and irregularity
of the RR (R wave to R wave) interval, the associated algorithm
within the app produces a potential AF diagnosis [22].
The Lau et al study [23] took a group of 109 patients, 39 of
which were in AF, and used the AliveCor algorithm to analyze
the rhythms, obtaining a sensitivity of 87% and specificity of
97% when compared with interpretation by a cardiologist. The
algorithm was then altered by increasing the weighting of absent
P waves in the diagnostic process, and recordings were
conducted on this same set of patients. The optimized algorithm
was found to have a sensitivity of 100% and specificity of 96%.
A second set of 204 patients, with 48 having known AF, were
then analyzed by the optimized algorithm, which obtained a
sensitivity of 98% and specificity of 97% in this second dataset.
Other studies have largely found the sensitivity of the AliveCor
device to be in the region of 90% to 98%, with specificity values
ranging from 29.2% to 99% in various studies [24-29]. However,
a study on the use of AliveCor in inpatients in cardiology and
geriatric wards only found a sensitivity of 54.5% and 78.9%,
respectively, for these groups [26], whereas another study
published in 2017 used the AliveCor algorithm as a control and
found a sensitivity of 71.4% for AliveCor [30]. A study of
13,222 patients identified 101 participants to have previously
undiagnosed AF, with 65.3% of these patients reporting no
symptoms before this diagnosis [24]. Within the field of
pediatrics, accurate single-lead ECG tracings were also obtained
in both healthy children and children with arrhythmic
abnormalities [31]. The device is generally well tolerated, and
patients report that it is easy to use [27]. Implementation of the
AliveCor in community health care settings has also been
investigated. Patients generally responded positively to the
suggestion of an ECG being conducted by a pharmacist while
they were attending the pharmacy for other purposes [32].
However, some patients were unwilling to have this conducted
for the fear of discovering something was wrong. In a primary
care setting, the use of AliveCor was well received by patients,
but the staff had some reservations about being involved because
of a self-perceived lack of knowledge [33]. Patients also report
that they felt more confident in managing their AF by using the
app [27,34]. The AliveCor device [18,35-37] has also been
incorporated with patient education to increase the knowledge
of the patients about AF [38]. Mobile apps have been extended
to monitor paroxysmal AF for intermittent anticoagulation [39].
This evidently raises public health issues of systematic and
opportunistic screening. In a recent evaluation of the European
Heart Rhythm Association Consensus on screening AF,
opportunistic screening was recommended for individuals aged
above 65 years and younger patients at high risk of stroke [40].
As such, it is important to understand local screening guidelines
before systematic or opportunistic screenings commence as
large number of false positives yields unnecessary, expensive,
and potentially harmful follow-ups that might affect patients’
mental health.
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Atrial Fibrillation—CardiioRhythm App
The detection of AF by analysis of finger and facial PPG signals
using the CardiioRhythm mobile phone app has been tested in
2 recent studies. In the study by Chan et al [30], finger PPG
waveforms of 20-seconds duration were captured 3 times using
an iPhone 4S equipped with the CardiioRhythm app and
compared with the AliveCor single-lead ECG as referenced.
Finger PPG waveforms were captured using the light emitting
diode flash of the iPhone and the camera, which detected
reflected light to measure the arterial pulsation. These
waveforms were recorded at 30 Hz, with the duration of each
recording being 17.1 seconds, and were filtered with a bandpass
filter using a range of 0.7 Hz to 4.0 Hz. AF was diagnosed from
this if 2 of the 3 PPG recordings were irregular. This was defined
as a lack of repeating pattern, using a Support Vector Machine
to classify the waveforms as similar or nonsimilar to other
waveforms. Analysis of the diagnoses put forward by the
CardiioRhythm app in this study showed a sensitivity of 92.9%
and specificity of 97.7% in detecting AF compared with a
sensitivity of 71.4% for the AliveCor device that was obtained
by this study. This study found the specificities for the 2 devices
to be comparable. The first prospective, international, 2-center,
clinical validation study (DETECT AF PRO) based on similar
finger PPG technology was also conducted recently to
demonstrate the feasibility of such apps alone with a 5-min
sensitivity and specificity of 91.5% and 99.6%, respectively
[41].
In another study by Yan et al, the CardiioRhythm app was used
to analyze facial PPG signals in 217 patients recorded using the
front camera of an iPhone 6S without physical contact (Figure
1) [42]. Overall, 3 successive 20-second recordings were
acquired per patient. Pulse irregularity in 1 or more PPG
readings or 3 uninterpretable PPG readings were considered a
positive AF screening result. The CardiioRhythm facial PPG
app demonstrated a sensitivity of 94.7% and specificity of
95.8%. The positive and negative predictive values were 92.2%
and 97.1%, respectively.

Atrial Fibrillation—FibriCheck App
A recent study conducted by Mortelmans et al [43] used the
PPG app FibriCheck. The patient places the left index finger
over the flashlight and camera, holding their finger horizontally
and keeping the finger in place for 1 min. To ensure an accurate
reading, the screen becomes red when appropriate contact has
been made, and the practitioner manually commences the
measurement. The amount of light that is reflected onto the
camera is then captured and used to calculate the variation in
local arteriole blood volume pulse variation. The rhythm of the
pulse is then identified based on the RR interval. The app in the
mobile phone then judges the quality of the signal based on the
detection of the pulse. If the detection was masked with noise,
or beats were absent, these recordings were not included in the
app’s analysis. When measurements were detected as a good
signal, these data were interpreted by the AF algorithm.
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Figure 1. (A) Patient setup; (B) cardiioRhythm app facial photoplethysmography analysis interface; and (C) complete facial photoplethysmography
signals report.

Concurrently with the PPG measurement, a single-lead ECG
was taken and analyzed by the FibriCheck app. Selection of the
data took place based on quality, and good quality measurements
were analyzed by the AF algorithm using variability between
RR intervals to detect irregularities. The FibriCheck app was
used on an iPhone 5S. With 242 participants, this study found
a sensitivity of 98%, specificity of 88%, and accuracy of 93%
for the FibriCheck algorithm when the data were obtained via
PPG. Interpretation by the app of the single-lead ECG performed
better, yielding a sensitivity of 98%, specificity of 90%, and
accuracy of 94% when compared with standard ECG. When
comparing the 2 methods by false-positive results, when
analyzed by FibriCheck, 8 false positives were produced from
a trace obtained by PPG measurement and 11 false positives
were produced from a trace obtained by a single-lead ECG.

Atrial Fibrillation—Other Methods of Detection
Some studies have looked at the use of the inertial measurement
unit, using modern microelectromechanical (MEMS) sensors
already present in mobile phones, to detect AF [44]. The patient
is advised to lie supine and place the mobile phone on their
chest. The accelerometer of the mobile phone, which detects
the orientation of the phone, can detect cardiogenic movements
of the chest. The movements detected are those caused by the
opening of the aortic valve, and so, the interval between each
successive valve opening is recorded and considered to
determine the presence of AF. This yielded a sensitivity of
93.8% and specificity of 100% in the detection of AF. A similar
study used the MEMS sensors of mobile phones to obtain
measurements, which when analyzed by machine learning
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methods found a sensitivity of 98.5% and specificity of 95.2%
in its best performing method [45].
The feasibility of producing a wearable sensor that records HR
and transmits information to a mobile phone app was examined
[46]. The way this app identifies AF is similar to the FibriCheck
app. As an example, a 42-year-old male admitted with new-onset
AF of undetermined duration was deemed appropriate for
electrocardioversion because of his FitBit Charge HR device
recording the time at which increased HR was observed,
allowing the onset of AF to be identified [47]. In a study by
Yan et al, the diagnostic accuracy of the CardiioDeepRhythm
app, a deep convolutional neural network for detecting AF from
the PPG signal acquired using an off-the-shelf wrist-worn device
(Empatica E4, Milan, Italy), was tested in 51 in-hospital patients
reporting a sensitivity and specificity of 93% and 94%,
respectively [48]. These findings demonstrate the promising
value of PPG sensors for ambulatory AF monitoring. Krivoshei
et al [49] conducted a study investigating the use of PPG in AF,
with a view to implementing the technology in a smartwatch;
the protocol for this trial was published as an abstract during a
conference [50]. Table 1 summarizes the sensitivities and
specificities of the apps in AF detection. Despite some studies
conducting direct comparisons between different technological
modalities [30], it is still done with reference to the gold
standard of a conventional 12-lead ECG within a short period.
This is especially important because none of the new app
technologies have been properly integrated into the wider health
care network as compared with the 12-lead ECG, which is a
validated instrument commonly available within primary and
secondary care settings.
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Table 1. Sensitivities and specificities for the 5 main technologies applied in atrial fibrillation detection.

a

Modalities

Sensitivity (%)

Specificity (%)

Original AliveCor algorithm (finger pad sensor)

54.5-98.0

29.2-99.0

Optimized AliveCor algorithm (finger pad sensor)

98-100

96-97

CardiioRhythm (finger PPGa)

92.6-92.9

94.8-97.7

CardiioRhythm (facial PPG)

94.7

95.8

CardiioRhythm (wristband PPG)

93

94

FibriCheck (finger PPG)

98

88-90

Inertial measurement unit (chest accelerometer)

93.8-98.5

95.2-100

PPG: photoplethysmography.

Heart Rate and Heart Rate Variability
Heart Rate
There has been considerable innovation in the use of mobile
phone apps for the purpose of HR monitoring in adults. In
particular, numerous studies have investigated the potential of
2 specific methods—seismocardiogram (SCG) and PPG—in
producing accurate HR measurements. Landreani et al, for
instance, described the application of SCG and
ballistocardiogram (BCG) signals for HR monitoring apps in
mobile phone–embedded accelerometers [51]. This is achieved
by determining the RR interval of sufficient amplitude and
subsequently detecting the fiducial peak from the SCG and BCG
signals. In PPG, the accuracy of this method was also
demonstrated in a study by Alaleef et al, who found a 99.7%
accuracy and maximum absolute error of 0.4 beats/min [52].
The accuracy and feasibility of PPG signals from mobile phone
apps also varied between different types of PPG apps. In
Parpinel et al’s study, higher feasibilities and accuracies were
found for contact PPG–based apps compared with the
noncontact PPG–based ones [53]. Koenig et al [54] found that
their algorithm using PPG to assess HR had a consistent
accuracy when compared with ECG (correlation index R>.99).
Gold Standards and Validation of Mobile Phone Heart Rate
Apps
Although there is currently no consensus on the gold standard
for the validation of HR apps, Vanderberk et al suggested the
comparison of the HR on mobile phone apps with an ECG
system via RR intervals. With regard to the actual accuracy of
these mobile phone apps, there was no significant difference
(P=.92) found between the interval measurements of the HR
app and the ECG system, suggesting that the HR apps have a
comparable accuracy with ECGs [55]. This is further supported
by a recent comparison of 3 HR apps against simultaneous
standard ECG monitoring, which found an acceptable
correlation. However, accuracy became questionable in specific
cases of irregular rhythms such as AF [56].
Heart Rate Apps in Different Fields
The use of HR apps has been tested in different clinical settings.
In a specific app reviewed by Chaudhry et al, named Unique
Heart Rate Monitor, PPG was used for the measurement and
categorization of workout intensity. It also allows subjects to
check their HR in response to medical therapy [57]. The clinical
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use of HR apps during exercise was also assessed by numerous
studies. In particular, some studies noted that the measurement
accuracy tended to differ at different exercise intensities. In 1
study, the app had higher measurement errors at increased
exercise intensities when compared with Holter
echocardiography monitors; however, it had similar accuracy
to the Holter monitor at resting and recovery stages [58]. Yan
et al presented similar findings, although the correlations
between the facial PPG–estimated HR and ECG HR had smaller
variations (r=.997 on resting compared with r=.982 with
postmoderate intensity exercise) [59]. Furthermore, it was also
found that both iOS and Android operating systems, with the
same HR app, had concurrent validity with an FT7 Polar HR
monitor at rest and at postexercise time points [60]. Although
many studies reported the use of mobile phones as the media
for measuring and interpreting HRs, some studies used mobile
phone apps as a feedback system rather than the actual HR
sensor. By using Bluetooth communication, subjects had their
HR measured by a specially devised HR sensor at different
exercise intensities, and this information was transferred via
Bluetooth back to the mobile phone for analysis based on
existing information during the pre-exercise period [61]. In
addition, some cardiac HR monitors have a built-in alert system
with real-time bradycardia and tachycardia arrhythmia detection.
In the study by Golzar et al, users reported almost zero delays
with data transmission and a 91.62% performance accuracy in
comparison with regular ECG monitoring [62].
Apart from using HR apps for exercise HR monitoring, other
studies also investigated the potential use of HR monitoring to
reduce the exercise-induced risk of hypoglycemia. This is done
within the context of control-to-range closed-loop artificial
pancreas systems. By integrating HR as part of the feedback
system in the Android app, it was found that the inclusion of
HR monitoring better controlled blood glucose decline during
exercise (P=.02) and resulted in fewer hypoglycemic events
during exercise (P=.16 for none vs 2 events) [63].
The use of camera-based PPG has also been suggested for use
in other age groups, including infants and newborns. Although
the method has reported inaccuracies because of subject
movements throughout the day, Kevat et al found that this
method of HR measurement had increased clarity and precision
in neonates receiving phototherapy [64]. Although this specific
application of PPG may have potential use in pediatric patients,
the inaccuracies of this method remain. Thus, when PPG is
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compared with normal ECG monitoring, different phone apps
had lower accuracies for HR measurements using the finger or
toe but higher accuracies at the earlobes. HR measurements
were inaccurate above 120 bpm [65]. These results suggest that
the technique is still evolving and requires considerable research
before implementing it as a standard alternative to regular ECG
HR monitoring for pediatric populations.
Apart from HR measurements in neonates and children,
Android-based HR apps have also been developed to track and
increase adherence to certain activities such as breathing
awareness meditation. In the study by Gregoski et al, a tension
tamer HR app used PPG via phone camera lens to transmit
time-stamped HRs back to the hospital server for real-time
adherence collection [66]. However, the very small sample size
prevents definite conclusions to be drawn. The inaccuracies of
these mobile phone apps were also found in the context of fetal
HR monitoring by Soffer et al, who reviewed 30 unique apps
and found that over 33% of the apps did not put disclaimers
and/or provided false medical information [67].
Although PPG has been widely investigated, the use of mobile
phones to generate phonocardiograms (PCGs) has been reviewed
by many investigators such as Chen et al, who used iPhone 4S
to record heart sounds from subjects at rest or postexercise and
used these sounds for HR calculation in PCGs via the
peak-based detection method [68]. Although the use of this
Web-based PCG-template extraction and matching was found
to be accurate, further research needs to be done to validate this
finding.

Heart Rate Variability
Apart from HR, HRV measurements in mobile phone apps have
also been extensively researched. Sometimes coined as the RR
interval, HRV is the measure of the variation in time intervals
between heartbeats, usually with reference to ventricular
contraction. Classically, HRV is measured using the ECG using
mainly the time-domain and frequency-domain approaches
introduced in 1996 [69,70].
With the use of PPG, Bolkovsky et al used both Android and
iPhone mobile phones to obtain RR intervals and subsequently
deduce HRV via complex HRV algorithms. Although the results
were statistically same as the ECG gold standard, the main issue
was the insufficient sampling rate in both phones (20 Hz in
Android and 30 Hz in iPhone), which was below the suggested
rate of 250 Hz [71]. mobile phone PPG has also been advocated
by Plews et al, who reported almost perfect correlations of PPG
with the ECGs (R=.99), with an acceptable technical error of
estimates and trivial differences in standardized differences
[72]. The accuracy and reliability of mobile phone PPGs have
also been validated in other studies; in some cases, mobile phone
PPGs were found to have comparable accuracies with commonly
used HRV computer software programs (R=.92) [73]. Other
methods of HRV measurement have also been studied, such as
seismocardiography. Although sampling frequency from mobile
phone devices accounted for a significant source of error, RR
series measurements differed by less than 10 ms in some studies,
suggesting the comparable accuracy of this measuring technique
[74].
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Although many studies support mobile phone PPG, common
errors in using this low-cost technology include frequent noise
and artifacts in measurement. To reduce the impact of noise,
however, Huang et al proposed the use of a continuous wavelet
transform denoising technique to extract the pulse signal and
subsequently deduce the RR intervals in the denoised signal.
The experiments showed low mean absolute errors of only 3.53
ms, highlighting the efficacy of this proposed method in
reducing mobile phone PPG errors. The use of this technique
for error reduction should thus be investigated further [75].
Although methods have been proposed to reduce the impact of
noise and artifacts in HRV measurement, other studies have
investigated the effect of mobile phone models on the SD of
beat-to-beat error measurement (SDE) of HRV indices. In 1
study, 2 different mobile phone models (Samsung S5 and
Motorola) showed significant device influence in the supine
posture measurement, with the Motorola model having a higher
SDE than the Samsung S5 [76].
Application of Heart Rate Variability
In 1 case report, Lai et al reported the potential use of HRV
measurement analysis in monitoring concussed athletes as well
as assessing their capacity to return-to-play [77]. Via an
AliveCor mobile phone ECG app, HRV parameters were
statistically significant in symptomatic and recovered concussed
athletes. However, the study noted that this difference was
affected by the severity of traumatic brain injury, whereas other
similar studies reported no difference in HRV parameters
[78,79]. Other studies also proposed the potential use of mobile
phone–derived HRV in athletic training programs; for instance,
collection of daily HRV data on mobile phones using ultrashort
HRV measures provides trainers with numerical indicators on
athlete coping and adaptation [80]. Similar studies by Flatt et
al also found that measuring the log-transformed root mean
square of successive RR intervals (RMSSD) multiplied by 20
(lnRMSSDx20) obtained by mobile phone apps were sensitive
markers to the changes in training load in soccer team’s training
program [81].
HRV by mobile phone apps have also been used as an accurate
predictor of acute mountain sickness (AMS) at high altitudes.
In 1 study, Mellor et al reported lower HRV scores in those
with mild and severe AMS compared with those without AMS
(P=.007) and found that a reduction in HRV greater than 5 had
an 83% sensitivity and 60% specificity of identifying severe
AMS. As this is the first study of its kind, further studies should
be conducted to confirm these findings [82].
HRV measurement by mobile phone apps was also investigated
with regard to the autonomic nervous system and mental health.
For instance, Heathers et al found that pulse rate variability
(PRV) could be measured by mobile phone substitutes with
accuracies ranging from 2% to 5% for low- and high-frequency
spectral power, respectively [83]. Mobile phone apps, thus, may
play a future role in psychophysiological research. In addition,
mobile phones have also been used in stress classification via
the use of night-time HRV data and as a monitoring tool for
mental stress in different psychological settings [84,85]. The
drawbacks of these studies, however, are the fairly low
accuracies (59%) and that the HRV measurements were confined
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to ultra-short periods. The potential for long-term measurement
should thus be investigated [85].

Other Arrhythmias
Although a large proportion of the research has investigated the
use of mobile apps to detect AF, other arrhythmias have been
investigated. A study presented in abstract in 2016 by Dimarco
et al [86] used the AliveCor device to investigate 148 patients
who had reported palpitations for arrhythmias. The device was
used as an alternative to ambulatory monitoring.
An ECG trace was obtained using the device, and the trace was
then interpreted by a cardiologist. The traces obtained were of
suitable quality to diagnose arrhythmias, with diagnoses of
supraventricular or ventricular ectopy in 27.4% of patients,
sinus tachycardia in 18.6%, AF in 7.1%, and supraventricular
tachycardia in 5.3%, which could be managed appropriately.
In the remaining 41.6%, they could be reassured that they
remained in sinus rhythm.
When the AliveCor device was used to measure corrected QT
(Q wave to T wave) interval in those with sinus rhythm and
antiarrhythmic drugs, results suggested that it was comparable
with 12-lead ECG [87]. With a sensitivity of 64% and specificity
of 97%, this suggested that the device could be used to monitor
those with arrhythmias. A study comparing the AliveCor device
with a 14-day event monitor found that the device was
equivalent to the event monitor in detecting AF and premature
atrial contractions (PAC) but was slightly less effective in
identifying episodes of premature ventricular contractions (PVC)
[88].
The Smartphone Pediatric ElectrocARdiogram trial [89]
investigated the use of the AliveCor device in pediatric patients
with known paroxysmal arrhythmias. The device produced a
trace, which was then reviewed by a cardiologist. Of the 240
traces recorded by 20 patients, 231 were suitable for diagnostic
purposes. A total of 35 patients were initially included in the
trial; 15 of these patients did not transmit ECGs. Of the suitable
traces, sinus rhythm was detected in 43% of the traces.
Moreover, 29% displayed sinus tachycardia, supraventricular
tachycardia was present in 16%, and AF was present in 8%.
Furthermore, 98% of parents of patients involved in the trial
reported greater comfort in managing their child’s arrhythmia,
with 93% expressing a desire to continue using the device.
A study by Mc et al [90] assessed whether the Pulse Waveform
Analysis app could distinguish sinus rhythm and AF from PAC
and PVC. The patient covered the camera and lamp of an iPhone
4S with their finger for 2 min, allowing a pulse waveform to be
recorded and a video of blood flow to be recorded. A total of 3
statistical techniques were then used in combination—RMSSD,
Poincare plot, and Shannon Entropy (ShE)—to distinguish AF
from ectopic beats. Results for each of the arrhythmias were as
follows: for AF, a sensitivity of 97%, specificity of 93.5%, and
accuracy of 95.1%; for PAC, a sensitivity of 66.7%, specificity
of 98%, and accuracy of 95.5%; and for PVC, a sensitivity of
73.3%, specificity of 97.6%, and accuracy of 96%. A similar
study assessed the use of a mobile phone app identifying PVC
using RR intervals, finding a sensitivity of 90.13% and
specificity of 82.52% [91]. A study using similar methods found
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that the best results were obtained when RMSSD and ShE were
combined to analyze the trace. When these 2 techniques were
combined in a study of 76 participants, the results were 100%
accurate for detecting AF and 96.05% accurate for detecting
sinus rhythm [92]. Using simulated ECG signals from the
Massachusetts Institute of Technology–Beth Israel Hospital
arrhythmia database, a study tested the ability of an Android
program to detect arrhythmias from ECG traces [93]. The analog
ECG traces were converted to a digital format and then made
available for transmission via Bluetooth. The Pan-Tompkins
algorithm [94] was then used to identify RR intervals to
determine the heartbeat. The algorithm produced an accuracy
of 98.98% at detecting sinus rhythm and an average accuracy
of 98.34% at detecting 7 different possible heart rhythms.

Discussion
Limitations
The main limitations of this narrative review are the lack of
focus on more specific arrhythmias beyond normal sinus rhythm
and AF. However, normal sinus rhythm and AF are
epidemiologically the most common types of heart rhythm;
hence, it is important to establish a strong foundation for these
apps with these rhythms first. Second, it is common for narrative
reviews to circumvent important criteria to mitigate bias because
of the lack of a rigorous evidence-based methodology. This
inevitably leads to selection bias based on expert opinions. This
bias was addressed in this narrative review by adapting the
Preferred Reporting Items for Systematic Reviews and
Meta-Analyses criteria to select relevant publications. In doing
so, all evidence pertaining to the issues discussed in this review
has been considered to provide a balanced understanding and
discussion.

Photoplethysmography
Despite being effective in accessing HR and HRV, the
applications of PPG monitoring are limited by multiple
confounders such as finger pressure, skin tone, light intensities,
and user movement leading to artefactual measurements [95,96].
As such, this will have an impact on the feasibility and reliability
of mobile phone–based PPG within clinical practice. A
minimum sampling rate is necessary for clinically accurate
measurements—30 Hz for HR and 200 Hz for HRV
measurements [97,98]. However, the frame rate of mobile
phones usually operates around 30 Hz, which is a major
limitation identified by Bolkhovsky et al [71]. It was proposed
that using cubic interpolation, the second derivative, and the
zero-crossing algorithm instead of minima detection would
overcome this limitation and allow for better HR detection
[99-102]. A filter is required to remove artifacts without
compromising the original signal when conducting a
time-domain analysis to evaluate small variations occurring in
normal-to-normal intervals [103]. Examples of filters are
independent component analysis using accelerometer data to
remove artifacts [104] or employing a fourth-order bandpass
filter [99,101]. A heating problem was also noticed by
Garcia-Agundez et al when testing their algorithm, which
resulted in complaints about the discomfort of holding the
mobile phone [102]. Furthermore, although the SCG
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accelerometers could be used without supporting ECG signals,
HR detection was only possible if patients were motionless and
supine, leading to considerable variability in data collection
because of different measurement positions. There were also
difficulties encountered in setting appropriate R-peak thresholds
and in comparing the data with simultaneous ECG signals (the
gold standard technique) [105,106]. Another area to consider
is the use of PP (P wave to P wave) intervals and PRV instead
of the RR interval and HRV. Although most studies use RR and
HRV approaches with supporting literature that time domain,
frequency domain, and Poincare plot HRV parameters computed
using RR interval and PP interval methods showed no significant
differences, the PP variability was found to be accurate (0.1 ms)
compared with RR variability [107]. Furthermore, most studies
usually compare between normal sinus rhythm and AF.
However, a simple ectopic will be able to derange specificity
to unacceptable levels. In this respect, more research needs to
done to evaluate the impact of short-term arrhythmic
abnormalities on PPG-based and single-lead ECG–based AF
detection modalities.

Handheld Electrocardiograph Recorders
Handheld single-lead ECG recorders, which correspond to the
standard lead I, do not cater to potential positional variability.
For example, in cases where the heart is positioned more
vertically, the amplitude of the QRS complexes may be reduced
and comparable with the amplitude of artifacts [15].
Furthermore, a single recorded lead I ECG also does not allow
for differentiation between types of narrow and wide complex
QRS tachycardia [15]. Although small studies have been
conducted to show that it is plausible to use a single-lead ECG
to diagnose the ST-segment elevation acute coronary syndrome
[108], it is not sufficient to warrant routine clinical use. In some
situations, new materials and sensors (eg, biopatches) have
allowed these ECGs to be recorded from atypical places (eg,
mastoid area) [109] and under different environmental
conditions such as after immersion in water or in areas with
magnetic fields between 1.5 and 3 T (during magnetic resonance
imaging) [110-113]. Novel biopatches have also allowed other
parameters such as respiratory rate, body position, temperature,
and quality of sleep or physical activity to be monitored, which
aids in excluding ST depression caused by increased physical
activity or changes in body position [19,114,115]. However,
when this is coupled with fewer leads, not only will there be
suboptimal signal-to-noise ratio but signals generated might
also be different from those produced by standard ECG leads
[15]. Furthermore, the utility of biopatches comes with a
drawback of having a short intersensor distance, which could
potentially compromise the quality of the P wave recorded [15].

Health Care Infrastructural Implementation
Despite being a promising concept, there are currently clear
limitations to the use of mobile phone apps for HR, HRV, and
AF monitoring. Looking beyond the technological drawbacks,
there is little evidence as to how mobile phone monitoring will
be matched with health care infrastructural changes to allow
for such data to sync with the electronic medical record
[116,117]. Furthermore, not all patients will have the same
device or mobile phone, which may result in different recorded
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results. Special clinical attention also has to be given to
incidental findings of ECG abnormalities such as ventricular
and supraventricular tachycardia in asymptomatic low-risk
patients [15]. The impact of app use on health care services is
also not to be underestimated. The necessity for a health care
professional to confirm arrhythmias detected by these apps will
result in a significant burden on services. Given the transient
nature of some arrhythmias, an app with a high specificity is
likely to be more beneficial to avoid over investigation and
treatment of patients, reducing the impact on existing services.
A recent large-scale community AF screening program on more
than 10,000 patients aged above of 65 years was conducted,
proving the feasibility of integrating this technological
within-health care services to identify with new AF [118]. The
main drawback illustrated by this study is the lack of
downstream management pathways. This raises the medico-legal
aspect of introducing mobile phone apps. First, there must be
an understanding as to how these apps will support decision
making or purport to intervene in clinical decisions. This, in
turn, will lay the foundation for a robust government framework
to evaluate its effect on clinical outcomes and potential
unintended consequences [119,120]. A deeper engagement in
this respect was raised in January 2016 when 2 class action
lawsuits were filed against such manufacturers, calling into
question the reliability and accuracy of these devices and apps
[121]. Perhaps the issue is in classifying these devices and apps
as certified medical devices. Despite the intuitive need for
medical devices to be of high quality, local regulations for
medical devices have to be followed. Such regulations range
from the Medical Devices Framework concept of intended
purpose to the risk-based case-by-case approach employed by
the US Food and Drug Administration [122].
Looking specifically at the European regulations, the Medical
Device Directive was replaced by the new Medical Device
Regulation. Although the new regulatory framework still
revolves around intended purpose, the bar for medical device
classification has been lowered because of a broader definition
assigned to the term medical purpose. In short, despite the
undisputed potential of such apps in the detection of
arrhythmias, adhering to appropriate laws and regulations
remains a significant hurdle to address [123].

Conclusions and Future Directions
In this study, we conducted a narrative review of the literature
surrounding the usage of mobile phone apps in the monitoring
of HR and rhythm. The findings of this narrative review suggest
that there is a role for mobile phone app in the diagnosis,
monitoring, and screening of arrhythmias and HR. The usage
of apps in specific situations, such as during and following
exercise or to measure corrected QT interval following the
administration of medications, has also shown a role for the
apps in more specific scenarios. Although the majority of
literature reviewed focused on adult patients, the use of PPG
apps in pediatric and neonatal patient populations requires
further studies.
Some problems identified with the use of these devices have
included patient movement resulting in artifact and in positional
variability in patient usage affecting results. This has been
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demonstrated in studies investigating both adult and pediatric
patients [89]. There is also an issue regarding consistency and
availability of mobile phones, with variation in the devices used.
Within the context of HR monitoring and AF detection, given
the impressive degree of sensitivity (>90%) and specificity
(>90%) in most cases or apps, neither sensitivity nor specificity
is more important than the other. Instead, it is important for
both sensitivity and specificity to be maintained at a high level
or be on par with the standard ECG, especially in patients with
pacemakers or implantable cardioverter defibrillators [124].
Therefore, further studies are required to address these issues
before they can be routinely implemented. As such, there are
little implications for current practice at this point.
Moving forward, further large-scale validation studies looking
beyond normal sinus rhythm and AF are required. For example,
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it is important for these apps to not mistake malignant
ventricular ectopics as sinus rhythm or AF as it will be
potentially harmful to patients. With regard to AF detection,
multiple studies have been conducted to validate its feasibility.
Perhaps it would be best to start conducting large-scale AF
screening programs. Doing so will help address the following
points: (1) the medico-legal aspect of implementing these apps
as valid medical devices for systematic and opportunistic
screening nationally, (2) the cost-effectiveness of identifying
new AF patients through such a screening program, and (3)
refinement of a suitable management pathway for new AF
patients identified through this process. Such an initiative has
the potential to reduce AF burden internationally and increase
the efficiency of picking up AF in the community. Within the
clinical setting, apps used by patients can prompt clinicians to
perform further investigations such as a confirmatory ECG.
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Abstract
Background: Tuberculosis (TB) management can be challenging in low- and middle-income countries (LMICs) not only
because of its high burden but also the prolonged treatment period involving multiple drugs. With rapid development in mobile
technology, mobile health (mHealth) interventions or using a mobile device for TB management has gained popularity. Despite
the potential usefulness of mHealth interventions for TB, few studies have quantitatively synthesized evidence on its effectiveness,
presumably because of variability in outcome measures reported in the literature.
Objective: The aim of this systematic review was to evaluate the outcome measures reported in TB mHealth literature in LMICs.
Methods: MEDLINE, EMBASE, and the Cochrane Database of Systematic Reviews were searched to identify mHealth
intervention studies for TB (published up to May 2018) that reported any type of outcome measures. The extracted information
included the study setting, types of mHealth technology used, target population, study design, and categories of outcome measures.
Outcomes were classified into 13 categories including treatment outcome, adherence, process measure, perception, technical
outcome, and so on. The qualitative synthesis of evidence focused on the categories of outcome measures reported by the type
of mHealth interventions.
Results: A total of 27 studies were included for the qualitative synthesis of evidence. The study designs varied widely, ranging
from randomized controlled trials to economic evaluations. A total of 12 studies adopted short message service (SMS), whereas
5 studies used SMS in combination with additional technologies or mobile apps. The study populations were also diverse, including
patients with TB, patients with TB/HIV, health care workers, and general patients attending a clinic. There was a wide range of
variations in the definition of outcome measures across the studies. Among the diverse categories of outcome measures, treatment
outcomes have been reported in 14 studies, but only 6 of them measured the outcome according to the standard TB treatment
definitions by the World Health Organization.
Conclusions: This critical evaluation of outcomes reported in mHealth studies for TB management suggests that substantial
variability exists in reporting outcome measures. To overcome the challenges in evidence synthesis for mHealth interventions,
this study can provide insights into the development of a core set of outcome measures by intervention type and study design.
(JMIR Mhealth Uhealth 2019;7(2):e12385) doi:10.2196/12385
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Introduction
Tuberculosis (TB) is one of the deadly infectious diseases that
have claimed millions of lives worldwide. According to the
World Health Organization (WHO), globally, there were 10.4
million new TB cases causing approximately 1.2 million deaths
in 2016 [1,2]. The mortality rate of TB is disproportionately
higher in low- and middle-income countries (LMICs). Over
95% of TB deaths occurred in these countries, and 7 LMICs
(India, Indonesia, China, Philippines, Pakistan, Nigeria, and
South Africa) accounted for 64% of the total burden [3]. In fact,
previous studies have shown that there is empirical evidence of
positive associations between poverty indicators and TB
incidence both at the macro and individual levels [4].
Considering the vicious cycle of poverty and TB, alleviating
the burden of TB is more challenging for the LMICs because
it requires adequate resources for “prolonged treatment with
multiple drugs [5].” The 6-month course of first-line therapy
can be burdensome with the possibility of adverse reactions and
the treatment of multidrug-resistant (MDR)-TB requires more
toxic and expensive drugs [6]. For example, the cost of
bedaquiline, a second-line medication to treat MDR-TB, was
US $3000 per treatment in middle-income countries and US
$900 in low-income countries [7]. In fact, premature
discontinuation of the treatment, which can lead to MDR-TB,
is common among TB patients not only for its toxicity but also
for socioeconomic costs associated with it [8]. Therefore, the
management of TB is notoriously difficult especially in LMICs.
In this context, using mobile devices for TB treatment has been
recognized as an innovative approach for LMICs where mobile
subscription rates have dramatically increased over the past
decade. Mobile health (mHealth) interventions involving mobile
devices in the management of TB have the potential for reducing
costs of information delivery and improving the quality of
communication [9]. mHealth can be useful for TB treatment
adherence support such as short message service (SMS) for
medication reminders or mobile apps for remote directly
observed treatment (DOT) strategy [10,11].
Despite the potential of mHealth interventions for improving
TB management, the empirical evidence on its effectiveness is
mixed. Some studies have demonstrated the effectiveness and
feasibility of the mHealth interventions for TB [12,13], whereas
others have shown no significant impact [14,15]. Moreover, no
study has attempted to synthesize the results quantitatively to
rigorously evaluate the effectiveness of mHealth in TB
management. Presumably, one of the reasons for such difficulty
in synthesizing and evaluating the findings comes from wide
variations in the outcomes reported from the mHealth studies
for TB.
To respond to this knowledge gap, this study aimed to
systematically review previous mHealth studies for TB
management and critically evaluate and categorize the outcome
measures for different mobile technologies and study designs.
The goal of this study was to provide researchers insights into
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the development of a core set of outcome measures for mHealth
interventions intended to improve TB treatment adherence. In
doing so, the study can facilitate the evidence synthesis of
mHealth interventions for TB.

Methods
Search Strategy and Review Process
Electronic databases (MEDLINE, EMBASE, and Cochrane
Database of Systematic Reviews) were searched to identify
peer-reviewed studies of mHealth interventions for TB. The
systematic search was supplemented by reviewing relevant
review papers identified from the initial search. The search
strategy for the study population includes key terms describing
LMICs such as “resource poor” or “developing country.” The
search strategy for the mHealth intervention combined multiple
keywords such as “mHealth” and “text-messaging.” As for the
target disease, “tuberculosis,” “TB,” “multi-drug resistant
tuberculosis,” and “MDR-TB” were used as search terms. No
restrictions were applied to the publication type or publication
date, but the language filter was applied to identify studies
published in English. The search included articles published up
to May 2018. The full search strategy is available in Multimedia
Appendix 1.
Furthermore, 3 authors (ShL, YL, and SmL) independently
reviewed the retrieved studies throughout the selection process.
Each study identified from the databases was screened by 2
reviewers and then a full-text review was conducted for the
potentially eligible studies. The disagreement on the selection
process was resolved by the other authors who were not involved
in the review of the specific study under discussion.

Eligibility for Review
The inclusion criteria for this systematic review were as follows:
First, studies conducted in the context of LMICs, as defined by
the World Bank’s income cutoffs [16]; second, studies involving
an intervention using mobile devices (ie, mHealth intervention);
third, the target disease of the study should be TB or MDR-TB;
fourth, studies designed to evaluate the effectiveness or benefits
of mHealth interventions for TB (eg, observational study,
mixed-methods study or implementation project, randomized
controlled trial [RCT]); fifth, studies reporting more than one
type of outcome; finally, only full-text studies published in
English were considered eligible. In addition, the authors
attempted to identify individual studies from reviews or
systematic reviews, which were included in this study.

Data Extraction and Analysis
The qualitative synthesis of evidence focused on the outcome
measures reported in each type of mHealth intervention.
Information about the study setting, mHealth technologies used,
target populations, and types of outcome measures was
extracted. To classify the diverse types of detailed outcome
measures, the following categories were used: (1) treatment
outcome; (2) treatment outcome as defined by WHO; (3)
adherence; (4) process measure; (5) perception; (6) technical
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outcome; (7) health outcome; (8) quality of life; (9) knowledge;
(10) cost-effectiveness; (11) cost; (12) psychosocial outcome;
and (13) mortality. Some explanations about these measures
are provided in the next few paragraphs.
The treatment outcome includes any outcome measure that deals
with the result of TB treatment, such as sputum smear
conversion or microscopy test result. The treatment outcome
following the WHO definition was separately categorized [17].
The WHO definition was developed to make a distinction for
treatment outcomes between the drug-susceptible TB and
drug-resistant TB, which are mutually exclusive groups.
According to the WHO definition, any patient with TB should
belong to either group and then 1 of the 7 treatment outcome
cohorts: (1) cured; (2) treatment completed; (3) treatment failed;
(4) died; (5) lost to follow-up; (6) not evaluated; and (7)
treatment success. The WHO definitions for each of these 7
categories differ between the drug-susceptible TB and
drug-resistant TB as described in Multimedia Appendix 2.
The adherence outcome includes medication adherence or
treatment adherence. The process measure is any outcome
measure related to treatment process, including the receipt of
diagnostic test, attendance to appointments, or reporting of
adverse events. The perception indicates any outcome measure
that captures the user’s thoughts on mHealth for TB
management. The technical outcome relates to the outcome
measures that investigate the technical feasibility such as
processing times or system installation. Health outcome, quality
of life, knowledge (eg, patients’ understanding of the disease
or the technology), cost-effectiveness (ie, the extent to which
an alternative provides value for money), cost (ie, costs
associated with an intervention from different perspectives),
psychosocial outcome, and mortality outcomes are additional
categories which are self-explanatory.

Risk of Bias: Quality Assessment
To evaluate the quality of individual studies included for our
review, risk of bias was assessed with the existing tools. As this
systematic review includes various types of studies, it is
important to have a coherent set of quality assessment tools for
different study designs. Therefore, we used the modified version
of the Critical Appraisal Skills Program (CASP) that provides
the checklists specific to various types of studies ranging from
RCTs and qualitative studies to economic evaluation [18]. In
case of mixed-methods studies whose CASP tool has not been
developed yet, the quality assessment criteria for mixed-methods
studies from the previous study were employed [19]. The quality
assessment of studies is presented in Multimedia Appendix 3.

Results
Overview of Included Studies
Among the 312 studies identified after removing duplicates,
260 articles were excluded during the screening process based
on the titles and abstracts. Therefore, 52 articles were assessed
for eligibility through a full-text review. Of those, 27 studies
were included for the qualitative synthesis of evidence. A flow
diagram for the selection process, based on the Preferred
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Reporting Items for Systematic Reviews and Meta-Analyses
guidelines, is provided in Figure 1 [20].

Qualitative Synthesis of Evidence
Table 1 presents the results of qualitative synthesis of the
mHealth studies for TB management. Approximately, half (15
out of 27) of the studies were conducted in African countries.
The study designs were diverse, including 6 RCTs, 5
mixed-methods studies, 1 cohort study, 3 qualitative studies, 4
observational studies, 6 implementation projects, and 2
economic evaluation studies. The types of mHealth technologies
utilized were diverse as well: 12 studies employed SMS, 6
studies used mobile app, 5 studies used SMS plus other
technology, 3 studies utilized phone calls, and only 1 study
applied mHealth for mobile data collection. With regard to the
study population, a majority (20 out of 27) of the studies were
targeted for TB patients or TB/HIV patients, but there were a
few studies that examined the experience of health care workers
or general patients at the clinic for TB test results notification.
In terms of the outcome measures, there was a wide range of
variants in their definitions even within each category of the
outcomes. For instance, both Mohammed et al and Bediang et
al defined treatment success as the primary outcome measure
of SMS intervention for TB medication adherence in their RCT,
but they defined treatment success differently [15,22].
Mohammed et al defined it as “the sum of patients clinically
reported as cured (ie, a patient whose sputum smear or culture
was positive at the beginning of treatment but who was smearor culture-negative in the last month of treatment and on at least
one previous occasion) or treatment completed (ie, a patient
who completed treatment but who does not have a negative
sputum smear or culture result in the last month of treatment
and on at least one previous occasion)” [22]. On the contrary,
Bediang et al defined treatment success as “having completed
6 months treatment and having negative sputum smears at 5
months” [15].

Summary of Outcome Measures
Table 2 summarizes the types of outcome measures reported in
the included studies, using the categories defined in this review.
The most frequently reported outcome type was treatment
success. Approximately half of the studies reviewed (14 out of
27) included treatment outcome but only 6 studies among them
followed the WHO definition for the treatment outcome
(Multimedia Appendix 2). The second most frequently reported
category was perception on the mHealth intervention (13 out
of 27). Other categories reported were diverse and included
technical outcome, medication or treatment adherence, process
measure, etc. However, there was substantial variability within
each category of outcome, as shown in Table 1. For example,
acceptability and satisfaction within the perception category
were defined differently from one study to another
[15,28-30,32,35,36,40,44]. Also, SMS-only intervention studies
did not focus on technical outcome [12,15,22,29,30,32,35,
36,42,43,45,46] whereas studies involving other mHealth
technologies such as an app or mobile data collection did so
[21,28,33,37,39-41]. On the contrary, outcomes related to cost
or cost-effectiveness were reported only via studies involving
SMS [29,45,46].
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Figure 1. Flow diagram for selection process following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guideline.
mHealth: mobile health; TB: tuberculosis.
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Table 1. Summary of included studies.
Source

Country

Study design Mobile
health technology

Population

Outcome measures

Outcome
category

Purpose

Blaya, 2009
[21]

Peru

RCTa

Mobile data
collection

Health centers

Processing times, frequency of errors, the
number of work-hours expended by data
collectors

Technical
outcome

For laboratory data collection

RCT

SMSb

For medicaTBc patients Primary: clinically recorded treatment suc- Treatment
cess based upon intention-to-treat; Secoutcome, ad- tion adherondary: treatment outcomes (WHO defini- herence,
ence
d
health
outtions ), self-reported medication adherence,
come
self-reported psychological and physical

Mohammed, Pakistan
2016 [22]

health measures
Bassett,
2013 [23];
Bassett,
2016 [24]

South Africa RCT protocol (2013);
RCT (2016)

Huang, 2017 China
[25]

SMS and
phone calls

Cluster RCT Mobile app
protocol

Patients at
clinic

Primary: treatment completion; Secondary:
mortality, receipt of CD4 count and TB test
results, and repeat CD4 counts for those not
antiretroviral therapy (ART)–eligible at
baseline

Treatment
outcome,
mortality,
process measure

For appointment and
test result reminder and
psychosocial
support

TB patients

Primary: TB treatment result (WHO defini- Treatment
outcome, adtionsd); Secondary: treatment adherence
herence,
(the percentage of patients receiving TB
knowledge,
treatment who missed fewer than 5% of
doses), self-reported adherence, knowledge QoL

For Braceletand self-directed observational therapy

about TB, quality of life (QoL)
Bediang,
2014 [26];
Bediang,
2018 [15]

Cameroon

RCT protocol (2014);
RCT (2018)

SMS

TB patients

Primary: cure rate (absence of Koch’s
bacilli in the sputum), treatment success
(having completed 6 months' treatment and
having negative sputum smears at 5
months); Secondary: treatment adherence
(drug prescriptions collected and doses
taken), attendance to appointments, punctuality of appointments, treatment outcome

Treatment
For medicaoutcome, ad- tion adherherence, pro- ence
cess measure, perception

(WHO definitionsd), the number of participants who develop resistance, satisfaction
Khachadouri- Armenia
an, 2015
[27]

SMS and
phone calls

TB patients

Primary: physician-reported treatment out- Treatment
For medication adhercome (WHO definitionsd); Secondary: pa- outcome,
knowledge,
ence
tients’ knowledge, depression, QoL, withinpsychosocial
family TB-related stigma, family social
support, self-reported treatment adherence outcome,
QoL, adherence

Chaiyachati, South Africa Mixed-meth- Mobile app
2013 [28]
ods study

Health care
workers

Primary: proportion of weekly adverse
events forms submitted vs expected by mobile health care workers; Secondary: acceptability (perceived comfort levels with using
mobile phone technology), quality of adverse events monitoring, proportion of reportable adverse events being captured;
Technical outcomes: phone usage patterns,
technical problems experienced

Process mea- For adverse
sure, percep- events reporttion, techni- ing
cal outcome

Howard,
2016 [29]

TB/HIV pa- Primary: ART initiation, retention, and TB
tients, health treatment success; Secondary: time to ART
care workers initiation, adherence, change in cluster of
differentiation 4 (CD4) count, sputum smear
conversion, cost-effectiveness, acceptability

Process mea- For treatsure, treatment adherment outence
come, adherence, cost-effectiveness,
perception

Lesotho

RCT protocol

Mixed-meth- SMS
ods, clusterrandomized
trial protocol
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Source

Country

Study design Mobile
health technology

Population

Outcome measures

Outcome
category

Iribarren,
2013 [30]

Argentina

Mixed-meth- SMS
ods study
(including
RCT)

TB patients

Primary: feasibility (access to mobile
phones, familiarity with texting, rate of
participant refusal, suboptimal TB understanding), and acceptability (feeling cared
for patient’s treatment, self-reporting adherence); Secondary: initial efficacy (microscopy test result from positive to negative, treatment outcome)

Process mea- For treatsure, percep- ment adhertion, adher- ence
ence, treatment outcome

HirschMoverman,
2017a [31]

Lesotho,
Ethiopia

Mixed-meth- Phone calls
ods; implementation
science
study

TB/HIV patients,

The number of call attempts per participant Process mea- For medicafor each month, completeness of monthly sure
tion adhercalls, success rates, challenges
ence

HirschMoverman,
2017b [32]

Lesotho

Mixed-meth- SMS
ods implementation
science
study, cluster-randomized trial
protocol

TB patients,
health care
workers,
caregivers

Primary: the number of child contacts Isoniazid preventive therapy (IPT) initiation, IPT
completion; Secondary: HIV testing, yield
of active prevalent TB among child contacts, acceptability, and utilization of community-based intervention components

Treatment
outcome,
perception,
process measure

Nguyen,
2017 [33]

Vietnam

Cohort study SMS and
mobile app

TB patients

Primary: proportion of patients completing
all doses of self-administered treatment;
Secondary: proportion of videos uploaded
as scheduled, proportion of patients discontinuing using Video DOT (VDOT)

Treatment
For medicaoutcome,
tion adhertechnical
ence
outcome,
process measure

Daftary,
2017 [34]

Ethiopia

Qualitative
study

Interactive
voice response
(IVR)

HIV patients Perceptions and attitude, perceived benefits Perception
and challenges

For preventive therapy
adherence

Qualitative
study

SMS

TB patients

Perceptions and acceptability

Perception

For treatment adherence

Nhavoto,
2017 [36]

Mozambique Qualitative
study

SMS

TB patients,
Health care
workers

Usefulness, perceived benefits, ease of use, Perception
satisfaction, risks of the SMS system

For treatment adherence

Hoffman,
2010 [37]

Kenya

Observation- Mobile app
al study

TB patients

Primary: technical feasibility (patient and Technical
health provider receptivity to remote direct- outcome,
ly observed treatment [DOT]); Secondary: perception
patient preferences and receptivity to receiving TB health message on a mobile phone

For Mobile
Direct Observation of
Treatment

de Sumaride Boer,
2016 [12]

Tanzania

Observation- SMS
al pilot study

HIV patients, TB
patients

Quantitative: percentage of doses taken on
time, percentage of sent reminders (divided
by total intake prescription), percentage of
correct reminders (after missed doses), percentage of incorrect reminders (after opening the pillbox but the signal was not sent),
percentage of extra openings, percentage of
missed doses, percentage of adherence with
the exclusion of doses that were taken after
a reminder; Qualitative: general experience
with using the device

Garfein,
2015 [38]

Mexico,
USA

Observation- Mobile app
al pilot study

TB patients

Primary: adherence rate (the number of
Adherence,
medication doses observed in videos divided perception
by the number of doses expected during the
treatment period); Secondary: perceptions
of VDOT

Albino, 2014 Peru
[35]
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TB patients

Purpose

For medication adherence and appointment
reminders

Process mea- For medicasure, adher- tion adherence, percep- ence
tion

For VDOT
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Source

Country

Study design Mobile
health technology

Population

Outcome measures

Outcome
category

Purpose

Dwolatzky,
2006 [39]

South Africa Observation- Mobile app
al pilot study

Patients at
clinic

Time taken to locate the households

Technical
outcome

For locating
patients’
homes by
global positioning system and personal digital
assistant

Ha, 2016
[40]

Botswana

TB patients

Cases screened for contact tracing, time re- Technical
quired to complete TB contact tracing per outcome,
contact, quality of data collected, user satis- perception
faction with usability, operational considerations

Cowan,
2016 [41]

Mozambique Implementa- SMS and
tion project mobile app

Health facili- System installation on computers, develop- Technical
ty
ment of Web-based interface and automated outcome
SMS and email messages, test results uploaded to the system, SMS notifications sent to
key personnel, the number of users

For remote
monitoring
solution

Kunawararak,
2011 [14]

Thailand

Implementa- Phone calls
tion project

TB patients

For medication adherence

Lorent, 2014 Cambodia
[42]

Implementa- SMS
tion project

General pop- TB case detection- smear-positivity, clinical Process mea- For test reulation
TB treatment uptake–time to treatment ini- sure, treatsult notificatiation outcome–treatment outcomes (WHO ment outtion
come
definitionsd), delay in linkage to care

Mahmud,
2010 [43]

Implementa- SMS
tion project

Health care
workers

Operational net savings, worker time
gained, patient enrollment

Implementa- SMS and
tion project phone calls

TB patients

Treatment completion and cure rates (WHO Treatment
For medicaoutcome, ad- tion adherdefinitionsd), treatment adherence rates,
adverse drug reaction rates, stigma associat- herence, per- ence
ception
ed with TB, patient satisfaction, usage of

Malawi

Narasimhan, India
2014 [44]

Implementa- Mobile app
tion project

Cure rates, completion rates, failure rates
and success rates, conversion rates

Treatment
outcome

For contact
tracing

Process mea- For continusure
ity of care

the mHealth initiative

a

Broomhead,
2012 [45]

South Africa Cost minimization
analysis

SMS

TB patients

Smear conversion rate, TB cure rate, reduced average cost per patient

Treatment
outcome,
cost

For treatment adherence

Hunchangsith,
2012 [46]

Thailand

SMS

TB patients

Disability-adjusted life years (DALYs)
averted, costs (health care perspective), effects of interventions, success rate, failure
rate, transfer out rate, death rate

Health outcome, treatment outcome, cost,
cost-effective-ness

For medication adherence

Cost-effective-ness
analysis

RCT: randomized controlled trial.

b

SMS: short message service.

c

TB: tuberculosis.

d

World Health Organization definitions: presented in Multimedia Appendix 2.
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Table 2. Reported outcomes by mHealth intervention type.
Intervention
Categories of outcome measure
type (number
TreatAdher- Process Percepof studies) and Treatment
ment
outence
measure tion
reference
outcome by
come
WHOa

Technical outcome

Health QoLb Knowloutedge
come

Cost-ef- Cost
fectiveness

Psychoso- Mortality
cial outcome

definition
Short message service (SMS; 12 studies)
[22]

✓c

✓

✓

—d

—

—

✓

—

—

—

—

—

—

[15]

✓

✓

✓

✓

✓

—

—

—

—

—

—

—

—

[29]

✓

—

✓

✓

✓

—

—

—

—

✓

—

—

—

[30]

✓

—

✓

✓

✓

—

—

—

—

—

—

—

—

[32]

✓

—

—

✓

✓

—

—

—

—

—

—

—

—

[35]

—

—

—

—

✓

—

—

—

—

—

—

—

—

[36]

—

—

—

—

✓

—

—

—

—

—

—

—

—

[12]

—

—

✓

✓

✓

—

—

—

—

—

—

—

—

[42]

✓

✓

—

✓

—

—

—

—

—

—

—

—

—

[43]

—

—

—

✓

—

—

—

—

—

—

—

—

—

[45]

✓

—

—

—

—

—

—

—

—

—

✓

—

—

[46]

✓

—

—

—

—

—

✓

—

—

✓

✓

—

—

SMS plus others (5 studies)
[24]

✓

—

—

✓

—

—

—

—

—

—

—

—

✓

[27]

✓

✓

✓

—

—

—

—

✓

✓

—

—

✓

—

[33]

✓

—

—

✓

—

✓

—

—

—

—

—

—

—

[41]

—

—

—

—

—

✓

—

—

—

—

—

—

—

[44]

✓

✓

✓

—

✓

—

—

—

—

—

—

—

—

Mobile app (6 studies)
[25]

✓

✓

✓

—

—

—

—

✓

✓

—

—

—

—

[28]

—

—

—

✓

✓

✓

—

—

—

—

—

—

—

[37]

—

—

—

—

✓

✓

—

—

—

—

—

—

—

[38]

—

—

✓

—

✓

—

—

—

—

—

—

—

—

[39]

—

—

—

—

—

✓

—

—

—

—

—

—

—

[40]

—

—

—

—

✓

✓

—

—

—

—

—

—

—

Phone calls or interactive voice response (3 studies)
[31]

—

—

—

✓

—

—

—

—

—

—

—

—

—

[34]

—

—

—

—

✓

—

—

—

—

—

—

—

—

[14]

✓

—

—

—

—

—

—

—

—

—

—

—

—

—

—

—

✓

—

—

—

—

—

—

—

Mobile data collection (1 study)
[21]
a

—

—

WHO: World Health Organization.

b

QoL: quality of life.

c

Tick marks indicate that the specific category of outcome measure was reported.

d

Outcome measure was not reported.
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Discussion
Principal Findings
This systematic review critically evaluated the outcomes
reported in mHealth studies for TB management in LMICs. The
reason why rigorous evidence synthesis is warranted is that
recent literature for TB reports mixed results despite the rapid
implementation of mHealth technology for TB management.
The fragmented pieces of evidence on the effectiveness partly
resulted from the wide variations in the definitions of outcome
measures in TB mHealth interventions. Even though treatment
outcome has been reported by many studies, they often did not
adopt the standard definition recommended by the WHO [17].
The WHO definition of TB treatment outcome is part of an
effort to standardize outcome measures for TB at the global
level. To promote the use of standardized sets of outcome
measures for TB, WHO provided the standard definitions and
classifications of TB in terms of diagnosis or treatment outcomes
[17]. The intention for this standardization effort was to
coordinate international comparison of TB treatment outcomes
through health information systems. However, the findings of
our review revealed that mHealth studies for TB have not
comprehensively adopted this standardized approach for TB
treatment. Only 6 out of 27 interventions chose to report the
treatment outcome according to the WHO definition.
Interventions involving phone calls, interactive voice response,
or mobile data collection did not consider the WHO definition.
Our findings also suggest that, to rigorously evaluate the
effectiveness of mHealth interventions for TB, future studies
should be carefully designed with regard to the selection of
outcome measures. Indeed, using standard definitions for
outcome measures within some commonly reported categories
can improve comparability across different studies. As assessed
in this study, examples of such categories include treatment
outcome (preferably using the WHO definition), perception,
process measure, adherence, and technical outcome.
The value of this systematic review can be found in its potential
to motivate and facilitate consensus on standard definitions of
outcome measures used in mHealth interventions for TB so that
such effort can guide more effective mHealth intervention
designs for improving TB management. Although current
literature shows considerable variability in the definition of
outcome measures, discussion and coordination among
researchers can promote standardized methods in measuring
outcomes. Specifically, the outcomes should be comparable,
promote transparent communication, and maintain consistency
in terminology. Coordination at the global level is necessary to
develop a core set of outcome measures for TB mHealth
interventions by study design and technology type utilized.
When choosing a core set of outcome measures with standard
definitions, there are additional issues to consider. First, the
time point for reporting outcome measures should be clinically
meaningful and feasible [47]. Second, a detailed description of
the measure should be provided, such as calculation method or
definitions. Third, a clear explanation on the target population
for each outcome measure can be useful. For example, some
http://mhealth.jmir.org/2019/2/e12385/
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outcome measures may be more appropriate for MDR-TB
patients rather than TB patients on their first-line therapy course.
Finally, long-term outcome measures should be considered to
establish fundamental evidence for TB mHealth interventions.
The long-term outcomes can be related to physical,
psychosocial, or mental health. Despite its importance, our
review showed that only 2 out of 27 studies reported long-term
health outcomes; Mohammed et al, reported self-reported
psychological and physical health measures [22] and
Hunchangsith et al, reported DALYs averted [46].
Another issue to consider is related to evidence for cost. As this
study suggested, insufficient evidence exists in terms of
cost-effectiveness or cost of mHealth interventions for TB
management. Those previous studies that have evaluated the
cost-effectiveness or cost of mHealth interventions only
considered SMS as mHealth channels and did not consider or
evaluate other mHealth channels and technologies. However,
other mHealth channels and technologies such as mobile apps
or global positioning system are now available for TB patients
[48]. Therefore, future studies need to assess the
cost-effectiveness of such channels and technologies for
improving TB management in LMICs.
This study has some limitations. First, the database used for
identifying relevant studies is limited to the 3 most frequently
cited sources, namely MEDLINE, EMBASE, and Cochrane
Database of Systematic Reviews. Grey literature or other sources
of information can supplement our findings. To complement
this limitation, we attempted to identify additional related studies
from relevant systematic reviews searched from our study.
Second, the effectiveness of the mHealth interventions for TB
was not quantitatively evaluated because of the heterogeneity
of the outcomes reported.
Despite these limitations, this study provides an overview of
the currently reported outcome measures for mHealth
interventions intended to improve TB management in the context
of LMICs. The results from this review can be used as a starting
point for discussion to adopt standardized definitions within
different categories of outcome measures for future mHealth
interventions for TB management in LMICs.

Conclusions
This systematic review of mHealth studies for TB suggests that
substantial variability exists with regard to the definitions of
outcome measures across studies. Our review highlights that a
standardized method for measuring the different outcomes is
warranted to improve comparability of outcome measures across
studies for a more rigorous and reliable evaluation of the
effectiveness of mHealth interventions for TB. In doing so, the
coordination among researchers and the development of a core
set of outcome measures based on standardized methods would
be necessary. Our study provides useful information for
researchers to better assess the effectiveness of mHealth
interventions for TB. In addition, the study provides insights
into the possibility of developing a core set of outcome measures
by intervention type and study design based on a standardized
or coordinated set of methods.
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Abstract
Background: Smart homes are considered effective solutions for home health care for the elderly, as smart home technologies
can reduce care costs and improve elderly residents’ independence. To develop a greater understanding of smart homes for health
care services (SHHSs), this study accentuated the necessity of ecological approaches with an emphasis on environmental constraints.
This study was based on 2 rationales: (1) users are inclined to perceive the service quality and service experience from environments
(ie, servicescape) owing to the intangibility of health care and the pervasiveness of smart home technologies, and (2) both service
domains are complex adaptive systems in which diversified and undefined service experiences—not only a few intended service
flows—can be generated by complex combinations of servicescape elements.
Objective: This study proposed the conceptual framework of a Smart Servicescape Wheel (SSW) as an ecological approach
delineating the extensive spectrum of environmental constraints in SHHSs.
Methods: The SSW framework was established based on a literature review.
Results: Generally divided by perceptible and imperceptible servicescapes, the SSW consists of the perceptible Physical scape
(ie, hardware components, environmental cues, and human states) and Social scape (ie, service relationships and social relationships)
as well as the imperceptible Datascape (ie, computing intelligence, databases, and communication networks). Following the
ecological approach, each category of the SSW is subdivided and defined at the level of components or functions.
Conclusions: The SSW’s strengths lie in the various application opportunities for SHHSs. In terms of service planning and
development, the SSW can be utilized to (1) establish the requirements for SHHS development, (2) associate with work domain
analysis by defining component layers, and (3) understand the real contexts of SHHSs for the enhanced prediction of diverse
service experiences. Regarding service management, it can be applied to develop measurement items for the operation and
evaluation of SHHSs.
(JMIR Mhealth Uhealth 2019;7(2):e12425) doi:10.2196/12425
KEYWORDS
health care information management; system analysis, smart homes for health care services; ecological approach; conceptual
framework; smart servicescape wheel

Introduction
Growing Needs for Informal Care for the Elderly
Increased life expectancy and declining birthrates have caused
the rapid expansion of an aging population. Moreover, because
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of common chronic diseases (eg, heart disease, stroke, cancer,
dementia, and diabetes), the demand and costs required for the
care of elderly people are immensely growing [1,2]. To diminish
these care costs in a relatively effective way, the solution focus
is shifting away from formal care in hospitals and care centers
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toward informal care in personal home environments [3] because
of the cost-effectiveness of informal care and less intrusiveness
in one’s personal life [4,5]. Elderly people often require frequent
and immediate medical interventions to prevent emergencies
through continuous monitoring of their physiological parameters
and activities [6]. This continuous monitoring, which might
cause a significant financial burden in the case of formal
inpatient care, can be realized more comfortably through
informal care using a smart home platform [7]. Highly
developed information and communication technologies can
make home environments intelligent and provide remote,
nonintrusive health care monitoring [6].

Smart Homes as Effective Solutions for Home Health
Care Services for the Elderly
Smart homes are being realized using ubiquitous computing
and internet of things (IoT) technology, which connects devices
and systems [8,9]. Previous studies have characterized the smart
home as integrating technologies such as (1) home automation
that allows devices and systems to be controlled automatically,
(2) communication networks that connect the key electrical
appliances and services, (3) remote access and control that
allows the system to be operated at a distance, and (4) home
intelligence that is aware of users’ individual contexts [10-13].
With those characteristics, scholars have defined the smart
home’s purpose as providing a better home life experience by
promoting safety, security, comfort, communication, and
entertainment through technical management in the home
environment [14,15]. Meanwhile, other scholars have pointed
out the concerns over ethical and legal issues of smart home
technologies regarding privacy, security, and confidentiality
because of the highly identifiable nature of data [16-21].
Nevertheless, with a judicious approach to their ethical and
legal risks, smart homes could be effective for continuous and
remote monitoring of elderly health and for disease prevention,
and they can reduce the costs of care for the aging generation
while improving their independence and quality of life
[2,3,22,23]. Various terms have been utilized to describe this
technology, such as health smart home [24,25], U-health smart
home [26], ubiquitous health care [6,27,28], and smart homes
in or for (elderly) health care [2,3].
Meanwhile, the focus of previous research on smart homes has
primarily been on the development and application of smart
home technologies within the boundaries of computer science
and engineering research [11,12,15,29-32] because smart home
production is inherently technology-intensive [33]. Likewise,
according to several literature reviews about health care in smart
homes [2,3,22,34], smart homes for health care have largely
been investigated from the perspective of technology
application. Such studies have analyzed and classified literature
on smart homes for health care according to the types of sensors,
network or communication technologies, and the algorithm
models of data processing [2,3,12].
However, health care services are cocreated by elderly residents’
experiences, and their experiences directly influence the
perceived quality of the health care service [35,36]. Moreover,
health care service experience is shaped by the interactions of
elderly users with numerous touchpoints in the context of service
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[37]. In this sense, the viewpoints of service experience and
service context are substantial in health care service, but they
have not actively been engaged in research on smart homes for
health care. Therefore, we accentuated the service experience
and context perspectives of health care in smart homes in this
study. To be consistent in our use of terminology, we adopted
the term smart homes for health care services (SHHSs) and
established an operationalized definition encompassing both
technical and experiential viewpoints as follows: SHHSs are
residences integrated with ubiquitous computing and IoT
technology, which have the characteristics of home automation,
communication network, home intelligence, and remote control
and access by authorized health care personnel. They provide
informal health care services such as real-time and long-term
health monitoring, disease prevention by detecting anomalies,
and unobtrusive activity support that does not interfere with
individuals’ quotidian activities; thus, they reduce care costs,
enable a satisfactory service experience in a private and
comfortable home environment, and improve the independence
of elderly residents.

Why Do We Focus on Service Environments Regarding
the Health Care Service Experiences in Smart Homes?
The academic perspective of service experience originates from
service management research. In this field, the significance of
service environments and service context engaged with service
experience has been emphasized, as the service provision and
service interactions occur in such environments and contexts
[38]. First, service interactions, widely called service encounters
[39] in service management research, are direct or indirect
interactions between customers and service providers. Service
interactions have been underscored because they can be
diversified according to individual customers’ varied past
experiences and preferences as well as probable differences
between service providers [40]. Second, service environment,
which Bitner defined as the servicescape [41], is the physical
and social environment where the service interactions take place,
and the servicescape can influence the different ways in which
customers perceive and experience a service [41,42]. Finally,
service context refers to the social and cultural structures, such
as social norms and institutions, which could influence the way
a service’s stakeholders interact with each other [43,44].
Therefore, service experiences are created by the service
provisions and service interactions in association with diverse
service environments (ie, servicescapes) and are concurrently
profoundly influenced by service context [38]. In other words,
service experience could be cocreated by multidimensional
combinations of those 3 layers—service interactions,
servicescapes, and service contexts.
The main focus of this study—the servicescape is a fundamental
and componential level in the creation of service experiences
as it can serve as an inducing or restricting factor on usage
behaviors. Consequently, it can influence the service user’s
emotional response, perception of the intangible service quality,
satisfaction with the whole service experience, and intention of
continuous usage [42,45-48].
In line with the significance of servicescapes in service
experience, the servicescape perspective is also required for
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SHHSs, which has the characteristics of both health care services
and smart services. Generally, health care is a credence-based
service and patients tend to have difficulty assessing the
technical quality of service (ie, the professional credibility of
medical care) [36]. Instead, functional quality (ie, the service
quality as it relates to the physical environment—the
servicescape) is the primary determinant that affects patients’
perception of the health care service process [35,37]. Regarding
smart services, intelligent devices and environments
communicate and collect data in real time based on advanced
networks and pervasive computing technology [49,50], but data
transfer and technological elements are invisible or intangible
to service users. Furthermore, direct interactions between users
and service providers (ie, service encounters) are largely
supplemented or replaced by interactions with smart devices
and environmental elements. Consequently, users are inclined
to perceive the service quality and service experience from the
environments of smart services—namely, the smart servicescape
[51]—thus, from the direct, visible, and tangible interactions
with the smart servicescape. In this way, health care services
and smart services commonly have a particular significance of
servicescape from the viewpoint of service experience; for this
reason, this study used the concept of smart servicescape for
SHHSs.
The importance of the smart servicescape in SHHSs can be
supported from another perspective; the ecological approach
for a complex adaptive system. Rouse defined a complex
adaptive system as a nonlinear and dynamic system that is
composed of independent and intelligent agents whose behavior
patterns emerge rather than being designed into or controlled
by the system [52]. He also stated that one cannot force or
command such systems to abide by behavioral and performance
directions. The health care service falls under this system
because of its diversified stakeholders and interests [53].
Meanwhile, the smart home can also be regarded as a complex
adaptive system for 2 reasons. First, it is a dynamic and therefore
complex system consisting of diversified intelligent agents (ie,
smart devices and environments) based on real-time
communication. Second, the smart home is an adaptive system
that is continuously customized in accordance with the emerging
behavioral patterns of its resident users because it is a private
space where usage behaviors cannot be easily controlled to
comply with service providers’ intended directions. The SHHS
can, therefore, be considered a complex adaptive system.

Ecological Approach to Smart Homes for Health Care
Services
Then how can service experiences in a complex adaptive system
such as an SHHS be understood? In the research field of service
management or service design, service experiences have been
analyzed and profiled, adopting service blueprinting or customer
journey maps. Service blueprinting, pioneered by Shostack [54],
is a diagrammatic approach in which the key activities and their
linkages involved in service delivery are plotted. It clarifies the
series of customer actions, physical evidence, and frontstage
and backstage interactions to emphasize the perspective of
service users [55,56]. Customer journey maps are also a
diagrammatic method in which customers’ steps in engaging
with multiple touchpoints in a service are illustrated [57]. These
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maps conceptualize service experiences as a chronological
process of a customer’s journey with a service provider [58].
These approaches can provide an understanding of the sequential
flow of tasks in a service itinerary (ie, the customer’s journey)
that a service provider has intentionally designed. However,
they may not be suitable for describing a complex adaptive
system such as SHHSs, because diversified—hence unintended
and undefined—behavioral patterns can be generated given the
specificities of SHHSs (ie, multiple stakeholders, private home
circumstances, and perpetual service duration for continuous
health monitoring).
For this reason, the SHHS requires the ecological approach.
This approach, which originated from Barker and Gibson’s
ecological psychology theory [59,60], considers environmental
and social factors as parts of a system. According to this
approach, individuals are surrounded by a complex combination
of physical and social variables that operate in both direct and
indirect ways to influence human activities [61,62]. Vicente
advocated for the ecological approach in the field of
human-computer interaction (HCI) and claimed that a work
analysis for complex sociotechnical systems needs to start with
and prioritize environmental constraints [63]. Vicente classified
the demands (or constraints) of human works into (1) cognitive
constraints relevant to human cognitive systems such as mental
models and (2) environment constraints that constitute the
context in which humans are situated, such as their physical
and social realities [63]. The dominant viewpoint in psychology
and HCI has been the cognitivist approach, which emphasizes
cognitive mental models such as the sequential flow of an
instructional service itinerary. Alternatively, the ecological
approach leads to the analysis of environmental constraints, and
it enables individuals to understand the real context that may
shape actual behaviors (ie, behavior-shaping constraints) [64]
and allows them to deal with unexpected and variable situations
[63]. Given that SHHSs are complex adaptive systems in which
diversified and undefined behavioral patterns can be generated
by complex combinations of contextual and environmental
factors, the ecological approach is appropriate for understanding
service experiences in SHHSs by identifying the smart
servicescape. Considering the necessity of the ecological
approach to SHHSs, this study proposed a conceptual framework
of smart servicescape to delineate complex environmental
elements of SHHSs.

Fundamental Concepts for the Framework: Smart
Servicescape
Ahead of investigating the smart servicescape, the concept of
servicescape needs to be clarified. As briefly mentioned in the
Introduction, Bitner [41] defined the servicescape as a man-made
physical and social environment in which service encounters
are framed. Bitner emphasized the effects of physical
environments and classified them into 3 dimensions: (1) ambient
conditions (circumstantial attributes, such as temperature, air
quality, noise, music, and odor); (2) space and function (the
arrangement and layout of the machinery, equipment, and
furnishings); and (3) signs, symbols, and artifacts (visible
communicators on the exterior and interior) [41]. Since then,
many scholars have explored the categorization of servicescapes
in diverse service sectors (eg, restaurants, leisure, hospitality,
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and health care facilities) [45,47,65-67]. Furthermore, the social
servicescape has also been underlined including social or
noncommercial relationships, such as direct interactions with
service providers, indirect interactions with other customers,
social density, and connectedness [42,68].
Founded on the notion of servicescape embracing physical and
social aspects, we had proposed the concept of smart
servicescape regarding smart services in a prior study [51].
Analyzing the cases of smart home service experiences, new
dimensions, including datascape, were introduced to reflect the
key characteristics of smart services (ie, real-time data collection
and the continuous data exchange of intelligent objects) [51].
Meanwhile, several studies have been conducted on the
architecture of smart homes in association with health care
services [2,3,6,26]. Researchers have commonly proposed a
four-layer architecture for SHHSs even though their detailed
elements or labels differ. Generally, they have agreed on the
layers of (1) sensors and actuators, (2) communication or
network, (3) computing or data processing, and (4) services.
The layer of sensors and actuators is relevant to physical devices,
such as the units of home automation and home control,
biosensors, and environment sensors. The communication layer
refers to the wired or wireless home networking required for
information gathering, service discovery, and appliance
discovery. The computing and processing layer pertains to the
information analysis and machine learning technology engaged
in knowledge management and decision making. Finally, the
service layer varies from the types of health care services to
those of health care service providers and organizations.
Although the layered architecture represents the overall structure
of the SHHS well, the criteria for classification of the 4 layers
are not clearly defined. Moreover, the aforementioned studies
have been conducted in computer science and engineering fields;
therefore, the research focus lies more on a technical perspective
investigating which types of technologies are applied in each
layer. The ecological approach has been absent from previous
studies; particularly, the perspective of service experience and
that of smart servicescape have not yet been investigated in
SHHSs.

The Smart Servicescape Wheel
The Focus of the Smart Servicescape Wheel
To infuse the ecological approach with the understanding of
service experiences in SHHSs—in other words, to delineate the
extensive spectrum of environmental constraints in the complex
adaptive system of SHHSs—we introduced a conceptual
framework of the smart servicescape, the Smart Servicescape
Wheel (SSW), as illustrated in Figure 1.
The Smart Servicescape Wheel for SHHSs globally classifies
conventional servicescapes, such as the Physical scape and
Social scape as perceptible servicescapes. The Datascape, which
is a distinctive characteristic of smart services, is categorized
as an imperceptible servicescape because its elements are hardly
perceived by elderly residents unless they are intentionally
visualized with certain service objectives. Moreover, the
interactions that occur between the service user (ie, the elderly
http://mhealth.jmir.org/2019/2/e12425/
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resident) and the perceptible servicescape can usually be
recognized as direct interactions, such as the interactions of the
elderly with smart devices (eg, physiological monitoring
devices) or caregivers (eg, clinicians at health care centers and
medical staff at hospitals). However, a large part of the
interactions in the smart servicescape can hardly be perceived
by the resident. These ambient interactions [69] are among the
Datascape, Physical scape, and Social scape without the user’s
direct intervention. Subsequently, the whole scope of direct and
ambient interactions constitutes the cyber-socio-physical
interactions [70].
Nevertheless, the focus of the SSW from the ecological
perspective is not on the interactions diversely shaped in the
spectrum of smart servicescape but on the detailed servicescape
elements, namely the environmental constraints themselves.
Moreover, the environmental constraints should be defined
independently of any particular device, event, task, or interface
because the ecological approach’s implication lies in designing
a diverse spectrum of future service practices combining the
environmental constraints rather than in designing a single flow
of a service [63]. This implication implies that the smart
servicescape elements need to be defined at the level of
components or functions. Founded on this rationale, the Physical
scape consists of (1) hardware components, (2) environmental
cues, and (3) human states; the Social scape is composed of (1)
service relationships and (2) social relationships; and the
Datascape comprises (1) computing intelligence, (2) databases,
and (3) communication networks. Accordingly, this section will
discuss in detail each component of the SSW which is
categorized in Table 1.

Physical Scape
Hardware Components
The SHHS depends on data-collecting equipment and devices
to monitor the state of residents and their environments [12].
At the level of components rather than devices, the hardware
components consist of sensors and actuators [2,6,26]. Sensors
are used to detect states and changes in the residents and their
environments by measuring environmental or physiological
parameters, and they are often seamlessly integrated into the
living space and equipment [3,71]. Adopting the taxonomy of
sensors by Amiribesheli et al [3], sensors are classified into (1)
physiological sensors, (2) environmental sensors, (3) multimedia
sensors, and (4) binary sensors.
First, physiological sensors are required to monitor a resident’s
health condition. They acquire diverse biometric data (eg, body
temperature, weight, blood pressure, pulse rate, blood glucose,
and respiration—namely physiological cues, to be discussed in
a later section) through various forms of medical equipment
(eg,
electrocardiography,
electromyography,
and
electroencephalography) [3,12,72,73]. Second, environmental
sensors are utilized to detect environmental data in smart homes,
such as light, noise, temperature, and humidity—namely the
environmental cues to be explicated in the following section.
Light sensors that assess the illumination intensity and
temperature sensors that measure data for heating or cooling
air are commonly used [12,74]. Third, multimedia sensors
include cameras and microphones to collect audiovisual data
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[3]. Audiovisual data enable the behavior monitoring and
activity recognition of residents with high accuracy [75,76], but
it involves privacy concerns [77]. Finally, binary sensors’ output
data are in a discrete state of 0 or 1. These sensors are commonly
used to detect the state of objects or residents because of the
simple form of data and the unobtrusiveness in residents’ daily
lives [3]. Common binary sensors include passive infrared
sensors that collect data about residents’ movements or stillness
[78], contact switch sensors that detect the state of objects (eg,

Kang et al
opening and closing of door), and radio-frequency identification
(RFID) tags that identify objects and people to track their
locations [79].
As another hardware component, actuators are required to
respond to commands or feedback from residents or to perform
curated service actions decided from computing intelligence (to
be explicated in the Datascape section), such as the control of
ambience or home appliances [2].

Figure 1. Smart servicescape wheel for smart homes for health care services.
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Table 1. Smart servicescape elements in smart homes for health care services.
Smart servicescape elements in SHHSsa

Literature
source

Sensors

Physiological sensors; environmental sensors; multimedia sensors; binary sensors

[2,3,12]

Actuators

Actuators for device control

[2]

Smart servicescape categories
Perceptible servicescape
Physical scape
Hardware components

Environmental cues
Ambience cues

Light; sound or noise; scent or odor; temperature and humidity; ventilation and radiation [2,12]

Object-state cues

Equipment status (eg, home appliances); space status (eg, home security and energy
management)

[16]

Human states
Physiological cues

Body temperature; weight; blood pressure and pulse rate; blood glucose; respiration and [12,16]
sweating

Location or movement cues

Resident’s location and movement; other person’s location

[3]

Activity or behavior cues

Habitual or regular activities; abnormal behaviors

[3]

Social scape
Service relationship

Professional caregivers; clinicians at health care centersb; doctors and nurses at hospitals; [3]
staff at security or emergency centersb; staff at local welfare or community service centersb

Social relationship

Informal caregivers (eg, family members and neighbors)

[3]

Imperceptible servicescape
Datascape
Computing intelligence
Data collecting

Resident health or activity monitoring; home environment (safety and security) monitoring; [12,22]
data patternizingb

Data reasoning

Activity recognition and behavior prediction; anomaly and emergency detection

[2,3,22]

Service curating

Home environment assistance; alert and emergency management; telemedicine service

[12,22]

Primary database

Environmental data; physiological data

[2,3,12]

Secondary database

Situation or context datab; activity data and behavioral patterns

[3]

External database

Clinical databaseb; cloud serviceb

N/Ac

In-home network

Body area network; personal area network; wireless sensor network; local area network

[2]

Bridging platform

Internet; mobile communication

[2]

Secured communication
channel

Security-related technology

[2]

Database

Communication network

a

SHHSs: smart homes for health care services.

b

These elements were newly added. Most of the paper sources for the elements of smart servicescape were literature review papers. The terms of
elements were attuned to maintain consistent terminology, and the category labels were newly established in this study.
c

N/A: not available.

Environmental Cues
The second category of the physical scape, environmental cues,
is composed of ambience cues and object-state cues. Ambience
cues include light, sound/noise, scent/odor, and air quality (ie,
temperature, humidity, ventilation, or radiation), and they are
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involve (1) the equipment status (eg, the opening/closure or
on/off of home appliances and the location of personal items)
[3,12] and (2) space status (eg, home security or energy
consumption status) [22], which are normally detected by binary
sensors. Ambience cues and object-state cues captured by
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pertinent sensors are collected as input data for home
environment monitoring, and they can also appear as output
results of service curation by computing intelligence (to be
explained in the section of Datascape). For instance, an increase
in a bathroom’s humidity level, the opening and subsequent
closure of the bathroom door, and an increase in water
consumption can all be interpreted as the resident’s shower (or
bath)-taking activity. Consequently, monitoring service functions
can be activated to prepare for possible emergencies, such as
slips or falls. Although the data collected from environmental
cues may be straightforward, the interpretation to capture the
full activities or behavior patterns requires additional knowledge
of the environment and context.

Human States
Human states are essential elements as a target of health care
services with real-time long-term health monitoring.
Physiological
cues,
location/movement
cues,
and
activity/behavior cues constitute this category. First,
physiological cues are captured by diverse physiological sensors
and collected as biometric data. Body temperature, heart rate,
blood pressure, respiration rate, and body weight are the
frequently monitored basic parameters [72,73]. Blood glucose
can be regularly monitored for diabetic patients; oxygen
saturation of blood or sweating can be measured, for instance,
to monitor an elderly resident’s physical status during remedial
exercises. Second, location or movement cues can also be
detected by multimedia sensors (eg, video cameras) or binary
sensors (eg, presence or motion sensors and pressure sensors).
For example, when the resident is in a bedroom, his or her
location can be detected by a closed-circuit television camera
or a motion sensor installed in the room’s ceiling or more simply
by pressure sensors equipped in a bed or foot mat. Location
cues can be tracked for the individual that is being cared for or
multiple residents, including other family members or
cohabitants. The location of a third person (eg, visitors) can
also be considered depending on service functions. Finally,
activity/behavior cues can be considered advanced data derived
from the interpretation of the former physiological cues and/or
location or movement cues combined with environmental cues.
For instance, a cooking activity can be detected combining the
resident’s location in the kitchen by pressure sensors on a
kitchen mat, his or her movement by a motion sensor in the
kitchen, the opening/closing of a refrigerator door, the on/off
of a gas stove switch, and so on [3]. In this way, habitual/regular
activities, such as cooking, dining, sleeping, resting, or bathing,
can be detected. At the same time, abnormal behaviors, such as
slips or falls, can be captured based on irregular events, such
as a sudden impact on a foot mat or an unusual duration of
standing in locations [6,26].

Social Scape
Service Relationship
In the circumstances of SHHSs, the residents themselves are
the very target of health monitoring service. Therefore, they are
included in the Physical scape as the source of human states.
Meanwhile, the resident can interact with diverse stakeholders
of health care services in service relationships. Professional
caregivers visit the resident’s home regularly or irregularly to
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provide professional care services. Clinicians at health care
centers are those who directly monitor the residents’ health
status and provide consultations to maintain the resident’s health.
Doctors and nurses can also be contacted through a telemedicine
system; they may be interested in receiving updates about the
progress of the resident’s disease based on health-monitoring
data [3]. Meanwhile, other service relationships exist that are
not directly relevant to health or medical services. When
emergencies or security problems occur, the staff at security or
emergency centers can be contacted by the residents or family
members, or they can be automatically informed by an
intelligent SHHS system detecting abnormal behavior. Staff at
local welfare centers or community service centers may also be
a part of nonmedical service relationships, and their visits to a
resident’s home are important to check the living conditions of
elderly people who live alone.

Social Relationship
In addition to service relationships, social relationships can be
included in the social scape for those who work as informal
caregivers. For instance, family members who live apart from
the elderly resident, friends, neighbors, or any acquaintances
can build informal relationships by routinely or irregularly
contacting the elderly residents or by visiting them. Such
relationships could be meaningful because the informal
caregivers can help elderly residents engage in affective relations
with emotional support for their daily lives.

Datascape
Computing Intelligence
As previously noted, the Datascape is a distinctive characteristic
of smart services as an imperceptible servicescape, and
computing intelligence is a foremost part of Datascape that can
make health care services smart by intelligent processing.
Computing intelligence is composed of 3 elements, data
collecting, data reasoning, and service curating, and the
computing process in SHHSs also follows this order.
Meanwhile, it seems that those elements of computing
intelligence might be considered more as functions rather than
servicescape elements. However, Datascape is considered an
imperceptible environment in the SSW, so the collecting and
processing of data that are inevitable parts to constitute the
Datascape will also be regarded as environmental elements in
this conceptual framework.
First, data collecting is an initial phase in which primary data
related to human states (ie, physiological cues and
location/movement cues) or environmental cues (ie, ambience
cues and object-state cues) are gathered. The collected data are
patternized and stored in a database to be analyzed for the next
reasoning phase. For instance, data from sensors that detect
environmental cues can be patternized using the following
format: Detection [Date] [Hour] [Sensor number] [Object
code] [Location code] [3]. Subsequently, the collected primary
data are used to (1) monitor the residents’ health status and
activity and (2) monitor the safety and security of the home
environment.
Second, data reasoning uses a variety of knowledge engineering
and data processing algorithms [3,12], such as artificial neural
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networks [80], fuzzy logic [81], hidden Markov models [82],
and context-based reasoning [83] to analyze the primary data.
The aforementioned algorithms are used to learn and develop
models for the resident’s behavioral and physiological patterns
as well as the home environmental patterns [2]. Consequently,
data reasoning aims to (1) recognize the resident’s daily
activities, (2) predict the resident’s behaviors based on activity
recognition, and (3) detect anomalies or emergencies as the
activities are carried out [3,22,84,85].
Finally, service curating is a substantial element of computing
intelligence because it implies the final service solutions in
SHHSs that have been generated from extensive interactions
among the smart servicescape elements. Moreover, the service
curating elements are directly experienced and perceived by the
resident as health care services. According to the process of
data reasoning and the decision-making process [2,26], computer
intelligence can curate final solution services, such as (1) home
environment assistance (eg, temperature control, gas/power
control, or door opening/locking), (2) alert/emergency
management (eg, a reminder to take pills, a warning when the
gas is on, or an emergency call to family members/care centers),
and (3) telemedicine service (eg, a progress check of chronic
diseases, a consultation of health training status, or a prescription
for medications).

Database
As the second category of the Datascape, the database is
composed of a primary database, secondary database, or external
database. First, the primary database stores environmental data
and physiological data directly collected from relevant sensors
or devices. It is usually a local database, and it provides those
data to central servers—the computing intelligence—as inputs
for further processing. Second, the secondary database
accumulates the analyzed output data from the computing
intelligence, such as situation/context data, activity data, and
behavioral patterns. As the secondary database becomes
strengthened by data accumulation cycles, the recognition
accuracy of activities or behavioral patterns can be augmented
by machine learning through computing intelligence [3,86,87].
Finally, the external database can be accessed by the database
of SHHSs with authorized personnel’s permission, for instance,
to access a clinical database such as personal electronic medical
records (EMRs) from health care centers. Moreover, a generic
database such as cloud services can be accessed and utilized by
SHHSs.

Communication Network
The sensors and actuators of the hardware components in SHHSs
are connected with computing intelligence and the database
through a communication network [3,12]. Consequently, the
environmental cues and the human state cues captured by the
sensors are transmitted to the central computing server over a
wired and/or wireless communication medium [2].
In-home network refers to the communication platform that
provides data communication inside the smart home. Body area
network (BAN), personal area network (PAN), wireless sensor
network (WSN), and local area network (LAN) can be included
in this category, in order of range [2,12]. Physiological sensors
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integrated in wearable devices usually worn by the resident
form the BAN. In addition to the wearable on-body sensors,
diverse sensors on personal devices can be connected through
RFID or Bluetooth, forming the PAN. The BAN or PAN can
be connected with other environmental sensors and actuators
through the WSN (eg, ZigBee) [88]. The central platform of
computing intelligence can communicate with any sensors and
actuators in the smart home using the WSN to collect data or
send feedback for pertinent actions [2]. Consequently, those
short-range and low-powered communication platforms of
in-home networks form the LAN using a technology such as
Wi-Fi.
Moreover, bridging platforms, such as the internet and mobile
communication, are cost-effective and readily available solutions
for remote communication to access the external database [12]
and transmit various types of data, such as text, image, voice,
and video [3]. Furthermore, secured communication channels
[12] are required particularly for health care services to transmit
data to/from the clinical database, such as personal EMRs in
health care centers, because of privacy and authentication issues
[89].

Discussion
How to Apply the Smart Servicescape Wheel
Implications for Service Planning and Development
As previously noted, the value of adopting the ecological
approach by proposing the SSW lies in delineating the extensive
spectrum of environmental constraints in the complex adaptive
system of SHHSs. Diversified and undefined service experiences
can be generated by multifaceted combinations of smart
servicescape elements that could influence and shape the domain
of users’ behavior. Therefore, the SSW defined the smart
servicescape elements at the level of components or functions.
Founded on this conceptual framework, it would be worthwhile
to suggest how to apply the SSW in research or practice for the
development of SHHSs.
First, the SSW can be utilized to establish requirements for
developing SHHSs. When service planners and developers
contemplate elements to combine to provide appropriate service
functions and service contexts, the SSW can serve as a map or
a list of candidates to demonstrate various and possible options
for smart servicescapes. It can help service planners and
developers to consider the various types of perceptible
servicescape elements—namely, the types of sensors or actuators
and the types of information (eg, information from
environmental cues, human states, or social scape
relationships)—and their diverse combinations. Associated with
their types and combinations, the types of imperceptible
Datascape elements would be determined, such as the types of
input or output data in terms of database, the types of data
modeling and decision-making algorithms regarding computing
intelligence, and the types of service curation. Moreover,
depending on the service curation types, the pertinent elements
of a Physical scape or Social scape can be selected for activation
in response to planned actions.
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Second, the SSW can be applied in association with work
domain analysis (WDA). Founded on the ecological approach,
WDA is a part of cognitive work analysis that identifies the
functional structure of a system (ie, a work domain) independent
of activities [63,90,91]. WDA’s worth lies in the fact that the
separation of structure from activities helps bring an important
source of order to the analysis of complex adaptive systems
such as SHHSs [92]. The WDA requires the determination of
physical resources, technical functions, domain functions,
domain values, and system purpose [92]. Therefore, the SSW
can provide candidate elements for the layer of physical
resources—and partially includes the layer of technical or
domain functions in case of the elements of computing
intelligence. In accordance with the specific properties of service
concepts in SHHSs, service planners/developers can select
relevant smart servicescape elements and connect them to
pertinent functions and values to realize an intended service
purpose effectively. Conversely, based on the various
combinations of smart servicescape elements, innovative
functions or values of service domains can be newly defined,
and a novel service system can be proposed.
Finally, the SSW can contribute to the understanding of real
contexts in SHHSs and the anticipation of diversified service
experiences. The extensive spectrum of environmental elements
illustrated by the SSW can support the anticipation of possible
behavioral patterns in the resident’s service experiences. Diverse
combinations of the smart servicescape elements and their
subsequent patterns of user behaviors can be accumulated in
the database and learned by the computing intelligence
employing machine learning technologies. Consequently, this
process can improve the accuracy of behavior prediction and
enhance the appropriateness of service curation in SHHSs.

Implications for Service Management
From the perspective of service management, the SSW can be
utilized to develop measurement items for the operation and
evaluation of SHHSs. To determine the items to evaluate
services, the SSW can serve as a comprehensive list of elements
to be considered. If the detailed evaluation measurement scales
are developed, it could be applied in various ways such as to
(1) diagnose the current state of service operation, (2) determine
improvement points by identifying weaknesses in terms of
components, functions, and services, (3) enhance the pertinence
of actions against unexpected events or service failures, and (4)
strengthen the thoroughness of SHHS management. Moreover,
this kind of evaluation can find an opportunity to extend its
application domains toward other services based on SHHSs.

Limitations and Future Research
Despite the value and opportunities presented by the SSW,
several limitations of the framework stem from its focus and
conceptual nature. As noted in the Introduction, service
experiences could be cocreated by multidimensional association
among 3 layers: servicescape, service interactions, and service
contexts. However, the focus of the SSW is limited in describing
detailed servicescape elements rather than in determining the
interactions that occur between those elements or defining
probable influences from/on social and cultural structures (ie,
service context). For the sake of service planning and
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development, the other 2 layers of service interactions and
service contexts need to be profoundly investigated.
First, in terms of the service interaction layer, the next phase
after defining the environmental components and functions
could be the establishment of detailed interactions and activities
shaped by the combination of smart servicescape elements.
Direct interactions such as those between the service user (ie,
the elderly resident) and the perceptible servicescape need to
be identified. Furthermore, the ambient interactions among the
imperceptible and perceptible servicescapes (ie, the Datascape,
Physical scape, and Social scape) without the user’s direct
intervention require a more comprehensive exploration
considering the ambient characteristic of smart services. The
layer of service interactions might allow us to consider
innovative ways of direct and ambient interactions for more
natural and user-centered experiences of SHHSs.
Second, regarding the service context layer, social and cultural
structures such as social norms and institutions could influence
the ways of service interaction and experience formation.
Particularly, social structures and institutions pertinent to SHHSs
need to be investigated in terms of ethical and legal issues
because personal data collected through smart home
technologies require a great degree of protection [17,20].
Therefore, norms, regulations, policy, and legislation systems
in association with privacy, security, and confidentiality issues
in SHHSs would require high attention in future research [93].
Third, as the SSW is a theoretically established conceptual
framework, further empirical studies to evaluate the validity of
the framework are needed; it should be applied in the
development of a new system of SHHSs or in the analysis of
real use cases of SHHSs. Moreover, because the SSW is defined
at the conceptual component or function level, it is limited in
its elucidation of real products or systems that could be the
complete combination of smart servicescape elements.
Therefore, further research on the association of the SSW
components to describe the cases of actual products or systems
could be possible.
Finally, although the aspect of Social scape was covered less
extensively than other scape categories in this study, it does not
mean that it is less significant. The Social scape has been
investigated largely from the perspective of stakeholders in
service research, and the stakeholders in SHHSs would be
complicated considering their intricate relationships. Therefore,
it could be required to explore the interplays of Social scape
parties in association with the elements of Physical scape and
Datascape.

Conclusions
This study asserted the value of an ecological approach with
emphasis on environmental constraints for understanding
SHHSs. This study is based on 2 rationales: (1) users tend to
perceive service quality and service experiences through the
servicescape because of the intangibility of health care and the
pervasiveness of smart home services and (2) both service
domains are complex adaptive systems in which diversified and
undefined service experiences—not only a few intended service

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12425 | p.116
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Kang et al

flows—can be generated by complex combinations of
servicescape elements.

the imperceptible Datascape (ie, computing intelligence,
database, and communication networks).

Accordingly, the conceptual framework of the SSW was
proposed as an ecological approach delineating the extensive
spectrum of environmental constraints in SHHSs. Generally
divided into perceptible and imperceptible servicescapes, the
SSW consists of the perceptible Physical scape (ie, hardware
components, environmental cues, and human states), the Social
scape (ie, service relationships and social relationships), and

The strengths of the SSW lie in its various application
opportunities. The SSW can be utilized in service planning and
development to (1) establish the requirements for SHHS
development, (2) associate with WDA by defining component
layers, and (3) understand the real contexts of SHHSs to enhance
the prediction of diverse service experiences, as well as in
service management to develop measurement items for the
operation and evaluation of SHHSs.
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Abstract
Background: More alternatives are needed for recording people’s normal diet in different populations, especially adults or the
elderly, as part of the investigation into the effects of nutrition on health.
Objective: The aim of this study was to compare the estimated values of energy intake, macro- and micronutrient, and alcohol
consumption gathered using the EVIDENT II smartphone app against the data estimated with a food frequency questionnaire
(FFQ) in an adult population aged 18 to 70 years.
Methods: We included 362 individuals (mean age 52 years, SD 12; 214/362, 59.1% women) who were part of the EVIDENT
II study. The participants registered their food intake using the EVIDENT app during a period of 3 months and through an FFQ.
Both methods estimate the average nutritional composition, including energy intake, macro- and micronutrients, and alcohol.
Through the app, the values of the first week of food recording, the first month, and the entire 3-month period were estimated.
The FFQ gathers data regarding the food intake of the year before the moment of interview.
Results: The intraclass correlation for the estimation of energy intake with the FFQ and the app shows significant results, with
the highest values returned when analyzing the app’s data for the full 3-month period (.304, 95% CI 0.144-0.434; P<.001). For
http://mhealth.jmir.org/2019/2/e11463/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11463 | p.122
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Recio-Rodriguez et al

this period, the correlation coefficient for energy intake is .233 (P<.001). The highest value corresponds to alcohol consumption
and the lowest to the intake of polyunsaturated fatty acids (r=.676 and r=.155; P<.001), respectively. The estimation of daily
intake of energy, macronutrients, and alcohol presents higher values in the FFQ compared with the EVIDENT app data. Considering
the values recorded during the 3-month period, the FFQ for energy intake estimation (Kcal) was higher than that of the app (a
difference of 408.7, 95% CI 322.7-494.8; P<.001). The same is true for the other macronutrients, with the exception g/day of
saturated fatty acids (.4, 95% CI −1.2 to 2.0; P=.62).
Conclusions: The EVIDENT app is significantly correlated to FFQ in the estimation of energy intake, macro- and micronutrients,
and alcohol consumption. This correlation increases with longer app recording periods. The EVIDENT app can be a good
alternative for recording food intake in the context of longitudinal or intervention studies.
Trial Registration: ClinicalTrials.gov NCT02016014; http://clinicaltrials.gov/ct2/show/NCT02016014 (Archived by WebCite
at http://www.webcitation.org/760i8EL8Q)
(JMIR Mhealth Uhealth 2019;7(2):e11463) doi:10.2196/11463
KEYWORDS
technology assessment, biomedical; telemedicine; energy intake; diet records; surveys and questionnaires

Introduction

audience and little is known about the behavior of older
smartphone users.

Background

Research into the effect of food on health requires new tools
and technologies to quantify food intake in a valid, flexible, and
simple way [3]. However, more evidence is needed before
recommending the app of these alternatives for recording the
normal diet of different populations, especially among adults
or the elderly [2]. In the EVIDENT II study [10], an app for the
recording of dietary patterns was developed, which, in addition
to promoting the adoption of healthy lifestyles by the user, can
be useful for gathering data regarding food intake and their
subsequent use in nutritional intervention studies.

Within the framework of intervention studies, the analysis of
current or recent dietary intake can be approached with a wide
variety of methods. In general, these methods are based on either
a record of actual food intake over several days or an estimation
using tools that assess the frequency of consumption of different
foods [1]. Food frequency questionnaires (FFQs) allow us to
estimate normal food consumption habits over a relatively recent
period (months or years) by recording the frequency and amount
with which the foods included in a set list are eaten. This type
of questionnaire is most frequently used in epidemiological
studies because they are cheap, simple, fast, and allow individual
intake to be estimated with just 1 administration. The main
drawback is that they usually do not have complete data, their
list of foods is finite, and they require specific information from
the population of interest, including the main sources of nutrients
in the normal diet of the zone in which the study is conducted
[2,3].
The review by Illner et al [2] suggests that food data collected
with cell phones could improve collection compared with using
conventional records because of the possibility of recording in
real time. In addition, higher intraobserver reliability has been
observed in comparison with written formats. Estimates of
dietary intake based on records made in periods of 3 to 7 days
could reduce costs. However, validity still appears to be limited
when estimating an individual’s intake [4], given the necessary
prior training and increased effort involved in data processing.
Different apps have proven their validity against a conventional
method such as 24-hour recall. The apps Easy diet diary, My
meal mate, and Food now obtained good correlations and a
nonsignificant difference for energy intake [5-7] and small
differences of means for some food groups [8]. In addition,
other apps such as My fitness PAL or e-DIA correlate positively
regarding the consumption of certain food groups [8,9], although
they may overestimate that of carbohydrates and lipids,
especially in individuals with a higher energy intake [9]. All
these apps, however, have been validated in a relatively young
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Objectives
The objective of this study was to compare the estimated values
of energy consumption, macro- and micronutrients, and alcohol
collected with the EVIDENT II smartphone app in a week, a
month, and 3 months, with the data estimated by means of a
frequency questionnaire of food consumption in an adult
population aged between 18 and 70 years.

Methods
Study Design and Population
Participants were selected from among those included in the
EVIDENT II clinical trial intervention group [10]. The objective
of this study was to assess the effectiveness of adding the use
of a smartphone app to brief lifestyle improvement counseling
(physical activity and eating habits) in a sample of the adult
population. Overall, 6 groups from the Red Española de
Investigación para Actividades Preventivas y Promoción de la
Salud en Atención Primaria (REDIAPP; Spanish Research
Network for Preventive Activities and Health Promotion in
Primary Care) participated in the study. Subjects aged between
18 and 70 years were included. Subjects were excluded if they
were unable to do exercise or follow the Mediterranean diet, or
if they met any of the exclusion criteria. These criteria were the
known presence of coronary or cerebrovascular atherosclerotic
disease; heart failure; moderate or severe chronic obstructive
pulmonary disease; musculoskeletal disease involving limited
walking; advanced respiratory, renal, or hepatic disease; severe
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11463 | p.123
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mental disease; or a treated oncological disease diagnosed in
the last 5 years [10]. Of the 415 subjects in the intervention
group (brief counseling + smartphone app) of the EVIDENT II
study [10], 53 did not use the app to record their diet; hence,
for the study presented in this manuscript, 362 subjects were
included. This sample size allows the detection of a correlation
coefficient of .15 or higher between the energy intake estimated
by the FFQ and that estimated with the app, accepting an alpha
risk of .05 and a beta risk of .20 in a bilateral contrast.

Variables and Measurement Instruments
Estimation of Average Daily Nutritional Composition
With the EVIDENT App
The EVIDENT app is a smartphone app developed by the
computer company CGB and the Grupo de Investigaciónen
Atención Primaria de Castilla y León (Castilla y León Primary
Care Research Group) of the REDIAPP (intellectual property
registration number 00/2014/2207).
The app allows the user to enter information regarding lifestyle
habits such as diet. Within the app, foods are organized by
groups that include dairy products, eggs, meat, fish, vegetables,
fresh fruits, pulses, cereals, oils and fats, pastries, cakes and
cookies, processed foods, snacks, beverages, bread, nuts, pasta,
rice, salads, seafood, sauces, soups, and creams. The app was
configured with the characteristics of each participant (age, sex,
weight, and height). The subjects were required to enter their

Recio-Rodriguez et al
food intake daily (breakfast, midmorning snack, lunch, afternoon
snack, and dinner) and select dishes and foods from the app
menu (Figure 1). In the case of breakfast, midmorning, and
afternoon snacks, the user selects each of the foods and their
quantity listed on the app in the standard measures used by the
reference population (Figure 2). For the lunch and dinner record,
the type of dish and the size are selected (Figure 1). Other foods
consumed at different times are recorded with the meal closest
to them in time. On completing the daily record, the user is
provided with 2 types of information by the app (Figure 3). The
first covers the average nutritional composition of the
corresponding day in terms of energy intake and macronutrients.
This information was estimated using food composition tables
and serving sizes provided by the user. The second concerns
the nutritional composition of each ingested food corresponding
to the portion size selected. In addition, each individual receives
general weekly notifications with feedback messages about how
well the general recommendations regarding certain aspects of
the diet such as the consumption of fruits and vegetables or
olive oil are being applied. This study presents the daily
estimates of energy intake, consumption of macro- and
micronutrients, and alcohol during the first week of recording,
the first month, and the total time that individuals used the app
(3 months). The average daily energy intake is expressed in
Kcal, whereas the intake of macronutrients and alcohol is
expressed in g/day. The micronutrients are expressed in terms
of their respective units of consumption.

Figure 1. EVIDENT app main screen and selection of dishes.
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Figure 2. EVIDENT app food menu.

Figure 3. EVIDENT app feedback information.
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Estimation of Average Daily Nutritional Composition
With the Food Frequency Questionnaire (FFQ)
A self-administered FFQ validated for the Spanish population
was used [11]. This questionnaire covers 137 foods frequently
used among the reference population, along with their standard
portion sizes. These foods are organized into groups that include
dairy products, eggs, meat, fish, vegetables, fresh fruits, pulses,
cereals, oils and fats, pastries and cakes, processed foods,
snacks, and beverages. Within each of these categories, a certain
number of products are included. After receiving instructions
from researchers, participants indicated the frequency with
which each item was consumed during the last year on a scale
of 9 response options (never or almost never, 1-3 times a month,
once a week, 2-4 times a week, 5-6 times a week, once a day,
2-3 times a day, 4-6 times a day, or more than 6 times a day).
The questionnaire data were used to estimate daily energy
consumption expressed in Kcal and intake of macronutrients
and alcohol expressed in g/day. Micronutrients were quantified
in terms of their respective units of consumption. For this study,
we used data obtained from the FFQ conducted for 3 months.

Other Measurements
Data on the sociodemographic characteristics of the population
(age and sex); educational level and occupation; smoking and
personal history of hypertension, dyslipidemia, and diabetes
mellitus were collected.
Hypertension was considered present with figures of ≥140 mm
Hg systolic blood pressure and/or ≥90 mm Hg diastolic blood
pressure or if the subject was being treated with antihypertensive
agents [12]. Dyslipidemia was determined with total cholesterol
of ≥240 mg/dL or triglycerides of ≥200 mg/dL or lipid-lowering
drug treatment [13]. For diabetes mellitus 2, we applied the
American Diabetes Association criteria (glycated hemoglobin
≥6.5%, fasting plasma glucose ≥126 mg/dL, plasma glucose
≥200 mg/dL after 2 hours during an oral tolerance test of
glucose, random plasma glucose ≥200 mg/dL, or the use of
antidiabetic treatment) [14].
Smoking history was assessed through questions about the
participant’s smoking status (smoker or nonsmoker). We
considered smokers to be subjects who currently smoke or who
stopped smoking less than 1 year ago.

Ethical Considerations
The study was approved by the clinical research ethics
committee of the Salamanca health care area (June 21, 2013),
and all participants gave written informed consent in accordance
with the general recommendations of the Declaration of Helsinki
[15].

Statistical Analysis
Descriptive statistics regarding clinical and sociodemographic
characteristics of the studied population were expressed by
means and SDs for the continuous variables and frequency
distribution for the qualitative variables.
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Concordance of the energy intake estimations produced by the
app and the FFQ per week, month, and 3 months was analyzed
using the intraclass correlation coefficient (ICC). In addition,
the Bland-Altman method was used to calculate the limits of
agreement between the 2 measurement tools. The comparison
of means regarding energy consumption, macronutrients, and
alcohol between the 2 measuring instruments was conducted
with the Studentt test. In addition, the Pearson correlation
coefficient was used to analyze the relationship between the
estimations of macro- and micronutrients and alcohol intake
from the 2 measurement tools and between the 3 estimates of
the app.
All analyses were performed with SPSS version 23.0 (IBM
Corporation, Armonk, NY, USA) and an alpha risk of .05 was
set as the limit of statistical significance.

Results
Characteristics of the Study Population
Our sample comprised 362 individuals with a mean age of 52
(SD 12) years (214/362, 59.1% women). Regarding
cardiovascular risk factors, 35.9% (130/362) had a diagnosis of
arterial hypertension, 28.5% (103/362) had dyslipidemia, 20.4%
(74/362) were smokers, and 7.5% (27/362) had diabetes mellitus
type 2 (Table 1). Among the 362 participants, 235 (235/362,
64.9%) registered their food intake more than 61 days (2
months) on the app, 62 (62/362, 17.1%) between 31 and 60
days (between 1 and 2 months), and 65 (65/362, 18.0%) less
than 30 days (<1 month).

Comparision Between Food Frequency Questionnaire
and EVIDENT Smartphone App
ICC between the FFQ and app for the estimation of energy
intake at 1 week, 1 month, and 3 months shows a significant
association in all 3 cases, with the highest ICC yielded by the
3-month record (.304, 95% CI 0.144-0.434; Table 2). The
Bland-Altman plot was used to analyze the concordance of
energy intake estimated by the FFQ at 3 months and the
EVIDENT app at 1 week, 1 month, and 3 months (Figure 4),
with a limit of agreement at 3 months of 408 Kcal (95% CI
−1223 to 2040).
Figures for the estimation of daily energy, macronutrient, and
alcohol intakes are higher with the FFQ than those provided by
the EVIDENT app (Table 3). The lowest values for energy,
macronutrients, and alcohol were found after 3 months of data
recording. As can be seen, the value estimated through the FFQ
for energy (Kcal) was higher than that yielded by the app, with
a difference of 408.7 (95% CI 322.7-494.8; P<.001). This is
repeated with the remaining macronutrients, with the exception
of saturated fatty acids (g/day), in which a difference of 0.4
(95% CI −1.2 to 2.0; P=.62) was observed. The average values
of energy, macronutrients, and alcohol estimates recorded with
the app can be seen in Table 4.
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Table 1. Baseline characteristics of the study population (N=362).
Baseline characteristics

Statisticsa

Age (years), mean (SD)

52 (12)

Females, n (%)

214 (59.1)

Work situation, n (%)
Works outside of home

196 (54.1)

Homemaker

48 (13.3)

Retired

70 (19.3)

Student

7 (1.9)

Unemployed

41 (11.3)

Educational level, n (%)
University studies

102 (28.2)

Middle or high school

184 (50.8)

Elementary school

76 (21.0)

Smoking, n (%)
Nonsmoker

168 (46.4)

Smoker

74 (20.4)

Former smoker

120 (33.1)

BMIb categories, n (%)

a

BMI <25

97 (26.8)

BMI 25 to 30

152 (42.0)

BMI >30

113 (31.2)

Hypertension, n (%)

130 (35.9)

Dyslipidemia, n (%)

103 (28.5)

Type 2 diabetes mellitus, n (%)

27 (7.5)

Categorical variables are expressed as n (%) and continuous variables as mean (SD).

b

BMI: body mass index.

Table 2. Intraclass correlation coefficient for energy intake.

a

Comparisons

Intraclass correlation (95% CI)

P value

FFQa and EVIDENT app: 1 week

.203 (0.021-0.352)

.02

FFQ and EVIDENT app: 1 month

.267 (0.099-0.404)

.01

FFQ and EVIDENT app: 3 months

.304 (0.144-0.434)

<.001

EVIDENT app (1 week, 1 month, and 3 months)

.941 (0.929-0.951)

<.001

FFQ: food frequency questionnaire.
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Figure 4. Bland-Altman Plots with the differences in energy intake estimation (Kcal) between the food frequency questionnaire (FFQ; 3 months) and
data records of the application (1 week, 1 month and 3 months). (a) Limit of agreement for the estimation of the energy intake between FFQ and
EVIDENT application (1 week): 374 Kcal (-1373 to 2121); (b) Limit of agreement for the estimation of the energy intake between FFQ and EVIDENT
application (1 month): 386 Kcal (-1291 to 2063); (c) Limit of agreement for the estimation of the energy intake between FFQ and EVIDENT application
(3 months): 408 Kcal (-1223 to 2040).
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Table 3. Comparison of consumption of energy, macronutrients, and alcohol between the food frequency questionnaire and EVIDENT app.

a

Nutritional composition

Mean difference of FFQ-EVIFFQa, mean (SD) Mean difference of FFQ-EVI- Mean difference of FFQ-EVIDENT app at 1 week (95% CI) DENT app at 1 month (95% CI) DENT app at 3 months (95% CI)

Energy intake (Kcal/day)

2467.3 (729.8)

374.0 (281.9 to 466.1)

386.2 (297.7 to 474.6)

408.7 (322.7 to 494.8)

Proteins (g/day)

106.9 (29.5)

20.2 (16.5 to 23.9)

20.7 (17.1 to 24.3)

21.5 (18.0 to 25.1)

Carbohydrates (g/day)

260.4 (88.1)

59.8 (49.6 to 70.0)

60.8 (50.9 to 70.7)

63.8 (54.1 to 73.4)

Fats (g/day)

103.8 (37.9)

9.0 (4.1 to 14.0)

9.8 (4.9 to 14.6)

10.5 (5.8 to 15.2)

b

0.1 (−1.5 to 1.8)

b

0.4 (−1.2 to 2.0)b

Saturated fats (g/day)

30.2 (12.3)

0.1 (−1.5 to 1.8)

Monounsaturated (g/day)

45.9 (17.6)

1.7 (−0.6 to 4.1)b

2.2 (0.0 to 4.3)b

2.5 (0.4 to 4.6)

Polyunsaturated (g/day)

16.9 (8.6)

4.4 (3.4 to 5.4)

4.4 (3.4 to 5.4)

4.5 (3.5 to 5.5)

Cholesterol (g/day)

458.8 (175.9)

125.5 (105.2 to 145.8)

127.2 (107.5 to 146.9)

130.2 (110.9 to 149.4)

Fiber (g/day)

27.5 (10.5)

1.9 (0.7 to 3.2)

1.9 (0.7 to 3.2)

2.5 (1.3 to 3.7)

Alcohol (g/day)

9.2 (13.3)

4.0 (2.9 to 5.2)

3.9 (2.8 to 5.0)

3.8 (2.7 to 5.0)

FFQ: food frequency questionnaire.

b

P>.05.

Table 4. Estimation of the average daily consumption of energy, macronutrients, and alcohol with data collected through the EVIDENT app during
the first week, first month, and throughout the 3 months.
Nutritional composition

EVIDENT app 1 week, mean (SD)

EVIDENT app 1 month, mean (SD) EVIDENT app 3 months, mean (SD)

Energy intake (Kcal/day)

2093.2 (602.5)

2081.1 (577.0)

2058.5 (557.9)

Carbohydrates (g/day)

86.7 (24.6)

86.2 (22.3)

85.4 (21.9)

Proteins (g/day)

200.6 (60.5)

199.6 (58.6)

196.6 (57.6)

Fats (g/day)

94.7 (34.6)

94.0 (33.1)

93.2 (31.7)

Saturated fats (g/day)

30.0 (13.9)

30.0 (13.9)

29.8 (13.2)

Monounsaturated fats (g/day)

44.2 (15.7)

43.7 (14.1)

43.4 (13.5)

Polyunsaturated fats (g/day)

12.5 (4.9)

12.5 (4.9)

12.4 (4.8)

Cholesterol (g/day)

333.3 (125.1)

331.6 (113.0)

328.6 (106.9)

Fiber (g/day)

25.5 (8.3)

25.5 (8.3)

25.0 (8.2)

Alcohol (g/day)

5.2 (7.7)

5.3 (7.6)

5.3 (7.6)

Table 5 shows the correlations between the EVIDENT app’s
1-week estimates for daily energy intake and the consumption
of macronutrients and alcohol on the one hand, and the 1-month
and 3-month records on the other. The values for energy
correlate highly (r=.823 and r=.774; P<.001 all), although the
highest correlations correspond to alcohol consumption (r=.894
and r=.865; P<.001), whereas the lowest correlations are those
regarding cholesterol intake (r=.757 and r=.669; P<.001).
Table 6 shows the correlations between energy, macronutrient,
and alcohol intakes recorded by the FFQ and the EVIDENT
app for the first week, the first month, and at 3 months. The
coefficients are higher when the FFQ is correlated with the
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3-month data of the app. Energy intake yields a correlation
coefficient of .233 (P<.001). The highest value corresponds to
alcohol consumption and the lowest to the intake of
polyunsaturated fatty acids (r=.676 and r=.155; P<.001),
respectively.
Among the micronutrients (vitamins and minerals), we found
significant correlations between FFQ and app estimates (Table
7). The highest concordance values were found for calcium and
vitamin C intake (r=.316 and r=.319; P<.001), respectively,
whereas the lowest correlations corresponded to phosphorus
and vitamin D (r=.106 and r=.110; P<.05), respectively.
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Table 5. Correlation of the consumption of nutrients between the intake estimated by the EVIDENT app in the first week, registration of the first month,
and the record of the 3 months.

a

Nutritional composition

Correlation of the consumption between
first week and first month

Correlation of the consumption between
first week and three months

Energy intake (Kcal/day)

.823a

.774a

Carbohydrates (g/day)

.845a

.800a

Proteins (g/day)

.789a

.722a

Fats (g/day)

.800a

.731a

Saturated fats (g/day)

.825a

.763a

Monounsaturated fats (g/day)

.775a

.715a

Polyunsaturated fats (g/day)

.802a

.733a

Cholesterol (g/day)

.757a

.669a

Fiber (g/day)

.835a

.777a

Alcohol (g/day)

.894a

.865a

P<. 01.

Table 6. Correlation of the nutrient consumption between the estimated values with the food frequency questionnaire and the registration through the
EVIDENT app of the first week, first month, and 3 months.

a

Nutritional composition

Correlation between FFQa with first Correlation between FFQ with first Correlation between FFQ with 3
month records by the app
months records by the app
week records by the app

Energy intake (Kcal/day)

.135b

.202c

.233c

Carbohydrates (g/day)

.147c

.224c

.268c

Proteins (g/day)

.172c

.207c

.204c

Fats (g/day)

.165c

.220c

.232c

Saturated fats (g/day)

.276c

.291c

.311c

Monounsaturated fats (g/day)

.118b

.220c

.236c

Polyunsaturated fats (g/day)

.111b

.130b

.155c

Cholesterol (g/day)

.154c

.193c

.204c

Fiber (g/day)

.204c

.280c

.314c

Alcohol (g/day)

.647c

.675c

.676c

FFQ: food frequency questionnaire.

b

P<.05.

c

P<.01.

http://mhealth.jmir.org/2019/2/e11463/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11463 | p.130
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Recio-Rodriguez et al

Table 7. Correlation of mineral and vitamin consumption between the values estimated by the food frequency questionnaire (FFQ) and data collected
through the registration of the EVIDENT app of the first week, first month, and 3 months.
Micronutrients

Correlation between FFQa with first Correlation between FFQ with first Correlation between FFQ with 3
month records by the app
months records by the app
week records by the app

Minerals
Calcium (mg/day)

.259b

.295b

.316b

Iron (mg/day)

.190b

.254b

.259b

Iodo (µg/day)

.155b

.178b

.198b

Magnesium (mg/day)

.175b

.277b

.299b

Zinc (mg/day)

.175b

.210b

.221b

Selenium (µg/day)

.189b

.244b

.232b

Phosphorus (mg/day)

.093

.109c

.106c

Sodium (mg/day)

.124c

.157b

.151b

Potassium (mg/day)

.197b

.267b

.278b

Vitamin A (mcg/day)

.141b

.167b

.166b

Vitamin D (mcg/day)

.094

.092

.110c

Vitamin C (mg/day)

.262b

.308b

.319b

Vitamin B1 (mg/day)

.155b

.189b

.224b

Vitamin B2 (mg/day)

.205b

.244b

.248b

Niacin (mg/day)

.130c

.181b

.171b

Vitamin B6 (mg/day)

.210b

.236b

.225b

Folic acid (mcg/day)

.231b

.276b

.298b

Vitamin B12 (mcg/day)

.139b

.196b

.196b

Retinol (mcg/day)

.163b

.151b

.162b

Carotenoids (mcg/day)

.230b

.275b

.274b

Vitamins

a

FFQ: food frequency questionnaire.

b

P<.01.

c

P<.05.

Discussion
Principal Findings
Dietary records with the EVIDENT app yielded significant
intraclass correlation with the FFQ in terms of energy intake.
Similarly, the correlation between both instruments regarding
the estimation of daily macro- and micronutrients intake and
alcohol consumption was statistically significant. Furthermore,
the correlations between the values obtained with the FFQ and
with the EVIDENT app increase with longer app recording
periods. The results of this study allow us to hypothesize that
the use of electronic devices can be an alternative to FFQ for
food recording in the context of longitudinal or intervention
studies.
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The increasing use of smartphones has produced an increase in
the number of apps aimed at recording food intake. Many of
these apps [6,7,16,17] have been compared against a traditional
method of collecting information such as 24-hour recall with a
young population. These apps have in common a high
correlation for the estimation of energy intake, with small and
insignificant differences between the app and 24-hour recall
methods and with slightly higher values recorded by 24-hour
recall for all measurements. The EVIDENT app’s estimates of
energy intake are significantly lower than those estimated with
the FFQ. The correlation between both instruments of
measurement is significant and rises as the food recording period
using the app increases. However, this correlation is low
compared with other works [6,7,16,17]. There are several
explanations for this finding. First of all, the EVIDENT app
was compared with an FFQ rather than a 24-hour recall. This
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aspect is key to understanding the results. The 24-hour recall
consists of collecting the most detailed information possible
about the foods and beverages consumed in the preceding 24
hours. It is a method widely used in cross-sectional studies, but
the great variety of available foods and ways of preparation
makes it more difficult to estimate the rations consumed. In
addition, one of the main limitations is that a single day of
analysis does not reflect the usual pattern of consumption. When
a comparison is made with a measuring instrument that explores
food consumption over a short period (24 hours), a high
correlation is expected as the food intake in that period is limited
and the time gap between the records of both tools is closer, so
there is less risk of memory bias. FFQs, meanwhile, estimate
the nutritional intake over a longer in this case, 1 year. During
this period, variability in foods is much higher and may be
influenced by aspects such as seasonality or festivities that could
alter food consumption. The FFQ seem to be a good instrument
to estimate the nutritional composition over long periods (1 year
or more) and the 24-hour recall in shorter periods (between 1
day and a week). However, for the estimation of energy and
nutrient intake in the context of clinical investigations, it is
necessary to use instruments capable of reporting beyond recent
intake. The results of this study suggest that the use of the
EVIDENT app can be a good measuring instrument for the
estimation of nutritional composition in the context of
longitudinal or intervention studies, although the implementation
in clinical practice of this type of food registration tools could
be difficult if there is not enough motivation to register them
for long periods.

Comparison With Prior Work
Among the macronutrients, the highest correlation is found for
carbohydrates and fiber and the lowest, although significant,
for polyunsaturated fatty acids. However, the correlation
coefficients maintain similar values for all dietary components,
which lend the app a high degree of cohesion. Again, the higher
the number of days recorded, the greater the correlation. The
estimation for energy intake and consumption of macronutrients
show higher values when FFQ is used, which reinforces the
conclusions of many other studies that indicate that FFQs may
overestimate food consumption compared with other assessment
instruments [18,19]. There are also notable differences in the
process of data collection between the 2 tools for estimating the
nutritional composition. Both the app and the FFQ collect the
same types of food. However, the amount of products available
for selection, within each category, is greater in the app. In this
way, for example, in the selection of fish, the app has a greater
range of products to select, distinguishing between each of them
in a particular way. Although the FFQ tends to group more
products into subcategories such as blue fish, white fish, or
salted fish, not all fishes within the same subcategory have the
same nutritional composition. In this sense, the app could be
much finer in the estimation of macro- and micronutrients.
In the study conducted by Ashman et al [16], which also
analyzed the results obtained with an app and a questionnaire
for the estimation of micronutrient intake, moderate correlations
(r=.47-.94; P<.05 in all of them) were found. However, among
other information, the study subjects contributed characteristics
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regarding the preparation of the food consumed, which may
have been influenced by subjective aspects linked to particular
preferences in cooking as well as to certain customs. The
population consisted of pregnant women, possibly under specific
care and dietary care regimes. Moreover, previous research has
shown that the 3 days, during which the app was used, would
not be a sufficient period to accurately estimate micronutrient
intake [20]. Regarding alcohol consumption, Ambrosini et al
[6], in line with our results, also found a moderate correlation
using an app and the 24-hour recall questionnaire. However,
the study concluded that the app may have underestimated the
consumption of alcohol compared with the 24-hour recall
questionnaire. In addition, subjects only used the app for 4 days.
A possible explanation of the difference between the different
correlations found in the studies of Ashman and Ambrosini
[6,16], for the consumption of macro- and micronutrients, and
our study is that in the EVIDENT study, throughout the
registration period, participants received daily notifications with
recommendations to improve their dietary habits. These
recommendations were part of the intervention of the EVIDENT
trial and were aimed at achieving greater adherence to the
Mediterranean diet and better adaptation to the recommendations
for consuming macronutrients in the context of the usual diet.
Another aspect that can explain the results are the different
characteristics of the population studied in terms of age and
health. The samples studied by Ashman [16] and Ambrosini
[6] are relatively small (N=25 and N=50), with a young age
average (29 and 31 years, respectively), and with a high
percentage of women. However, the participants of the
EVIDENT study are between 18 and 70 years of age, with an
average of 52 years. In addition, the percentage of cardiovascular
risk factors (hypertension, diabetes, dyslipidemia, and smoking)
is slightly higher than in the general population. These
circumstances highlight the heterogeneity of this sample and,
therefore, the difficulty of finding more accurate correlations
of nutrients between the different estimation instruments.

Limitations
One of the main limitations of this study is the traditional
instrument to which the app’s records were compared, an FFQ.
This questionnaire was validated for the reference population
(Spanish population) and uses the nutritional composition data
of 137 normally consumed foods in Spain for the daily
estimation. The data involved are those of the year before the
interview. Other apps have used shorter periods (24 or 48 hours)
and have compared their results against 24-hour recall. These
studies have obtained better correlation results but these results
were to be expected, given the very limited period during which
intake data were collected.

Conclusions
The EVIDENT app correlates significantly with FFQ in the
estimation of energy intake, macro- and micronutrients, and
alcohol consumption. This correlation grows as the app’s food
recording period increases. The EVIDENT app can be a good
alternative for gathering information on energy intake and the
consumption of macronutrients, in the context of longitudinal
or intervention studies.
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Abstract
Background: Periodic demographic health surveillance and surveys are the main sources of health information in developing
countries. Conducting a survey requires extensive use of paper-pen and manual work and lengthy processes to generate the
required information. Despite the rise of popularity in using electronic data collection systems to alleviate the problems, sufficient
evidence is not available to support the use of electronic data capture (EDC) tools in interviewer-administered data collection
processes.
Objective: This study aimed to compare data quality parameters in the data collected using mobile electronic and standard
paper-based data capture tools in one of the health and demographic surveillance sites in northwest Ethiopia.
Methods: A randomized controlled crossover health care information technology evaluation was conducted from May 10, 2016,
to June 3, 2016, in a demographic and surveillance site. A total of 12 interviewers, as 2 individuals (one of them with a tablet
computer and the other with a paper-based questionnaire) in 6 groups were assigned in the 6 towns of the surveillance premises.
Data collectors switched the data collection method based on computer-generated random order. Data were cleaned using a
MySQL program and transferred to SPSS (IBM SPSS Statistics for Windows, Version 24.0) and R statistical software (R version
3.4.3, the R Foundation for Statistical Computing Platform) for analysis. Descriptive and mixed ordinal logistic analyses were
employed. The qualitative interview audio record from the system users was transcribed, coded, categorized, and linked to the
International Organization for Standardization 9241-part 10 dialogue principles for system usability. The usability of this open
data kit–based system was assessed using quantitative System Usability Scale (SUS) and matching of qualitative data with the
isometric dialogue principles.
Results: From the submitted 1246 complete records of questionnaires in each tool, 41.89% (522/1246) of the paper and pen
data capture (PPDC) and 30.89% (385/1246) of the EDC tool questionnaires had one or more types of data quality errors. The
overall error rates were 1.67% and 0.60% for PPDC and EDC, respectively. The chances of more errors on the PPDC tool were
multiplied by 1.015 for each additional question in the interview compared with EDC. The SUS score of the data collectors was
85.6. In the qualitative data response mapping, EDC had more positive suitability of task responses with few error tolerance
characteristics.
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Conclusions: EDC possessed significantly better data quality and efficiency compared with PPDC, explained with fewer errors,
instant data submission, and easy handling. The EDC proved to be a usable data collection tool in the rural study setting.
Implementation organization needs to consider consistent power source, decent internet connection, standby technical support,
and security assurance for the mobile device users for planning full-fledged implementation and integration of the system in the
surveillance site.
(JMIR Mhealth Uhealth 2019;7(2):e10995) doi:10.2196/10995
KEYWORDS
public health; maternal health; surveillance; survey; data collection; data quality; tablet computer; mHealth; Ethiopia

Introduction
Scientific Background
In most of the low- and middle-income countries, millions of
people born and die without registration in any legal and
statistical records. Health and social policy planning and
evaluations are performed with statistical assumptions for
unrecorded lives [1,2]. The lack of a fully functional civil
registration system in those countries force them to rely on other
interim measure data sources such as censuses, Health and
Demographic Surveillance Systems (HDSSs), and Demographic
and Health Surveys (DHS) programs to understand populationlevel health determinants [3,4]. Conducting any survey in those
countries requires extensive use of paper-pen and manual
processes to manage the data [5]. Paper data collection processes
are labor intensive, time-consuming, susceptible to errors, incur
high printing and running costs, and are cumbersome and
uncomfortable for field data collection [6,7]. The need to support
the paper process and the recent advanced popularity of mobile
devices fortified the development and use of electronic data
collection methods in community health and clinical research
works. Electronics devices such as personal digital assistants
[8-10], mobile phones [11,12], and tablet computers are
noticeably tested for their potential role in replacing the standard
paper-based tools [7]. The anticipation is that electronic data
capturing tools may overcome substantial limitations of the
paper-based system through saving time, improving the data
quality, and minimizing overall cost [6,7,9,13,14]. Due the fast
evolution of information technology and the heterogenicity of
infrastructures in different countries, evaluations of such systems
require periodic and setting context evidence to support the
growing claims on their efficiency, effectiveness, and impacts
[15,16].

Rationale for the Study
The recent emerging research outputs are expediting the use of
electronic data collection methods in lower- and middle-income
countries. However, most of the available evidence cannot
surpass the common critics on the quality of mobile health
(mHealth) evidence. The critic shares 2 major points: First,
there is little to no field-based study for quantifying the
interaction of data quality and data capture technologies. Second,
rigorous scientific research designs such as randomized
controlled trials are few in number and type [17-20]. The
majority of the research papers are work experience reports and
simple descriptive one-arm studies [21-23]. Moreover, the
comparative studies are from research conducted at a different
time [7,9,11] or surveys that are not conducted on field and
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rather conducted in the hospital and clinic settings [10,12,24].
The presence of an interviewer adds an additional breadth to
the multifaceted interaction among the survey questionnaire,
the respondent, and the survey delivery approach, which can
result in different approach effects. Therefore, use of smart
devices such as a tablet computer to support interviewer-based
survey questionnaires would be explored separately. There are
experiences of using mHealth for data collection in Ethiopia
[7,25,26]. According to the authors’ literature review and
expertise, there is a lack of comparative trial evaluation studies
on the effect of data capture tools on the quality of the data in
interviewer-administered surveys conducted in demographic
and surveillance sites.
Therefore, in this study, we evaluated mobile electronic data
capture (EDC) tools and compared them with the traditional
standard paper-based system on the quality of recorded
responses from rural community household respondents.

Objectives
The purpose of this study was to compare data quality
parameters in the data collected using mobile electronic and
standard paper-based data capture tools from Dabat Health and
demographic surveillance sites in northwest Ethiopia.
The study’s primary research question was:
•

Is the error rate of data collected by an EDC tool less
compared with paper and pen recorded data?

The secondary questions were:
•
•

Is there a learning effect in the use of EDC through the
course of the data collection period?
Is an electronic mobile-based data collection tool usable to
the data collectors in Dabat health and demographic
surveillance sites?

Study Context
Organizational Setting
This evaluation research was implemented at Dabat HDSS, also
called the Dabat Research Center, in northwest Ethiopia. The
surveillance site is a member of the INDEPTH global network
of HDSSs, which has 42 health research centers as members
and 47 HDSS field sites in 18 low- and middle-income countries
in Africa, Asia, and Oceania [27]. The surveillance center
established in 1996 aims to generate community-based
representative evidence through a continuous longitudinal data
collection process. The surveillance is run by the College of
Medicine and Health Sciences, which is one of the
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colleges/faculties of the University of Gondar in Ethiopia. Dabat
district, the surveillance site, is one of the 21 districts in North
Gondar Administrative Zone of Amhara Region in Ethiopia.
According to the INDEPTH Network, Dabat HDSS is working
with 69,468 participants [28].

System Details and System in Use
A 30-page paper questionnaire, in 8 subthematic sections, was
developed by a team of researchers at the Institute of Public
Health at the University of Gondar, Ethiopia. The
comprehensive survey was called “integrated survey on
maternal, childhood, nutrition, and disability in Dabat Health
and Demographic Surveillance System (HDSS).” The themes
addressed pregnant women, young females, children aged less
than 5 years, and people with disabilities. The number of
questions in each subthematic questionnaire varies from 15 to
63, and each interviewer can use at least one of them or a
combination of subthematic questionnaires based on the
respondent’s category of cases. Most of the overall items
(88.25%) were closed-ended questions.

Open Data Kit Questionnaire Development
Open Data Kit (ODK) was chosen to develop the EDC system
using an open-source app. ODK has an open suite of tools used
to design the form, collect, and aggregate the data. Similar
experience was observed in a couple of recent studies [7,29].
The exact copy of the paper questionnaire was converted to its
electronic replica form using Excel and XLSForm. After passing
the technical validity, the form was uploaded to the server. Each
data collector can get a new blank form for the first time with
an authorized log-in to the server. For multiple-choice questions,
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single question per screen is displayed on the tablet screen,
whereas for questions in a tabular form, many questions per
screen are shown on the screen. From overall questionnaire
items, only the respondents’ household identification (ID),
personal ID, and data collectors’ and their supervisor’s name
were required. The questionnaire is designed to filter numbers,
assist date function, and check for skip patterns to prevent
significant typing and data format errors. No other error
controlling functionalities were incorporated because of the 2
data collectors per interview design nature of this study. The
data entry fields were restricted to option buttons, check boxes,
or empty fields (Figure 1).
After completing each interview, the data collector can use the
“Edit Saved Form function for any valid correction and can
use the “Send Finalized Form function to send the form to the
server instantaneously. The third generation mobile internet
network was used to connect each tablet computer to the server.
In the case of limited network connectivity, submissions of the
saved data were transferred when the data collectors were in a
good network coverage area.
For this survey, we used the TechnoPhantem7 tablet computer.
The device is locally manufactured in Ethiopia with an inbuilt
Ethiopian national working language called Amharic. A fully
charged tablet has a battery life of approximately 48 hours. We
have restricted the functionalities of many unnecessary apps in
the devices to save the battery lifetime. To test the natural course
of electricity infrastructure in the areas, we have not used extra
battery or power banks as a reserve power source to charge the
tablets.
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Figure 1. Screenshot examples of the type of questions; multiple choices (A), number (B), single select (C), and date (D) presented in the electronic
data capture tool used for the survey in Dabat Demographic and Health Surveillance site in June 2016, northwest Ethiopia. Translation of the Screen:
(A) 217: Which of the signs of pregnancy complications or danger sign of pregnancy have you encountered during postnatal period? bleeding, fever,
vaginal gush of fluid, incontinency, and other (describe); (B) 204: Birth weight for the last child (if it was measured); (C) 213: Where did you give birth
for your last child? home, hospital, health center, health post, and other (please mention it here); and (D) 218: When was the last child delivered?
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Methods
Study Design
We conducted a field-based, prospective, randomized,
controlled, crossover trial to investigate the error rate as an
indicator of data quality. Moreover, usability evaluation using
System Usability Scale (SUS) and semistructured questionnaire
(Multimedia Appendix 1) interviews were conducted to observe
the user impression in use of EDC.
The evaluation study started after the approval by the Ethical
Committee of the University of Oldenburg (vote-number
148/2016, chair Professor Griesinger) and the ethical vote of
the University of Gondar, Research and Community Service
Gondar, Ethiopia (vote-number O/V/P/RCS/05/501/2015, signed
by TT Adefris). The data are kept confidentially and the
electronic copy of the data is stored in the Department of
Medical Informatics of the University of Oldenburg

Study Participants
Oral consent was obtained from the participants and data
collectors after the objective of the research was explained
briefly. Data collectors, who were permanently employed to
Dabat DHS site and contractually employed for this integrated
survey, were our research participants. The data collectors’ main
task was to travel house to house and conduct a face-to-face
interview with the persons living in selected Kebeles (smallest
administrative unit) of Dabat district.
From 13 towns chosen for the overall survey, 6 towns were
selected for our specific research based on accessibility of
internet coverage and electric power supply in the town or
nearby towns. On the basis of this, 12 data collectors, who were
assigned to work in 6 towns, were involved. On each survey
day, the interviewer was randomly selected to have either a
tablet computer or a paper questionnaire based on computergenerated orders of tool users in the study period.

Study Flow
The evaluation trial started after the technical team at the
University of Gondar, Department of Health Informatics in
Ethiopia managed the form creation, ODK Collect app
installation on the tablet, and server configuration. Following
this, we trained data collectors for 2 days on the basic tablet
computer use, EDC functionalities, and questionnaire content.
After incorporating comments from the participants on the
functionality of the system, we performed pretests of the system
for 2 days in towns outside from our trial area. The pretest phase
showed some critical deficits of the system, and we have
discovered unseen system errors, such as unnecessarily required
items that significantly delay the data collection time. They
were removed, and many decimal point items were corrected.
A mini user manual using the local language was prepared and
given to the interviewer along with working procedures.
The 2-interviewer pair, one with tablet computer and the other
with paper questionnaire, went together to each household and
sat next to each other to conduct the interviews (Multimedia
Appendix 2). In a given interview, one of the data collectors
leads and asks the questions, whereas both fill in the data
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independently and concurrently. For each interview day, the
schedule of field data collectors were generated according to a
computer-generated random order. The order defined the date
and the data collection tool—EDC or paper and pen data capture
(PPDC)—for each data collector in a team. The interviewers
did not know the generated order in advance. Upon the
supervisor notification, the paper and tablet devices were
exchanged between the interviewers.
To evaluate the electronic tool, we used the first month of the
comprehensive survey meant to address a larger population for
approximately 4 months. Our actual data collection period was
from May 10, 2016, to June 3, 2016. At the end of the
field-based data collection period, the usability questionnaire
was given to each data collector. Moreover, their satisfaction
and opinion during the system use were asked by using a
semistructured interview questionnaire (Multimedia Appendix
3).

Outcome Measures or Evaluation Criteria
We chose the overall data quality errors (missing and
inaccuracy) as indicators of data quality. It indicates the existing,
missing, or inaccuracy errors from the data collected using either
paper or electronic tools. The following are the evaluation
criteria:
•

•

•

•

•

Overall errors: This indicates the existence of one and more
error types from the total records in a questionnaire (how
many of the records have one or more items with errors
from the total records). For the pen and paper questionnaire,
we use the original responses recorded by the data collectors
before correction is given from the supervisor or data passes
to cleaning and data entry phases.
Missing: It represents missing answers or questions with
no answers in questionnaire completed by the interviewer
and submitted to the supervisor or to the server.
Inaccuracy: It represents any problematic items or
incompatible values in the data. It includes decimal point
errors, invalid date, or text-unreadable values.
Quantitative SUS evaluation: Response from the 10-item
questionnaire based on a 5-point Likert scale was
summarized. The system was considered usable if the
overall SUS score was >67 (ranging from 0-100) [30].
Qualitative isometric: The analysis is based on the
International Organization for Standardization (ISO)
9241-110 dialogue principle. The 7 dialogues were based
on the description in the studies [31,32]. Transcribed
interview response was related to the 6 dialogue principles
and summarized with a “+” and “−” notation if the interview
response fits positively or negatively, respectively.

Methods for Data Acquisition and Measurement
The data collectors with paper questionnaires hand over
completed questionnaires for their respective supervisors daily.
To identify the potential errors in a given paper-based
questionnaire, the supervisors used error extraction sheets and
recorded all identified errors before giving correction,
comments, and suggestions back to the data collectors. For the
EDC system, the completed questionnaires were directly
submitted to the server. The administrator has privileges to
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access and monitors the process daily and checks submissions
from all interviewers. Technical inquiries from the data
collectors or supervisors are replayed immediately by standby
technical members.
Electronically submitted data were downloaded on a weekly
basis in Excel format from the server and sent to an actual
research site where the counter paper-based questionnaire
remained. Furthermore, 2 technical assistants compared the data
errors recorded on the extraction sheets and electronically
submitted data. Each item in the questionnaire was double
checked and the errors were noted accordingly.
Anonymized data from the study site were brought to a
department of the Medical Informatics at the Carl von Ossietzky
University of Oldenburg. MySQL was used for the cleaning
and preparation of data for analysis by 2 researchers.
To evaluate the software usability, we used the Amharic
language translated SUS questionnaire [30]. The 10-item
questionnaire is based on a 5-point Likert scale and produces a
maximum score of 100 on the users’ impression on the EDC
tool. We chose SUS because of its shortness and the
understandable phrasing of questions even for noninformation
technology skilled persons such as our data collectors. The
results of our SUS questionnaire showed a Cronbach alpha of
.841 for reliability.
We also used semistructured questionnaires to perform
face-to-face interviews with data collectors who were involved
in this trial. Tape-recorded and noted data were then transcribed
for further analysis based on the dialogue principles defined in
the ISO 9241-110 [31].

Methods for Data Analysis
Univariate analyses, to quantify errors in data capture tools, was
performed by SPSS (IBM SPSS Statistics for Windows, Version
24.0) and R statistical software (R version 3.4.3, The R
Foundation for Statistical Computing Platform) was used to
perform ordinal logistics mixed regression model to see the
effect of some variables on the quality of the data. As the dataset
contains 2 values for each observation, a number of errors for
the tablet questionnaire and a number of errors for the paper
version, there are a lot of ties or dependencies between the
observations. To reduce these ties, we constructed a new variable
as the difference between the 2 numbers of errors. However,
this variable contains many zeros. We chose to resolve this
problem by categorizing the variable into the following 3
categories: fewer errors in the paper version than in the tablet
version, zero difference, and more errors in the paper version
than on the tablet. We assumed a dependence between the error
rates and the overall length of the questionnaire as well as
differences in performance between groups of the 6 interviewers.
Consequently, we constructed a mixed ordinal regression model
to explain the category of error differences along the length of
the questionnaire. The model contains random effects for the
individual performance of groups of interviewers. At the same
time, we estimated models that specialized on the influence of
the different types of questions and their quantities. For every
model, we used a regression equation with the following
structure:
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Error_diff_cat = b_1 covariate + a_G1 covariate +
… + a_G6 + e [1]
“Covariate” stands for the different measures of the length of
the questionnaire and a_G1 to a_G6 denote the random effects
for each group. For the estimation, we used a cumulative logistic
mixed regression model. Estimation was performed within the
software R using the add-on package “ordinal.” We tried to
include additional covariates in a forward selection process
though they were eliminated on the basis of the Akaike
Information Criterion. For each regression coefficient, we can
construct a test for statistical significance of the influence of
the corresponding covariate. We may test the hypotheses H0:
|β|=0 versus H1: |β|≠0 by constructing a confidence interval for
the level 1-α and check whether it includes the value from H0.
Hence, we can conclude whether we find a significant increase
in the error rate in either of the 2 methods.
For qualitative analysis, 2 computer scientist experts and 1
public health expert with a professional informatics background
independently mapped the qualitative responses to 6 of the 7
dialogue principles, and then later approved the category
together. When a difference arose, a physician and medical
informatics expert was consulted for an agreement.
The dialogue principles of ISO 9241-110, namely, suitability
for the task, suitability of learning, controllability, selfdescriptiveness, conformity with user expectation (CUE), and
error tolerance (ET) is used to map the transcribed interview
result. To include many of the respondent views, we have
expanded the dialogue principles, mainly suitability for the
tasks, focused from the software and hardware context to include
social and environmental contexts.

Results
Data Collectors’ Sociodemographics
A total of 1246 respondents’ data were recorded through
face-to-face interviews using conventional PPDC tools, whereas
1251 respondents’ records were observed in the electronic
database. During data cleaning, we found that 5 of the records
submitted through EDC were found empty. We removed the
counter of 5 records from EDC because their records could not
be depicted in the paper record files using the same IDs.
A total of 12 interviewers, 4 male and 8 female, aged 21 to 32
years, participated in the study. Among these, 4 were nurses, 3
were information technologists, 1 was a person with a
background in social science, and the rest of the data collectors
had no specific professional background. Regarding their
educational status, the majority (8/12) had completed high
school and vocational school certificate or diploma. Their
experience as a field worker ranged from 2 months to 7 years
with a mean of 2.6 years. Moreover, 4 of the interviewers had
experience of using smartphones as a personal phone. None of
the interviewers had previous experience in using a smartphone
or tablet computers as a data collection tool.

Unexpected Events During the Study
Although we started our survey with 6 pairs of data collector
groups, unfortunately, one of the team terminated the study after
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2 weeks of the survey period. The interruption occurred because
of personal conflicts unrelated to the survey in the community.
The conflict caused the termination of data collection in that
area as the situation could not be resolved during the survey
period. Therefore, we completed the survey with the remaining
5 groups.

Zeleke et al

Error Rate

Study Findings and Outcome Data

The overall error rate, computed from the total error count over
the total number of asked items, was 1.14%, from which 0.73%
were missing and 0.4% of the rates were inaccuracy errors. The
PPDC error rate was 1.67% (missing 0.92% and inaccuracy
0.75%), whereas the EDC error rate was 0.6%, of which 0.54%
were missing and 0.064% were inaccuracy errors (Table 1).

Errors per Questionnaire

Error Rate Over Time/Learning Effect

From the complete 1246 submitted questionnaires in both PPDC
and EDC tools, 522 (41.9%) of the PPDC questionnaires had
1 or more errors. From this, the majority with 175 (33.5%) of
the questionnaires that had only 1 error followed by 112 (21.4%)
questionnaires with 2 errors and 55 (10.5%) with 3 errors.

Though Figure 3 shows no smooth pattern of mean error rate
increasing or decreasing over the study time, there is a visible
difference observed between the 2 tools regarding the error rate.
EDC has a constant error rate ranging below 1%, whereas the
overall and PPDC error rates swing between 1% and 1.5%,
respectively. There were random peaks of the error rates at
different points of time in the study period; the overall error
rate does not show a constant trend of decrease or increase over
time (Figure 3). The statistical trend analysis also showed that
trends are not detected at the P<.005 level.

At EDC, 385 (30.9%) of the questionnaires had one or more
errors. Thus, the majority of 241 (62.5%) had only 1 error
followed by 76 (19.7%) questionnaires with 2 errors and 41
(10%) with 3 errors (Figure 2 and Multimedia Appendix 1).

Figure 2. Frequency of error comparison among the electronic data capture (EDC) tools using tablet computer and paper and pen data capture (PPDC)
tools during a survey in the demographic survey site in 2016, Dabat, northwest Ethiopia.
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Table 1. Error rate by types of errors and the tools used during a survey in a demographic survey site in 2016, in Dabat, northwest Ethiopia.
Error type

Error type
Overall asked items (N=221,106), n (%)

Paper-asked items (N=110,691), n (%)

Tablet-asked items (N=110,415a), n (%)

Missing

1620 (0.73)

1020 (0.92)

600 (0.54)

Inaccuracy

901 (0.40)

830 (0.75)

71 (0.10)

All errors

2521 (1.14)

1850 (1.67)

671 (0.60)

a

The item difference results from the extra asked items in the paper questionnaire because of asking items that have to be skipped accordingly. This
applies to other tables, too.
Figure 3. Mean values of the overall error rates trend of electronics data capture tool (EDC) using tablet and paper and pen data capture (PPDC) tools
used during the survey in the demographic survey site in 2016, Dabat, northwest Ethiopia.

Table 2. Error by item type and the tools used during a survey in a demographic survey site in 2016, in Dabat, northwest Ethiopia.
Item types

Paper

Electronics

Total asked items
(N=110,691), n

Number of errors
(n=1850), n (%)

Total asked items
(N=110,415), n

Number of errors
(n=671), n (%)

Single select

46,660

466 (0.99)

46,427

145 (0.31)

Single select tabular

19,062

84 (0.44)

19,062

42 (0.22)

Multiple selects

24,303

877 (3.60)

24,302

226 (0.92)

Numbers and dates

18,022

343 (1.90)

17,980

202 (1.12)

Free text

2644

80 (3.02)

2644

56 (2.11)

Frequency of Errors per Item Type
Nearly half (47.4%) of the errors in PPDC were found in
questions which had multiple option answers followed by
questions with single choice answers (25.2%). At EDC,
two-thirds of the errors were shared by multiple options, number
and date type question with rates of 33.6% and 30.1%,
respectively.
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In the paper questionnaire, questions that had multiple answer
options had a relatively higher rate of errors (3.65%), followed
by free text and the number and date answers with 3% and 1.9%,
respectively. In EDC, questions with free-text options had a
relatively higher error rate with 2.1%, followed by numbers and
date options answers (Table 2).
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Regression Results
In each estimated model, we found that the chance for a higher
number of errors in the paper version (in comparison with the
tablet version) increases with the length of the overall
questionnaire. For each additional question in the interview, the
chances of more errors by using the paper tool were multiplied
by 1.015. We have obtained similar findings for the different
subsets of the questionnaire, where we found an increase in the
chances of additional errors in the paper version in each type
of the questions. The increase is minimal for single-item
questions. The increase is strongest in the time and date
questions, with an odds ratio of 1.084 per additional question.
None of the 95% CIs include an estimate of 0 and an odds ratio
of 1, respectively (Table 3). Hence, we can see that each variable
measuring a number of items has a significant effect on the
comparative error rate.

System Usability Scale Test
The usability of the system among the data collectors was
measured based on SUS. The global scores can range between
0 and 100, with 100 reflecting the highest usability. The analysis
yielded individual SUS scores between 67.5 and 100, and a total
average score of 85.6. The graph for each SUS question depicted
that majority of the data collectors’ responses categorized from
“agree” to “strongly agree” for positively articulated questions.
Similarly, “strongly disagree” to “disagree” for the negatively
articulated questions (Figures 4 and 5).

Linked Qualitative Interview Themes With the
International Organization for Standardization
9241—110 Dialogue Principles
As described in the Methods section, the qualitative interview
responses of the system users’ perception were transcribed,
thematized, and linked to one of the 6 ISO 9241-110 dialogue
principles (suitability for the task, suitability of learning,
controllability, self-descriptiveness, conformity with user
expectation, and error tolerance). Users reported their perception
by comparing the advantage of the EDC tool with respect to
the disadvantage of paper-based questionnaire and vice versa.
According to the users’ perception, EDC tools increased the
efficiency of the data collection process through faster data

collection time, the possibility of instant data submission to the
research center server, and real-time work progress. Users also
perceived that EDC reduces potential data quality errors with
its automatic data validity checks and skip errors rules.
Furthermore, the EDC device was portable, lighter, and less
bulky than paper questionnaires; users claim that exposure to
EDC technology improved the skills of data collectors for
information technology use in the survey. On the other hand,
users also perceived the following about paper questionnaire:
(1) they are prone to readability errors during correction/editing
of respondent answers, (2) they can become out of stock while
in the remote survey area, (3) paper is heavy and easily wasted
during improper handling or storage, and (4) they can incur
higher duplication and operational costs for larger surveys. The
perceived benefits of EDC combined with limitations of paper
questionnaire was interpreted as—EDC had good suitability of
task, ET, controllability, and suitability of learning for the above
listed tasks.
Users also perceived that EDC possesses a high risk of losing
data because of intentional and unintentional technical mistakes
from the user or device failures. The fact that EDC needed
sustainable electricity and internet infrastructures for charging
the tablet computers and for facilitating instant data transfers
was also considered as a treat to work in underserved deep rural
towns. The data collectors raised a concern that the deep rural
towns usually have neither of them. However, users’ familiarity
with the paper questionnaire, easiness of paper to correct
questionnaire related mistakes, lesser risk of losing data for
technical reasons, and less dependency on electricity or internet
infrastructures for daily operations were referred to as the
advantages of the PPDC tool. Thus, the disadvantages of EDC
coupled with perceived benefits of PPDC characterize EDC to
be less conformable with user expectation, controllability, ET,
and suitability for the above tasks.
The views of the interviewee were also further mapped based
on aspects explored during the interview, which include,
efficiency/speed, data recording and entry processes, data
management/operation, logistics and operation, concern,
learning, infrastructure, reported and solved challenges,
satisfaction, and confidence and future improvement (Table 4).

Table 3. Mixed model effect, ordinal logistic regression for the data collected by electronic data capture (EDC) and paper and pen data capture (PPDC)
tools used during a survey in the demographic survey site in 2016, in Dabat, northwest Ethiopia.
Covariate

Regression coefficient b_1

Exponential(b_1) multiplicative change in chances SD (95% CI)

Total number of items

0.015

1.015

0.0035 (0.008-0.021)

Number of single items

0.029

1.030

0.0074 (0.014-0.044)

Number of multiple items

0.042

1.043

0.0094 (0.024-0.060)

Number of single table items

0.023

1.023

0.011 (0.001-0.045)

Number of time and date items

0.081

1.084

0.017 (0.048-0.114)
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Figure 4. Usability response for negatively articulated questions in the System Usability Scale (SUS) used during a survey in the demographic survey
site in 2016, Dabat, northwest Ethiopia.
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Figure 5. Usability questionnaire response for positively articulated questions in the System Usability Scale (SUS) used during a survey in a demographic
survey site in 2016, Dabat, northwest Ethiopia.
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Table 4. Data recorders’ perceptions and its isometric dialogue mapping for data capture tools used during a demographic survey site in 2016, in Dabat,
northwest Ethiopia.
EDCa dialogue

Aspect explored and data collectors’ or users’ perceptions

mapping (+/−)b
Efficiency or speed
Paper questionnaire takes less time than the electronic questionnaire, more data can be collected in less time, as it is more
familiar and easier to write on.

STc−

If the device is free of internal software or hardware errors, working with tablet computer is relatively faster than paper, and ST+
this can save overall working time.
Data recording and entry processes
In the paper questionnaire, deletion or editing respondent response while editing written mistakes or incorrect response can
cause readability errors. In tablet computers, we can easily delete or edit responses without causing readability errors.

ETd+ and ST+

With the paper questionnaire, we may forget the skip question pattern and ask the follow-up questions, but in the case of using Ce or SDSf+
tablet device, there is an automatic skip pattern function to lead the questioning order
In EDC, the data can reach the concerned bodies faster by jumping the double data entry clerk and other data management
processes compared with the paper-based system.

ST+

Data collected with EDC has fewer errors than paper questionnaires as the electronic form has an error controlling validity
mechanism.

ET+

Mistakes in questionnaire items were possible to erase or correct in EDC form, whereas in paper form, it is possible to edit
or erase the items manually.

C− or ST+/−

A simple technical error in the table computer can affect the whole work. For example; in the case of unknown or unintentional error in the device, there is a risk of losing the whole data, and reinterviewing the respondent is a must.

C− and ET−

Writing on tablet virtual keyboard, moving the cursor, and editing text fields were a challenge and took a longer time. On
paper questionnaire, the interviewer can easily write or circle the chosen item and pass to the next question.

C− and ST−

ODKg collect app menus, such as get a blank form, fill the blank form, edit saved form, and send finalized form, that were
easily understandable.

ST+ and SL+

Data management or operation
Well-documented paper questionnaires or files can stay longer and are not prone to file corruption or deletion errors as in the ST− and ET
case of electronic data collection system.
In the paper form, if mistakes were found a while after completing the interview, it can be corrected before submitting the
questionnaire to the supervisor; however, in EDC, we do not have a chance to correct later as the data are sent instantly to
the server while we are in the study field.

ST+

There is a high possibility of data loss in paper questionnaires because sheets of paper suffer from wear and tear during transit ST+
and storage.
Actual work progress of the data collectors was better monitored with daily and instant submission of the completed question- ST+
naire through EDC.
Logistics and operation
The paper questionnaire runs out while we are in the field and sometimes it takes longer to reach, which is not the case in
EDC.

ST+

The tablet computer is small and easy to handle, whereas the paper questionnaire pack was heavy and bulky. Carrying paper ST+
packs house to house for longer distance was difficult and had physical stress.
Security concern: Data collectors feel insecure to work in rural areas alone with this expensive device. Furthermore, the device
or the data recorders might be forcefully stolen or may be attacked in case of theft attempt.

ST−

Learning opportunity: Data collector’s skill of tablet computer utilization was increasing day to day as familiarity with the system SLh+
was growing.
Infrastructure
The battery capacity lasts a maximum of a one and a half days; during the study period, overnight charging of the tablet
computer in or around the research town was possible.

ST+

Data collectors appreciated the role of paper-based system when their work was interrupted because their tablet battery was
low or switched off or when the mobile data connection was interrupted.

ET−

Internet collection was adequate to send the data once a day during the study period.

ST+
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EDCa dialogue

Aspect explored and data collectors’ or users’ perceptions

mapping (+/−)b
Sometimes in deep rural areas, electricity may not be available to charge the battery or adequate enough for the internet network ST−
coverage to be available.
Reported and solved challenges
Downloading a new form at the beginning of the study or during form updating was challenging.

SDS and C−

Deleting partially filled data was challenging.

C−

Some questions in EDC form were refusing to accept the decimal number during data collection in the first 2 days.

CUEi−

Unintentional and accidental touching of some settings in the table computer changed the screen resolution settings, the date C−
and time, and interrupted communication with the server.
Mobile internet data balance was exhausted while the data collectors were in the remote area where charging the balance was ST−
not possible.
Satisfaction and confidence: The data collectors have better satisfaction with EDC and have confidence to work using this device ST+
in future surveys.
Future improvement
The questionnaire details such as point, number, and legal value, should be well refined in EDC before implementation.

CUE−

As frequent phone consultation for technical help may not be possible in case of network problems, strong training is needed CUE−UE
to troubleshoot simple errors by EDC users without technical team consultation.
a

EDC: electronic data capture.

b

+ corresponds to more and − corresponds to less.

c

ST: suitability of task.

d

ET: error tolerance.

e

C: controllability.

f

SDS: self-descriptiveness.

g

ODK: open data kit.

h

SL: suitability for learning.

i

CUE: conformity with user expectation.

Unexpected Observations
Most of the household face-to-face interviews went smoothly
except for a few incidences such as loss of internet connectivity,
unexpected electric power interruption in the area, and software
bugs. Recording geographic coordinates were part of the EDC
questionnaire and was a required input. Detecting the global
positioning system (GPS) signals was sometimes a challenge
for our 3 survey sites. This required option had created a
substantial delay in the data collection process for 3 groups, as
further questions could not be asked without detecting the GPS
signals. As a quick solution, we removed the required option
from the app to resume data collection processes.

Discussion
Answer to the Study Questions
This study aimed to evaluate and compare the magnitude of
data quality errors in the data collected with paper and pen as
well as EDC technologies. In addition, the usability of the tablet
computer to capture survey respondent data was analyzed from
the perspective of data collectors. The answer for these study
questions are arranged in magnitude of errors, learning effect,
quantitative SUS evaluation, and isometric qualitative evaluation
for system usability.
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Magnitude of Data Quality Errors
In DHS, data collection systems are expected to be sustainable,
easy to use, provide timely data, be reliable, and maintain data
quality. Our evaluation study demonstrated that a smart device
data collection system using the ODK platform outperformed
pen-and-paper systems across each data quality parameter for
DHS in Ethiopia. Data collected using tablet computers were
more likely to have fewer errors compared with the conventional
paper questionnaire. Nearly half of the PPDC and one-third of
EDC questionnaires exhibited one or more errors in the
respondent answers.
The data collection mode features can affect response quality.
Face-to-face or personal-visit surveys have a high degree of
interaction with the respondent irrespective of the technology
use. Interviewers can also support in clarification, probing, and
encourage the respondents to provide complete and accurate
responses [33]. The conceptual reasons why errors might be
less likely to occur when using technology, particularly when
human-technology interaction is inevitable, need further
explanation. Data quality in general possesses completeness,
plausibility, and validity dimensions. Addition of technological
support for face-to-face interview mode targeted on the
improvement of the completeness and plausibility data quality
dimensions. EDC timely avoids completeness and plausibility
errors through automated routing in complex questionnaires
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and detecting errors using range and consistency checks and
warning interviewers of invalid entries. Though improving
completeness and plausibility contribute to validity dimension,
further research is needed to assess the validity dimension. In
addition to improving the design of the instrument with
principles of human-computer interaction and user-centered
design, appropriate training on error recovery procedures to
avoid potentially deleterious consequences (eg, accidental
deletion of files) is important [33,34].
It is a very challenging task to find a theoretical base for the
superiority of technological support. We can think of the Charles
Friedman’s fundamental theorem for biomedical informatics.
It states that “a person working in partnership with an
information resource is ‘better’ than that same person
unassisted.” The literal translation to us is “a field-based
interviewer who use electronics data collection system for the
survey will make fewer data quality errors than the interview
administrator without the electronic system.” Though full
consensus has not been reached on interpreting the theorem,
Friedman’s theorem is the most arguable applied theorem in
the informatics community [35].
Computing error rate, which considers the total number of
questions, is important in case of bulky questionnaires such as
ours. For example, the error rates for PPDC and EDC tools were
1.67% and 0.6%, respectively. This shows that most of the
submitted questionnaires in both tools had very few error counts
compared with the total number of asked items in a
questionnaire. The majority, that is, 85% of EDC and 55% of
PPDC had less than 3 errors from 38 questions in the average
questionnaire.
The low rate might be from 2 possible speculated effects; the
first is “being observed or supervised effect on the data
collectors and the second might be “inter-tool/interaction among
the data collectors. The data collectors feel that their
performance can be watched indirectly and making mistakes
can have an unintended consequence in their job. Extra care
might have been taken by the data collectors to avoid potential
mistakes while working. The intertool interaction between the
paired data collectors might affect the performance of one of
the data collector over the other pair. Though we have strictly
instructed the interviewers to avoid any side communication
during the interview, they might communicate indirectly in the
sense of helping each other during technical challenges. This
unwanted communication might neutralize the data quality of
impact of a tool over the other. Further analysis of paired
datasets in the same team supported this claim, where 3 of the
6 paired groups have similar magnitudes of errors between the
paired individuals. The effects were unavoidable because of our
study design nature where the paired data collectors must
conduct the interview.
Missing and inaccuracy errors were analyzed separately, and
the percentages indicate both types of errors were more prevalent
in the paper-based system. Missing errors are more prevalent
than inaccuracy errors in both tools. However, inaccuracy errors
in electronic-based data are quite low, 10.5% (71/671),
compared with a paper questionnaire, 81.37% (830/1020). This
might be because electronic form had partial programmed
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checking mechanisms such as skip pattern. On the other hand,
from the total errors count (671) observed in electronic data,
600 (89.5%) errors were because of missing items. This accounts
for 37% of the total errors in both tools. Considering previous
experience and the nature of electronic device for minimal
tolerance of missing values, the magnitude seems quite high.
This is expected because of the study design nature. In a research
design such as ours where 2 data collectors sit next to each
other, they start and finish the study at approximately the same
time, implementing all possible validation rules and complicate
the study design. For example, in case the person with the tablet
is leading the interview and the person with the paper follows
or vice versa, one of them does not have to wait for the other
for any mismatch reasons. Implementing strict validation rules
will create interdependency or confusion among them. This has
been observed in our pretest phase, and hence, we have
deliberately omitted some of the validation rules from the EDC.
The possession of more errors in paper compared with EDC
were also supported by our qualitative interview data. The
majority of the data collectors perceived EDC had minimized
the potential errors through inbuilt error controlling validity
tool and systematic routing with skip logic.

Learning Effect
A learning curve usually describes technological progress
(measured generally in terms of decreasing error rate for EDC)
as a function of accumulating experience with EDC over time.
It assumes that a technology’s performance improves with
experience when the technology accumulates. In this study, a
single data collector had a cumulative 2 weeks exposure in the
4-week study period. In this short time exposure, performing
early assessment is open to criticism as the users are not fully
proficient. Late assessment runs the risk that the data collectors
will draw their own conclusions about the pros and cons of the
new technology. In our case, both the statistical tests and
graphical illustrations did not depict any meaningful time pattern
on the error rate through the study period. This might be because
the interviewers were exposed equally to each tool at random
order to avoid any unnecessary learning effect on the quality of
the data, which can be sourced from uneven prolonged exposure
of the user to one of the tools.

System Usability Scale and Isometric Usability
SUS scores and impression of the data collectors from the
interview showed high usability and satisfaction in using EDC
for data collection with a usability score of 85.4. Data collectors
stated that the system is easy to carry, they were able to directly
submit the data to the server, and let them be familiar with the
information technology; this encourages the implementation of
such systems in resource-limiting settings.
Analysis of the qualitative interview based on the isometric
dialog principles for usability identified perceived strengths and
areas of improvements to implement the electronic data
collection system. For example, the system had better ET
because of its error controlling mechanism and less ET for its
high risk to lose the data.
The qualitative responses were triangulated with isometric
dialogue principles. The conceptual focus of these dialogues is
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basically about the hardware and software capability system for
the given task. However, we tried to force some of the dialogue
principles to accommodate environmental and social contexts
that are of particular importance to the research sites settings.
For example, responses such as, “we had a constant supply of
electricity and internet,” “I work relatively faster when I use a
tablet computer,” and “When I use a tablet, I will not worry
about finishing the questionnaire” were categorized under
suitability for task dialogue principle. The responses are neither
software interface issues nor hardware issues, rather, they are
social, economic, and infrastructural setting context to facilitate
the data collectors’ tasks. This may imply that there could be
room to extend the dialogue principles on the importance of
local context issues where the system evaluation takes place.
Though mapping the qualitative interview cannot explicitly
show all the dialogue principles into the level of equal share,
relevant information can be drawn even with its limitations. For
the future, a qualitative research design where the interview
questions intended to include all the 6 dialogue principles can
yield a better understanding of the system usability.
Tablet computers are valuable items in resource-limited settings;
thus, the device can be stolen or data collectors may be targeted
when conducting household surveys in insecure areas. The
potential incidence of theft and subsequent physical attacks or
fear of losing the device were frequently mentioned concerns
by the data collectors. Similar concerns were raised by other
researchers in South Africa; such types of insecure feelings may
create unintended resistance from the field interviewer. If the
system planned for scaled-up implementation in the routine
work, addressing their concern is an important step for
successful integration of the system in the area.

Strengths and Weaknesses of the Study
This study adopted an existing open source platform to develop
the electronic questionnaire and data submission and storage
configuration. This showed we could easily adopt the available
resources and save the human and material resources to develop
the new system from scratch.
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number of interviews, it might result in a bias. For our study,
data collectors were randomly exposed to either an electronic
device or a paper questionnaire. Though the existence of bias
is unavoidable, we believe the effect is similar in both tools
[36].

Results in Relation to Other Studies
The overall error rate in this study, 1.67% for PPDC tool and
0.6% for EDC is comparable with a study in Kenya that had
1% and 0.1% missing rate in paper and electronics, respectively
[11]. In addition, a study with a similar design in India revealed
2% PPDC and 1.99% EDC error rates [29]. However, this
magnitude is lower compared with other similar studies (7%
and 1%, with no omission in EDC) [9], 3.6% PPDC and 5.2%
in EDC [37]. The difference might be an item selection
mechanism: the above studies calculated their error rate from
selected items in a given questionnaire, whereas this study
considered all items in the questionnaire, which is highly likely
to inflate nonerror denominators for such types of typical huge
number of asked items (over 220,000). Furthermore, random
assignation of data captures tools for data collectors, whereas
the studies compare data collected from 2 different points in
time by various data collectors and nonrandomized methods.
Nonrandomized studies might possess inflated error influenced
by nonhomogeneous factors distributions among data collectors
and other characteristics of the study.
Many EDC studies that use the maximum potential of error
control mechanisms such as required items for all, logical skip,
or logical input values in EDC, reported 0 to less than 1% of
missing responses [14,38]. In our study, because of the design
nature mentioned earlier, we could not fully implement all the
error-controlling mechanisms in EDC. Under possible
circumstances, implementing the maximum potential of the
error preventing mechanism in the software is mandatory.

Pairing data collectors for a single interview may affect the
interdata collectors’ performance or tools may affect each other,
hence lowering the magnitude of actual errors. Due to the
inability to implement all the functions of the electronic error
controlling mechanism, such as required items for all, value
range determination in EDC might have contributed to some
preventable errors that existed in EDC.

Our study and other related findings revealed there is a
statistically significant difference in the chance of having more
errors in paper-based records than in electronic data records
[7,9,11]. However, an equivalent research report from rural
India claims that there was no statistical difference in error
magnitude between the 2 tools, where EDC is as accurate as
PPDC [29]. In our study, the chance of having more errors
increased as the number of questions asked increased. Our study
was unique in depicting this finding, because of the nature of
the survey. In this survey, all the household respondents were
not necessarily given the same type of questionnaires and
number of questions. The number of questions and the type of
the questionnaire depends on the type of public health cases
that existed in the household members interviewed by the data
collectors. The implication might be the length of the
questionnaire, and this might be an important factor to be
considered in the decision of choosing the type of data capture
tools during design. Bulky questionnaires might be more suitable
for electronic records than a paper-based system.

Though interviewer effects appear not to affect most survey
items, literatures showed that interviewer characteristics effects
such as race, ethnicity, and gender can nonetheless occur in all
interviewer-administered survey modes and can affect survey
findings. If these effects are replicated because of use of small

The SUS score value 85.4 and the qualitative interview isometric
dialogue mapping shows the system users, in our case data
collectors, use the system comfortably. These findings were
shared by other EDC users’ impressions in related researchers
[11,26,29,37,38]. At ask-technology fit study claims that users

The research design in this study is a crossover, randomized
trial, which helps to eliminate unnecessary learning trends and
shows the real effect of the devices accordingly.
The other possible strength of this study is the fact that the
survey showed the usability of the system using the quantitative
(SUS) and the qualitative interview supported by isometric
dialogues principles.
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understand their system as tools helping or hindering them from
performing their tasks. Users react positively to system features
that appreciate their mission-related demands [39].

Meaning and Generalizability of the Study
Our study findings are in line with similar studies that used the
ODK app platform to develop the electronic form and the data
management settings and implemented in rural and urban
community household surveys, though there is a methodological
difference. The quantitative and qualitative analysis depicted
that EDC is a usable and preferable data capture tool for the
field-based survey.
We believe the study might be generalized to rural community
setting research sites, with limited internet and electricity access.

Unanswered and New Questions
Working in a pair might put an “intersupervisor effect on the
data collector’s performance. In a further study, we can assign
a data collector independently to work with EDC and avoid the
intersupervisor effect. Moreover, measuring the learning effect
of the technology after longer exposure with the system and
using appropriate statistical techniques might give a different
result.
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Moreover, research considering organizational readiness
evaluation, working culture alteration, and its outcome
measurement in using this system in resource-limited settings
are tasks on the table. Further research is also necessary to
validate qualitative-based isometric usability questions in
different linguistic and communication culture settings.

Conclusions
The objectivist approaches of this study conclude that data
collected by using an electronic-based data collection system
had a significantly better quality compared with a paper-pen
data collection system explained by fewer errors.
Implementation of electronic data collection tools such as the
ones tested in this comparative trial were found to be usable by
data collectors in the rural resource-limited settings.
Implementation of a full error-controlling function exhaustively,
setting a standby technical and monitoring team, and assuring
security concerns on the device will contribute to better
implementation of the electronic data collection system in the
resource limited-settings. Stakeholders of the health information
system particularly in a demographic and surveillance site can
adapt and use the existing open source mobile device platforms
in their routine data collection and management practices.
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Abstract
Background: More than 3.5 million Americans live with autism spectrum disorder (ASD). Major challenges persist in diagnosing
ASD as no medical test exists to diagnose this disorder. Digital phenotyping holds promise to guide in the clinical diagnoses and
screening of ASD.
Objective: This study aims to explore the feasibility of using the Web-based social media platform Twitter to detect psychological
and behavioral characteristics of self-identified persons with ASD.
Methods: Data from Twitter were retrieved from 152 self-identified users with ASD and 182 randomly selected control users
from March 22, 2012 to July 20, 2017. We conducted a between-group comparative textual analysis of tweets about repetitive
and obsessive-compulsive behavioral characteristics typically associated with ASD. In addition, common emotional characteristics
of persons with ASD, such as fear, paranoia, and anxiety, were examined between groups through textual analysis. Furthermore,
we compared the timing of tweets between users with ASD and control users to identify patterns in communication.
Results: Users with ASD posted a significantly higher frequency of tweets related to the specific repetitive behavior of counting
compared with control users (P<.001). The textual analysis of obsessive-compulsive behavioral characteristics, such as fixate,
excessive, and concern, were significantly higher among users with ASD compared with the control group (P<.001). In addition,
emotional terms related to fear, paranoia, and anxiety were tweeted at a significantly higher rate among users with ASD compared
with control users (P<.001). Users with ASD posted a smaller proportion of tweets during time intervals of 00:00-05:59 (P<.001),
06:00-11:59 (P<.001), and 18:00-23.59 (P<.001), as well as a greater proportion of tweets from 12:00 to 17:59 (P<.001) compared
with control users.
Conclusions: Social media may be a valuable resource for observing unique psychological characteristics of self-identified
persons with ASD. Collecting and analyzing data from these digital platforms may afford opportunities to identify the characteristics
of ASD and assist in the diagnosis or verification of ASD. This study highlights the feasibility of leveraging digital data for
gaining new insights into various health conditions.
(JMIR Mhealth Uhealth 2019;7(2):e12264) doi:10.2196/12264
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Introduction
Autism spectrum disorder (ASD) is a group of developmental
disorders that affect >3.5 million Americans [1]. The increasing
prevalence of ASD requires greater investigation and methods
to diagnose this disorder [2-5]. Diagnosing ASD is difficult, as
there is no medical test to diagnose it [6]. Inadequate screening
practices [7] and a general lack of awareness of symptoms can
lead to delays or misdiagnoses [8]. Symptoms of ASD can
sometimes remain unnoticed in childhood as social and language
impairments can be subtle and difficult to detect [9].
The Diagnostic and Statistical Manual of Mental Disorders
(DSM-5), a widely used classification system, describes ASD
as a disorder characterized by marked impairments in social
interaction and communication accompanied by a pattern of
restricted, repetitive behaviors and activities [10]. However,
many of these behaviors may be mistaken for other disorders.
For instance, anxiety symptoms may be present in response to
social impairments and, as a result, may be considered social
anxiety without recognizing the underlying behaviors or the
presence of ASD [9]. Reportedly, anxiety is a source and
consequence of ASD behaviors and may be a signal to aid in
diagnoses [9,11]. In addition, research shows that persons with
ASD exhibit higher states of fear and phobia compared with
matched patients without ASD [12]. The presence and
identification of these symptoms may be markers for persons
with ASD coping with judgment faced by social situations
[9,13].
Furthermore, common repetitive behaviors observed among
persons with ASD may be confused with similarities of having
obsessive-compulsive disorder (OCD) [7]. Time-consuming
obsessions and compulsions frequently characterize OCD-related
behaviors; however, patients with ASD can display repetitive
behavior, such as repetitive checking, washing, and counting,
which may appear to be compulsive obsessions [14]. Research
has found that patients with ASD have significantly fewer
compulsions than persons with OCD [15]. Other studies have
shown that behaviors like counting, checking, cleaning, and
ordering were also displayed less frequently in patients with
ASD compared with OCD individuals [16].
Appropriate and timely diagnosis of ASD is necessary to provide
proper treatment and symptom management. Numerous
diagnostic tools exist today, yet many of these tools face
limitations and serve slightly different purposes [17,18]. For
example, the Autism Diagnostic Observation Schedule-Generic
(ADOS-G) is a widely used diagnostic tool that allows for the
inclusion of direct observational data that, for example, the
Autism Diagnostic Interview-Revised (ADI-R) lacks [19,20].
However, the ADOS-G often tends to result in the overdiagnosis
of ASD [17]. Observational methods and parental interviews
have been deemed as helpful to further identify behaviors of
ASD, yet these symptoms may often go unnoticed [21,22].
Although multidisciplinary approaches have been considered
http://mhealth.jmir.org/2019/2/e12264/
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most effective at producing an accurate diagnosis, these require
a significant amount of time, resources, and information, which
is not always available [21,23].
Moreover, the use of multidisciplinary approaches extends to
different domains, as well as novel sources of information [24].
Recently, exploring digital data has emerged as a promising
method for examining human behavior and identifying
symptoms of various mental and behavioral conditions [25-27].
Dubbed as the “digital phenotype,” the collection of data from
social media, Web-based searches, and use of smartphones and
other digital devices can serve as a source of observational
information that can yield insights into the lived experiences
and everyday realities of persons living with various health
conditions [27]. These digital information sources can be further
harnessed to potentially detect symptomatic signals to aid in
identifying and diagnosing ASD.
Twitter has emerged as a potentially valuable platform for
examining a wide variety of behavioral and mental health
conditions [25-26,28]. Exploring textual differences in
Web-based communication on Twitter is a commonly used
method of analyzing affective states and behavioral patterns
[29,30]. Previous studies have documented that Web-based data
may capture real-time projections of emotional states and health
behaviors [26,31]. For example, drawing from analyses of
conversations on Twitter, it may be possible to identify the onset
of depressive symptoms and detect mood and affective states
[32,33]. Given this promising evidence base, there may be
opportunities to leverage data from Twitter for identifying the
characteristics of ASD.
To date, few studies have used social media for studying ASD,
though it may be possible to leverage these popular platforms
and novel sources of Web-based data to contribute to a more
in-depth understanding of these disorders. A prior study
extracted data from Twitter to examine conversations about
ASD-related information, thereby demonstrating that this is a
topic of frequent discussion on this platform [28]. It may be
especially important to consider the use of social media for
studying ASD given that a recent report highlighted that roughly
80% of adults living with ASD use popular social media
platforms [34]. In this study, our overarching objective is to
expand on this prior work and further our understanding about
whether publicly available social media data captured from
Twitter can yield insights into the presence of digital diagnostic
signals for ASD [27,35,36]. In addition, we aim to determine
the feasibility of informing a digital phenotype for ASD using
social media.
Twitter is a social networking service through which users can
post tweets that can contain up to 140 characters (increased to
280 characters in November 2017). Twitter is a prominent social
medium, as evidenced by its >336 million monthly active users
[37]. Twitter is a source of observational data that can yield rich
data, including real-time thoughts, feelings, and attitudes, which
traditional surveys are typically unable to capture. Therefore,
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this study aims to compare the textual patterns of communication
of Twitter users who self-identify as having ASD to a general
population of control users to identify textual signals related to
fear, anxiety, and paranoia, which have often been recognized
as a response to symptoms of ASD among individuals living
with the disorder [12]. Investigating discussion surrounding
these emotions for Twitter users with ASD can potentially
enable the detection of Web-based emotional signals that can
provide more information to better inform diagnoses of ASD.
In addition, this study aims to explore common OCD behaviors
using the Yale-Brown Obsessive-Compulsive Scale (Y-BOCS)
to understand whether these symptoms are present among
Twitter users with ASD and whether the presence or absence
of digital obsessive-compulsive symptoms could assist in
reducing misdiagnoses of ASD. Finally, we investigated the
timing of social media communications to explore differences
in patterns of social communication between Twitter users with
ASD and control users. Information collected from Twitter as
a novel digital data source could potentially guide and assist in
the clinical diagnoses and treatment of ASD.

Disorders, #ASD, #ActuallyAutistic, #AutismSpeaks,
#AutismSpeaks10,
#AutismParent,
#Autchat,
#AutismAwareness, #LIUB, aspergers, and aspies. To validate
if users did have ASD, 2 independent researchers coded users
if they had ASD or not and an agreement from 2 researchers
was necessary for a user to be labeled as a person with ASD. If
a disagreement occurred, a third researcher was used to tie break
the labeling of the user. To the best of our knowledge, this is
the first study to identify ASD users through Twitter, and it is
an exploratory study for the identification and labeling of ASD
users by machine learning classification and manual curation.
A random sample was selected that did not have a self-identified
user caption or tweet mentioning ASD and served as the control
group. Originally, 220 users with ASD and 220 control users
were selected. After filtering out bots and spam accounts and
inaccessible accounts (ie, accounts that were private, deleted,
deactivated, or banned), we enrolled 152 users with ASD and
182 control users for analysis.

Methods

We examined the tweets related to the emotions of fear, anxiety,
and paranoia through textual analysis. These emotions were
selected on the basis of previous research studies that have
identified these emotions as key differentiating emotions of
persons with ASD compared with matched populations without
an ASD diagnosis [12]. We aimed to collect all discussion about
these 3 emotional states. The root keyword of the emotion was
expanded to all tenses and pluralities to capture the breath of
tweets related to that emotion (Table 1). Manual selection of
these terms was used to ensure that users were explicitly
referring to the emotion in their conversations, a procedure we
have applied in prior studies [25]. In addition, the terms “scare”
and “scared” were used in the category of fear as a qualitative
exploration of discussions around fear to express fearful states.
Tweets from users with ASD and control users were queried
for all tweets that contained keywords for each category. The
number of tweets that contained each keyword was summed to
create the total number of tweets for each emotion category. A
tweet that contained instances of multiple words, such as
“anxious” or “anxiety,” was counted as 1 tweet. Overlapping
keyword categories, such as a tweet that contained “anxious”
and “fear,” were counted as 1 tweet per category.

Data Collection
In this study, we retrieved data from the Twitter application
programming interface and collected meta-data such as Twitter
users’ total number of tweets, number of followers, number of
friends, and favorites. We collected data from Twitter between
March 22, 2012 and July 20, 2017. The trajectories of ASD
symptoms are not stable and can fluctuate over the course of a
few months or even years, especially during developmental
periods. A 5-year period was selected to ensure that symptoms
would be detected even with fluctuations to capture these
detectable differences between the 2 groups. This study was
considered exempt from ethical review because only publicly
available Web-based data collected from the Twitter platform
were analyzed. We acknowledge the ethics of drawing in data
from users who self-identify as ASD. To ensure the privacy of
data from this group, data collected were aggregated and
analyzed at the population level and were anonymous in this
format. Furthermore, this study only used data from users who
consented on Twitter to disclose their data publicly (ie, no
privacy settings were selected by users) and are completely
public.

Textual Analysis of Tweets Related to Fear, Anxiety,
and Paranoia

Twitter Users

Tweets Containing Obsessive-Compulsive
Disorder–Related Keywords

We identified the cohort of Twitter users with ASD by
self-identification and explicit Twitter discussion of having
ASD. If users described or labeled themselves as autistic or
having ASD, then they were determined to be Twitter users
with ASD. We searched for terms relating to ASD in users’
tweets, and users were considered Twitter users with ASD if
they tweeted or wrote a caption about their condition or
diagnosis of ASD. We used a previously validated approach to
recruit participants with behavioral disorders by Hswen et al
[25]. We retrieved tweets that contained one or more keywords
associated with ASD; these keywords were searched for in the
content of users’ tweets and information in their Twitter profile.
The keyword list is as follows: autism, autistic, Spectrum

To examine the presence of OCD-related tweets, we compiled
a list of key terms from symptom categories within the Y-BOCS.
First developed by Goodman et al, this widely used checklist
comprehensively covers significant OCD-related behaviors
[38]. From the Y-BOCS, 13 categories were selected on the
basis of previous research that identified these specific behaviors
to be confused with symptoms of OCD and can be mislabeled
as an OCD diagnosis [14-16]. These OCD symptom categories
included the following: obsess; fixate; repeat; routine; freak;
clean; check; count; hoard; wash; worry; excess; and concern.
Stem words were expanded with the same methodology as
applied for emotion keywords to conduct textual analysis (Table
2). For each category, the number of tweets containing these
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terms was collected and summed to generate the total number

of tweets per OCD category.

Table 1. All terms related to fear, anxiety, and paranoia.
Root keyword

All forms of keyword

fear

fear, feared, fearful, fearing, fears, scare, and scared

anxiety

anxieties, anxiety, anxious, and anxiousness

paranoia

paranoia, paranoiac, paranoiacs, and paranoid

Table 2. All terms related to obsessive-compulsive disorder–related keywords.
Root keyword

All forms of keyword

obsess

obsessed, obsessing, obsession, obsessions, obsessive, obsessively

fixate

fixated, fixation, fixations

repeat

repeat, repeated, repeatedly, repeating, repeats, repetition, repetitions

routine

routinely, routines

freak

freaked, freaking, freakout, freakouts

clean

cleaned, cleaning

check

checking, checked, checks, recheck, rechecks, rechecked, rechecking

count

counted, counting, counts, recount, recounted, recounting, recounts

hoard

hoarded, hoarder, hoarders, hoards

wash

washed, washing, washes

worry

worried, worrying

excess

excessive, excessively, excessiveness

concern

concerned, concerning, concern

Mean of Proportions for Each Category
As a method to standardize the variation of the frequency of
tweets for each user, a “mean of proportions” was calculated
for each category. This measure considers the mean number of
tweets by category and the proportion of users that tweeted the
keywords in each category for emotions and OCD terms. For
each user, the total number of tweets for each category was
divided by the users’ total number of tweets during the full study
period between March 22, 2012 and July 20, 2017 (a total of
1946 days). This measure aimed to control the volume of tweets
by users to ensure that the mean number of tweets by category
was not skewed by individual users’ frequency of tweets. The
mean of each proportion for users with ASD and the control
user group was calculated by dividing the proportion of tweets
by category over the number of users within each group. Of
note, we used these means of proportions values solely for
comparison between the ASD user group and the control user
group; we do not know or study the clinical significance of the
values.

Timing of Tweets
To examine differences in social communication patterns
between users with ASD and control users, we analyzed the
timing of tweets between the 2 groups to identify whether tweets
occurred at different times of the day between the 2 groups.
Meta-data were collected on the local time of users’ tweets using
the universal time code (UTC) offset data. Twitter users can
choose to select whether to include their local time zone in their
http://mhealth.jmir.org/2019/2/e12264/
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account settings, and tweets with UTC offset data were included
in this analysis. These tweets were further classified into the
following time intervals: 00:00-05:59; 06:00-11:59; 12:00-17:59;
and 18:00-23:59.

Statistical Analyses
We conducted 2-tailed Welch’s t tests to compare the “mean of
proportions” for each category of emotion and OCD keywords
between users with ASD and control users. A chi-square test
was used to compare the proportion of users in each category
of the timing of tweet data between the 2 groups. For all tests,
a P<.05 was considered statistically significant. All analyses
were performed with the Python Programming Language
Version 3.6 (Python Software Foundation).

Results
Characteristics of Twitter Users
In total, 4,093,559 tweets were collected between March 22,
2012 and July 20, 2017. Twitter users with ASD (n=152)
tweeted a total of 1,700,841 tweets, and control users (n=182)
tweeted a total of 2,392,718 tweets. We observed no statistically
significant differences between the group of users with ASD
and the group of control users in the mean number of tweets
per user or for meta-data, including the number of friends,
followers, or favorites (Table 3).
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Mean Proportion of Tweets for Fear, Anxiety, and
Paranoia
Users with ASD posted a greater number of tweets compared
with control users for all 3 emotions—fear (3.11e-03 vs
1.98e-03; t225=4.410, P<.001), anxiety (1.91e-03 vs 6.49e-04;
t172=3.529, P=.001), and paranoia (1.90e-03 vs 8.12e-05;
t211=3.021, P=.003; Table 4; Figure 1). Aggregating all 3
emotions together, Twitter users with ASD posted a higher
number of tweets compared with control users (5.15e-03 vs
2.68e-03; t190=4.981, P<.001; Table 4; Figure 1).

Mean Proportion of Tweets for Obsessive-Compulsive
Disorder–Related Terms
Users with ASD posted a higher number of tweets compared
with control users for 4 OCD-related keyword categories—fixate
(3.64e-05 vs 1.23e-0.5; t230=2.356, P=.02), count (1.43e-03 vs
9.69e-04; t219=3.457, P<.001), excessive (1.15e-04 vs 4.82e-05;
t201=2.807, P=.005), and concern (9.26e-04 vs 4.55e-04;
t219=3.959, P<.001; Table 5; Figure 2). No statistically
significant differences between users with ASD and control
users were observed for the remaining 8 OCD-related categories

(Table 5; Figure 2). In addition, upon aggregating all
OCD-related terms, no statistically significant difference
between groups was observed (1.20e-02 vs 1.44e-02; t193=1.292,
P=.20; Table 5; Figure 2).

Timing of Tweets
The number of Twitter users who had UTC offset data necessary
to retrieve the timing of tweets was 69.2% (231/334). We
observed no statistically significant difference in the availability
of time zone information between users with ASD (111/152,
73.0%) compared with control users (120/182, 65.9%; χ21=2.0,
P=.16). A lower proportion of tweets from users with ASD
compared with control users was observed during the time
intervals of 00:00-05:59 (222,810/1,700,841, 13.10% vs
330,915/2,392,718,
13.83%;
P<.001),
06:00-11:59
(294,245/1,700,841, 17.30% vs 468,972/2,392,718, 19.60%;
P<.001), and 18:00-23:59 (612,302/1,700,841, 36.00% vs
890,091/2,392,718, 37.20%; P<.001; Table 6). A higher
proportion of tweets from users with ASD compared with
control users was observed during the time interval 12:00-17:59
(571,483/1,700,841, 33.60% vs 703,459/2,392,718, 29.40%;
P<.001; Table 6).

Table 3. The characteristics of Twitter users with autism spectrum disorder (ASD) and control users.

a

Twitter user characteristics

Twitter users with ASD
(n=152), mean (SD)

Control twitter users
(n=182), mean (SD)

t (df)a

P value

Mean overall tweets per user

11,189 (23,019)

13,146 (20,159)

–0.818 (303)

.41

Mean retweets per user

2237 (4886)

4942 (9680)

–3.299 (277)

.001

Mean original tweets per user

8952 (20,663)

8204 (12,369)

0.391 (237)

.70

Number of friends

1460 (5422)

1193 (5559)

0.442 (324)

.66

Number of followers

1778 (5753)

1891 (7752)

0.153 (327)

.88

Number of favorites

15,556 (31,966)

12,515 (19,978)

1.018 (243)

.31

2-tailed Welch’s t tests were used to compare the “mean of proportions” for each category.

Table 4. Tweets containing emotion-related keywords among Twitter users with autism spectrum disorder (ASD) and control users.

a

Emotion terms category

Twitter users with ASD
(n=152), mean (SD)

Control twitter users
(n=182), mean (SD)

t (df)a

P value

fear

3.105e-03 (2.822e-03)

1.975e-03 (1.553e-03)

4.410 (225)

<.001

paranoid

1.902e-04 (4.057e-04)

8.120e-05 (1.993e-04)

3.021 (211)

.003

anxious

1.914e-03 (4.275e-03)

6.486e-04 (1.230e-03)

3.529 (172)

.001

Tweets with any of the 3 emotional categories’ terms

5.154e-03 (5.760e-03)

2.679e-03 (2.282e-03)

4.981 (190)

<.001

2-tailed Welch’s t tests were used to compare the “mean of proportions” for each category.
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Figure 1. Differences in emotions between autism spectrum disorder (ASD) and control users.

Table 5. Tweets containing obsessive-compulsive disorder (OCD)–related keywords among Twitter users with autism spectrum disorder (ASD) and
control users.

a

OCD keyword category

Twitter users with ASD
(n=152), mean (SD)

Control twitter users
(n=182), mean (SD)

t (df)a

P value

obsess

5.826e-04 (9.807e-04)

7.086e-04 (9.377e-04)

–1.193 (316)

.23

fixate

3.640e-05 (1.120e-04)

1.226e-05 (6.404e-05)

2.356 (230)

.02

repeat

8.711e-04 (1.381e-03)

7.239e-04 (1.775e-03)

0.852 (330)

.40

routine

1.027e-03 (7.171e-03)

2.866e-04 (1.114e-03)

1.260 (157)

.21

freak

7.584e-04 (1.066e-03)

8.827e-04 (1.342e-03)

–0.943 (331)

.35

clean

1.068e-03 (1.534e-03)

9.481e-04 (1.026e-03)

0.821 (255)

.41

check

1.061e-02 (4.840e-02)

6.944e-03 (1.982e-02)

0.874 (193)

.38

count

1.427e-03 (1.471e-03)

9.693e-04 (7.744e-04)

3.457 (219)

.001

hoard

5.608e-05 (1.876e-04)

4.938e-05 (2.616e-04)

0.272 (325)

.79

wash

5.766e-04 (1.176e-03)

5.986e-04 (8.416e-04)

–0.193 (267)

.85

worry

2.071e-03 (2.167e-03)

1.878e-03 (1.454e-03)

0.934 (256)

.35

excessive

1.152e-04 (2.728e-04)

4.816e-05 (1.215e-04)

2.807 (201)

.005

concern

9.260e-04 (1.322e-03)

4.548e-04 (6.964e-04)

3.959 (219)

<.001

Tweets with any of the 13 categories’ terms

1.997e-02 (4.940e-02)

1.445e-02 (2.023e-02)

1.292 (193)

.20

2-tailed Welch’s t tests were used to compare the “mean of proportions” for each category.
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Figure 2. Differences in obsessive-compulsive disorder-related discussion between autism spectrum disorder (ASD) and control users.

Table 6. Timing of users’ tweets between Twitter users with autism spectrum disorder (ASD) and control users.
Time interval

Proportion of tweets (%)

χ2 (df)

P value

Among twitter users with ASD

Among control twitter users

00:00-05:59

13.1

13.8

351.9 (1)

<.001

06:00-11:59

17.3

19.6

2952.9 (1)

<.001

12:00-17:59

33.6

29.4

6713.7 (1)

<.001

18:00-23:59

36.0

37.2

474.3 (1)

<.001

Discussion
Principal Findings
The diagnosis of ASD is complex. Often a multidisciplinary
approach is required to produce the most accurate diagnosis.
This study investigated the feasibility of using Twitter as a novel
digital platform for generating additional insights to assist in
the diagnosis of ASD. The findings revealed that through the
textual analysis of tweets, discussions about commonly
heightened emotional states associated with ASD are expressed
among Twitter users who self-identify as having ASD.
Specifically, Twitter users with ASD tweeted more frequently
about fear, anxiety, and paranoia compared with a randomly
generated control group of Twitter users. In addition, these
results suggest that Web-based emotional patterns expressed
among Twitter users with ASD may parallel offline emotional
symptoms known to be associated with the condition and,
therefore, may be used as a signal for detecting or confirming
a diagnosis of ASD.
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As misdiagnoses of ASD for OCD are common because of
many overlapping and similar symptoms [39,40], in this study,
we also explored whether there may be differences in the
expression of OCD-related behaviors among Twitter users with
ASD compared with control users. Of 13 selected OCD-related
categories, users with ASD discussed only 4 categories—fixate,
count, excessive, and concern—significantly more than the
control user group. Furthermore, when aggregating all 13
categories, we observed no statistically significant difference.
These findings indicate that Twitter users with ASD may not
display a wide number of symptoms of OCD and may highlight
the most salient symptoms that could be explored further as a
method to distinguish symptoms of ASD from individuals with
OCD.
Although research on the presence of some of these behaviors
may steer clinicians toward a diagnosis of OCD, misattribution
to a behavior or misdiagnosis can lead to the inappropriate
treatment for ASD [7,41]. Therefore, it is important to consider
the spectrum of symptoms of OCD and determine whether
Web-based discussions of these behaviors are consistent with
offline representations of OCD. However, this highlights an
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important area for future investigation because offline
observational information of this variety of symptoms can be
difficult to obtain. Ideally, there may be opportunities to leverage
Web-based social media data that allow us to capture
minute-by-minute thoughts and behaviors to provide clinicians
a more objective illustration of patients’ behaviors toward better
understanding the daily occurrences of these symptoms and
inform diagnosis and treatment recommendations.
Finally, we sought to determine differences in patterns of the
timing of Twitter communication between users with ASD and
control users. As ASD is characterized as a social disorder [41],
there could be differences in patterns of the Web-based
communication timing among individuals with this condition
compared with other mental disorders. We found some
differences in the proportion of tweets between groups at each
time-point throughout the day; however, these differences were
very small and are likely not indicative of any diagnostically
relevant differences between groups. This is consistent with
previous studies that have found no differences in the timing
of tweets between a general population of Twitters users and
users with mental disorders such as schizophrenia [25].
Additional research is needed to explore whether potential
differences in the timing of social media use and posts between
users with ASD and control users could inform the development
of targeted clinical and public health interventions to reach this
patient group online.

Limitations
Although Web-based social media offers an opportunity to
observe a wide range of thoughts and behaviors, our data have
some limitations. First, Twitter users who self-identify as having
ASD may not be representative of the general population of
individuals with ASD. The Twitter population, on average, is
composed of a larger proportion of younger adults aged 18-29
years with higher levels of education compared with those who
do not use Twitter [42]. Therefore, it is more likely that users
with ASD in our study are younger adults and with higher
education levels than persons with ASD who do not use social
media. Second, identification of users with ASD was through
self-identification on Twitter. Many individuals with ASD who
are on Twitter may not openly self-identify as having ASD,
thereby making the sample included in this study potentially
more comfortable discussing their disorder over the Web with
others. This might mean that our study population is different
compared with Twitter users with ASD who choose not to
self-identify as having ASD online. Although no formal clinical
diagnosis was confirmed for Twitter users included in the
analyses conducted in this study, the nature of the stigmatizing
diagnosis of ASD makes it highly unlikely that individuals
would be dishonest about publicly self-identifying as having
ASD on Twitter. There is a possibility, however, that there are
some who might have self-diagnosed themselves as having ASD
without a clinical consultation, and we, therefore, cannot verify
the clinical diagnosis of ASD in our study population. Of note,
this was an exploratory study that used textual analyses to
explore whether common emotions and OCD-related behaviors
could be detected among Twitter users with ASD and whether
these discussions may differ compared with control users. As
a result, we can only report on publicly available discussions
http://mhealth.jmir.org/2019/2/e12264/
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captured from Twitter and, therefore, we are unable to confirm
whether these are also occurring offline. In addition, we did not
identify a cohort of OCD users and did not conduct a comparison
between ASD and OCD users. Therefore, we are not able to
confirm the differences in Web-based patterns between the 2
groups and further examination is necessary. Furthermore, we
note that we developed an adaptive list for the emotion
categories related to autism but did not expand this list for the
OCD-related categories. We specifically used the terminology
used in the Y-BOCS to mimic the survey and the terms used to
diagnose in the clinical setting. However, we acknowledge that
these OCD terms could have been adapted; therefore, we
potentially missed OCD-related behaviors in our analysis of
tweets. Finally, we acknowledge that small yet detectable
differences were yielded from our analyses. Owing to the size
and breadth of our dataset, although small, these differences
can detect important differences in the characteristics between
ASD users and the general population and are worth exploring
further as to what is a meaningful change to influence a
diagnosis.
The strength of this study is that this is the first known study to
leverage Web-based social media data from Twitter to compare
emotional and OCD-related discussions between users with
ASD and a randomly select group of control users. A
comprehensive picture of a digital footprint of emotions and
behaviors can be gleaned from Twitter through the examination
of Web-based social media data. This study highlights the
feasibility of conducting this type of analysis through these
emerging digital streams to further contribute to our
understanding of a “digital phenotype” for ASD. This study
yields additional insights that contribute to a growing body of
evidence depicting digital phenotyping and the potential to draw
from Web-based data sources to detect signals and symptoms
for a range of disorders such as ASD [27,35,36]. The data
captured in this way were in a naturalistic and unsolicited
format, thereby avoiding the concerns of social desirability bias
or recall bias that are present with traditional survey data
collection methods. Therefore, the methods applied in this study
highlight the potential of collecting novel data streams that
could be used to supplement the existing data collection
methods. Furthermore, it is important to note that we are dealing
with individuals from vulnerable population groups, and they
are contributing their conversations and thoughts for
observational research studies such as ours; however, all of
these publicly available data are always aggregated, and we
purposefully did not identify the individuals.

Conclusions
Digital signals from Web-based social media may offer an
additional resource to capture information not always available
for direct observation. This Web-based data source is not meant
to replace traditional forms of diagnosis but to supplement these
existing approaches by helping to identify symptoms or confirm
diagnoses of ASD. Multidisciplinary approaches are often
required to gain a full breadth of information and appear to be
the gold standard of diagnostic methods. The accuracy of
diagnoses is necessary to ensure that persons with ASD receive
proper treatment and care in a timely manner so that they can
live a fulfilling and healthy life [21,43-45]. Findings from this
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12264 | p.161
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study can contribute to the development of multidisciplinary
clinical assessments that draw from novel digital sources, as
well as traditional surveys and clinical interviews, and takes

Hswen et al
steps toward illustrating the potential feasibility of digital
detection methods for ASD.
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Abstract
Background: As mHealth apps proliferate, it is necessary for patients to feel capable and comfortable using devices that run
them. However, limited research is available on changes in comfort level before and after the use of an mHealth app.
Objective: The objective of this study was to determine whether patients with tuberculosis who used an mHealth app called
Video Directly Observed Therapy (VDOT) to monitor their antituberculosis treatment became more comfortable using mobile
phones after the intervention and to identify factors associated with change in comfort.
Methods: We analyzed data from a longitudinal study assessing the feasibility and acceptability of the VDOT app among
patients receiving antituberculosis treatment from public health departments in San Diego, San Francisco, and New York City.
Comfort levels on six domains of mobile phone use (making phone calls, taking pictures, recording videos, text messaging,
internet and email use on the phone) were measured on a 10-point scale (1=very uncomfortable; 10=very comfortable) at the start
and end of treatment using VDOT via telephone interviews. The main outcomes were change in comfort level on each domain
(recoded as binary measures) and an overall change score (sum of individual measures). Linear and logistic regression analyses
were performed to assess whether sociodemographics, risk factors, and VDOT perceptions were associated with change of comfort
measures.
Results: Among 120 participants with complete data, mean age was 39.8 years (SD 14.8, range 18-87 years), 46.7% (56/120)
were female, and 76.7% (92/120) were foreign born. The combined comfort level at baseline was high overall (mean 48.8, SD
14.2, interquartile range 43.0-60.0) and the mean comfort score increased by 1.92 points at follow-up (P=.07). Statistically
significant increases in comfort on individual domains included taking pictures (P=.02) and recording videos (P=.002). Females
were more likely to have increased comfort in using the internet on the phone compared to males (odds ratio [OR] 3.03, 95% CI
1.08-8.52, P=.04). Participants who worked less hours per week were more likely to have increased comfort recording videos
although this did not meet statistical significance (OR 1.03, 95% CI 1.00-1.05, P=.06).
Conclusions: Findings suggest that, despite a high level of comfort using mobile phones at baseline, experience using the VDOT
app was associated with increased comfort using mobile phone features. Additional research involving participants with lower
baseline mobile phone experience is needed. An implication of these findings is that as patients begin to use mHealth apps for
one health condition, they could acquire skills and confidence to more quickly adapt to using mHealth apps for other conditions.
(JMIR Mhealth Uhealth 2019;7(2):e11638) doi:10.2196/11638

https://mhealth.jmir.org/2019/2/e11638/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11638 | p.165
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Do et al

KEYWORDS
mHealth; medication adherence monitoring; mobile phone; video technology; tuberculosis

Introduction

Methods

Mobile phone apps play an increasingly important role in health
care as evidence supporting these interventions accumulates
[1]. These mHealth (mobile health) interventions have been
applied to monitor postoperative care [2,3], diabetes
self-management [4,5], smoking cessation [6,7], care and
prevention of HIV and other sexually transmitted diseases [8],
and more. As these interventions begin to spread throughout
health care, there has been a growing interest in the response
to these apps, including topics such as acceptability and
feasibility [2], satisfaction by patients and providers [5], and
efficiency [4]. However, there is limited research measuring
users’ comfort in operating mobile phone functions and whether
comfort increases as a result of engagement with these apps.

Participant Recruitment

The World Health Organization and Centers of Disease Control
recommend the use of directly observed therapy (DOT) for
monitoring treatment of both tuberculosis and sometimes latent
tuberculosis infection. DOT is a case management system
developed for monitoring antituberculosis treatment [9]. Patients
with tuberculosis have to travel to a health care facility or a
trained DOT worker travels to the patient’s home to observe
them taking their medication. DOT improves adherence because
it requires close supervision, but it has some barriers as well
[10]. One example of a barrier to DOT is that it requires both
a patient’s and DOT worker’s presence; both schedules may
interfere with time and place of when the medication is taken.
These and other barriers prompted the development of an
mHealth intervention called Video Directly Observed Therapy
(VDOT). VDOT was developed as an alternative to DOT to
help reduce the barriers of DOT and increase adherence [11].
The VDOT process allows patients to record themselves taking
the medication and send the date- and time-stamped video to a
DOT worker who watches the video and documents each dose
taken. These recorded videos allow patients the flexibility of
choosing the best time and place to take their medication.
Patients receive daily medication reminders by short message
service (SMS) text message, and may use the phone to text,
email, or call their provider throughout treatment.
A study was conducted from August 2013 through July 2014
to assess the feasibility and acceptability of VDOT for
monitoring tuberculosis treatment adherence in three US health
departments (San Diego, San Francisco, and New York); patient
comfort using mobile phones was also measured during baseline
and follow-up interviews [11]. In this paper, we assess the
change in comfort using mobile phone features and apps and
look at factors associated with change. Understanding patient’s
comfort and use of mHealth apps will assist in the design and
development of other health-based mobile phone apps.

https://mhealth.jmir.org/2019/2/e11638/

XSL• FO
RenderX

This analysis used data from a three-city study of VDOT among
patients with active tuberculosis. Patients 18 years or older
undergoing treatment for active tuberculosis in San Diego, San
Francisco, and New York City Health Departments were invited
to participate in the study by health department staff. Research
staff conducted phone interviews before patients started to use
the VDOT app (baseline) and after their treatment or study
participation ended (follow-up). The interviews included
questions on sociodemographics, risk behaviors, VDOT
perceptions, and comfort using mobile phone apps and phone
features. Participants were provided phones with the VDOT
app installed and were told that they could use the phones for
anything related to their tuberculosis treatment: making calls,
text messaging, emailing, taking pictures, and accessing the
internet. The study was approved by the University of California
San Diego Human Research Protection Program. All participants
provided written informed consent.

Outcomes
The main outcome for this analysis was change in comfort using
mobile phone features between the baseline and follow-up
interviews. Comfort with phone features was stratified into six
categories: making phone calls, taking pictures, recording
videos, text messaging, internet browsing, and using email.
Participants were asked, “On a scale of 1 to 10, how comfortable
are you using a cell phone to (category)? 1=very uncomfortable
and 10=very comfortable.” This scale was developed by the
authors and was first used in our study; therefore, we assessed
internal reliability using robust alpha coefficients [12]. The
estimated alpha was .93 (95% CI .87-.96), which showed
excellent reliability. These questions were asked during both
the baseline and follow-up interviews. Change in comfort was
calculated by subtracting the baseline scores from the follow-up
scores. “Not applicable” and “refuse to answer” were potential
response options and were treated as missing for this analysis.
Overall change in comfort was calculated by summing the six
individual technology comfort scores (range 1-10) to produce
a cumulative score for baseline and follow-up (range 6-60).

Data Analysis
The overall change in technology comfort and the change in six
separate technology comfort variables were summarized by
descriptive statistics (mean, median, quartiles, standard
deviation) and assessed by Wilcoxon signed rank test. Univariate
tests (Spearman correlation coefficient, Wilcoxon rank sum
test, and Kruskal-Wallis test) and simple linear regression
analysis were performed to assess the bivariate association
between overall comfort change score and each potential
covariate (sociodemographics, site, risk behaviors, VDOT
perceptions, and baseline comfort score). For individual item
comfort change measures, we analyzed them as binary outcomes
(improved vs not improved) since normal assumption of
residuals for a linear regression model was not satisfied; a
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11638 | p.166
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change score greater than zero was defined as an improvement.
Univariate tests (Wilcoxon rank sum test and Fisher exact test)
and simple logistic regression analysis were performed to assess
bivariate associations between each individual item change and
baseline covariates. Results from the univariate test and
regression analysis were consistent; therefore, estimated
coefficients, odds ratios (ORs), and P values from regression
analyses were reported. Variables that were significant with
P<.10 in the simple linear/logistic regression were considered
for inclusion in the multivariable regression analysis. Backward
elimination was used to remove nonsignificant variables from
the model and the variable with the largest P value was removed
from the model at each step, until only variables with P<.10
remained in the final model. A normal probability plot was used
to assess the normality assumption of linear model residuals
and influential observations were assessed by residual and
Cook’s distance. Sensitivity analyses were performed by
excluding the influential observations from the analysis and
comparing it to the original model. Since the results remained
robust, we report regression analysis results from the original
model. A P<.05 was interpreted as statistically significant. All
data analyses were performed using R (version 3.3.0) and SAS
14 software (Cary, NC, USA).

Results
Participant Characteristics
Overall, 151 participants were enrolled in the parent study, of
which 126 completed the follow-up interview. Since participants
could refuse to answer any question in the interviews, this
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analysis includes only those who provided responses to at least
three comfort questions at both visits, leaving 120 participants
for analysis. The mean age was 39.8 years (SD 14.8, range
18-87), 46.7% (56/120) were female, 47.5% (57/120) were
Asian, 26.7% (32/120) were Hispanic, and 12.5% (15/120) were
African American. Overall, 76.7% (92/120) were foreign born,
55.4% (62/112) reported an annual income of more than US
$10,000/year, 79.0% (94/119) had health insurance, and 47.0%
(55/117) had education beyond high school. Behavior
characteristics showed that 27.7% (33/119) consumed alcohol
at least once a month and 40.0% (48/120) had ever smoked
cigarettes. Before starting VDOT, 72.5% (87/120) of participants
owned a mobile phone and 80.8% (97/120) of participants
preferred communicating with their health care provider through
text, phone call, or email (text message: 11.7%, 14/120; phone
call: 63.3%, 76/120; 14/120; email: 5.8%, 7/120). The mean
duration of daily VDOT use was 5.46 months (SD 3.25,
interquartile range [IQR] 3.09-7.47).
Overall, mean baseline comfort scores for the six individual
domains of mobile phone use were high (range 7.43-9.02; Table
1). The average comfort scores were lowest for email use on
phone and highest for making phone calls at both baseline and
follow-up. The average change in comfort score was highest
for recording videos (mean 0.79, SD 3.04) and lowest for
making phone calls (mean 0.11, SD 2.03) and email uses (mean
0.11, SD 2.72); however, the changes were only statistically
significant for taking pictures (P=.02) and recording video
(P=.002). Although not statistically significant, an increase was
also observed for the combined overall comfort score (P=.07).
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Table 1. Self-reported comfort score using mobile phone features before and after using an mHealth app to monitor antituberculosis treatment adherence
among patients in San Diego, San Francisco, and New York City (N=120).
Comfort variables

Baseline

Follow-up

Change

Making phone calls
Median (IQRc)

10 (9, 10)

10 (9, 10)

0 (0, 0)

Mean (SD)

9.02 (1.95)

9.34 (1.52)

0.11 (2.03)

Taking pictures
Median (IQR)

10 (7, 10)

10 (8, 10)

0 (0, 1.5)

Mean (SD)

8.21 (2.65)

8.76 (2.29)

0.55 (3.24)

Recording videos
Median (IQR)

9 (6, 10)

10 (8, 10)

0 (0, 1)

Mean (SD)

7.69 (3.08)

8.48 (2.38)

0.79 (3.04)

Text messaging
Median (IQR)

10 (8, 10)

10 (8, 10)

0 (0, 1)

Mean (SD)

8.23 (2.87)

8.52 (2.55)

0.27 (2.55)

Internet use
Median (IQR)

10 (7, 10)

10 (7, 10)

0 (0, 1)

Mean (SD)

7.90 (3.15)

7.95 (3.07)

0.19 (2.64)

Email use
Median (IQR)

9 (5.5, 10)

9 (6, 10)

0 (–1, 0)

Mean (SD)

7.43 (3.28)

7.47 (3.13)

0.11 (2.72)

Overall comfort

a

Median (IQR)

54 (43, 60)

56 (50, 60)

0 (–2, 6)

Mean (SD)

48.8 (14.2)

51.3 (12.2)

1.92 (11.1)

Improvement (change score>0)a, n (%)

P valueb

25 (23.6)

.30

39 (32.8)

.02

39 (34.2)

.002

30 (25.9)

.26

28 (26.2)

.58

24 (22.9)

.87

N/A

.07

Improvement indicates the number and percentage of participants whose change scores were greater than zero for each individual comfort variable.

b

P values are from Wilcoxon signed rank tests.

c

IQR: interquartile range.

Combined Overall Comfort
From simple linear regression analysis (Table 2), we found that
older age was associated with an increase in overall comfort
score change (P<.001). Those without a mobile phone at
baseline (P=.01) and those who had lower comfort at baseline
(P<.001) were more likely to have increased comfort at
follow-up. Using multivariable linear regression, we found only
the baseline overall score stayed significant with a higher overall
baseline score (ie, more comfortable at baseline) associated with
a smaller increase at follow-up (beta=–0.45, P<.001).

Comfort in Six Individual Comfort Domains
To identify factors independently associated with change in
comfort level for each of the six individual phone functions, we
performed simple (Table 2) and multivariable (Table 3) logistic
regression analyses. Variables significantly associated with
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comfort changes on individual items in the simple logistic
regression analysis included age, country of birth, education,
hours worked per week, previous mobile phone ownership, ever
recording VDOT videos while away from home, and baseline
comfort score (all P’s<.05).
Variables significantly associated with comfort change for each
individual item in simple logistic regression were assessed in
multivariable logistic regression models. Baseline comfort levels
were the strongest predictors in the individual item change
measures (all P’ s<.001). After controlling for baseline scores,
only female participants (OR 3.03, 95% CI 1.08-8.52, P=.04)
were more likely to have increased comfort in internet use.
Participants with fewer hours worked per week (OR 1.03, 95%
CI 1.00-1.05, P=.06) were also more likely to have increased
comfort in recording video although this did not meet statistical
significance.
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Table 2. Simple linear/logistic regression analysisa of change in comfort using mobile phone functions among Video Directly Observed Therapy
(VDOT) study participants (N=120).
Variables

n (%)b

Overall change,
beta

Individual comfort measure, odds ratio
Making
Taking
phone calls pictures

Recording
videos

Text messaging

Internet
use

Email use

Sociodemographics
Age (years), mean (SD)

39.8 (14.8)

Hours/week worked at current job, 25.7 (20.4)

0.24c

1.02

1.03d

1.04c

1.04c

1.05c

1.04c

0.05

1.04c

1.02f

1.03

1.01

1.01

1.02

mean (SD)e
Country of birth
Other (refg)

75 (62.5)

United States

28 (23.3)

–2.94

0.39

0.34d

0.52

0.43

0.45

1.53

Mexico

17 (14.2)

–2.62

1.28

0.65

1.21

1.56

0.86

0.93

San Diego (ref)

43 (35.8)

San Francisco

44 (36.7)

0.54

1.00

1.24

1.73

0.50

0.72

1.03

New York

33 (27.5)

–1.70

0.63

1.15

1.88

1.31

0.66

1.55

Site

Race/ethnicity
Asian (ref)

57 (47.5)

Hispanic

32 (26.7)

–0.89

1.00

1.20

2.02

1.18

1.35

1.85

Other

31 (25.8)

–1.03

0.71

1.26

1.44

1.32

0.90

1.03

56 (46.7)

0.46

0.62

0.95

1.28

0.84

2.15f

1.25

>High school education (ref: <high 55 (47.0)
school)

–1.53

0.83

0.52

0.42d

0.57

0.56

0.39f

Have health insurance (ref: no)

94 (79.0)

2.82

0.66

1.25

1.07

1.15

2.68

1.45

Household income (US$)
>$10,000/year (ref:
<$10,000/year)

62 (55.4)

–2.84

0.45f

0.50f

0.62

0.91

0.71

0.54

33 (27.7)

0.97

0.52

1.02

1.45

0.43

0.91

0.62

–2.92

0.46

0.57

0.99

0.63

0.95

1.04

Female sex (ref: male)

Behavioral characteristics
Alcohol consumed ≥once/month
(ref: <once/month)

Ever smoked cigarettes (ref: never 48 (40.0)
smoked)
VDOT characteristics
Days of practice needed to learn
VDOT process, mean (SD)

1.53 (1.51)

–0.76

1.27

1.01

1.02

1.14

0.99

0.88

Miles to tuberculosis clinic from
home, mean (SD)

13.0 (10.1)

–0.12

0.98

0.99

1.00

1.00

1.01

0.97

Owned a mobile phone (ref: no)

87 (72.5)

–6.22c

0.37f

0.20c

0.33d

0.23c

0.64

0.49

Used VDOT phone while away
from home-ever (ref: never)

84 (71.2)

–3.43

0.82

0.36d

0.76

0.67

0.30d

0.54

Preferred communicating with
physician in person (ref:
text/call/email)

23 (19.2)

1.39

2.01

1.78

1.12

0.81

0.57

0.81

–0.45c

0.06c

0.43c

0.57c

0.61c

0.75c

0.74c

Baseline comfort scoreh
a

Overall change score was analyzed as a continuous measure and the beta coefficient from simple linear regression was reported for overall change
score; individual item change scores were analyzed as binary measures since the normal assumption of residuals in linear regression was not satisfied
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when analyzed as continuous measures, odds ratios from simple logistic regression were reported for individual item change scores.
b

Values represent n (%) unless otherwise indicated.

c

P<.01.

d

P<.05.

e

Beta and odds ratio are interpreted for per 1 hour less.

f

P<.10.

g

Ref: Reference.

h

Mean (SD) for baseline comfort scores were presented in Table 1.

Table 3. Multivariable regression modela for associations with change in comfort using mobile phone functions among VDOT participants.
Comfort variable

Variables, odds ratio (95% CI)
Baseline comfort score

Hours/week worked at current job
(per 1 hour less)

Sex (female vs male)

Making phone calls

0.06 (0.02 to 0.18)b

N/Ac

N/A

Taking pictures

0.43 (0.31 to 0.59)b

N/A

N/A

Recording videos

0.58 (0.47 to 0.72)b

1.03 (1.00 to 1.05)d

N/A

Text messaging

0.61 (0.50 to 0.74)b

N/A

N/A

Internet use

0.73 (0.62 to 0.85)b

N/A

3.03 (1.08 to 8.52)e

Email use

0.74 (0.64 to 0.85)b

N/A

N/A

Overall score

–0.45 (–0.56 to –0.33)f

N/A

N/A

a

Overall change score was analyzed as a continuous measure and the beta coefficient from multivariable linear regression was reported; individual item
change scores were analyzed as binary measures and the odds ratios from multivariable logistic regression were reported.
b

P<.01.

c

N/A: not applicable.

d

P<.10.

e

P<.05.

f

Beta coefficient (95% CI) from linear regression analysis.

Discussion
The main function of the VDOT app was to record and send
videos of each medication ingestion event, and we found a
significantly positive change in comfort with using a mobile
phone to take videos and photos. We also observed a
nonstatistically significant increase in comfort using all other
mobile phone functions following the use of the VDOT app for
monitoring tuberculosis treatment adherence. Except for baseline
comfort, sex, and hours worked, we did not find baseline
sociodemographics to affect comfort change. This indicates that
the use of VDOT has the potential to increase patient skills with
various mobile phone functions across a range of patient
characteristics, which should increase their willingness and
ability to utilize future mHealth apps.
Other mHealth studies considered the usability and receptiveness
of app-based tools using different forms of Likert scales [2,7]
or qualitative measures from patient responses [5,6] to find
important associations related to app quality and user opinions.
These studies assessed a variety of health interventions and
most had positive results when investigating topics such as
usability [3] and acceptability [2,7]. Unlike previous studies,
this study quantified comfort with using mobile phone functions
and examined correlates of those changes. These measures of
https://mhealth.jmir.org/2019/2/e11638/
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change in comfort help to elucidate how patients perceive the
use of an mHealth app and how its use can impact comfort using
mobile phones. Finding that comfort increased after using an
mHealth app suggests that introducing patients to one mHealth
app can increase the likelihood that they will be willing and
able to engage with future mHealth interventions. The factors
that contribute to comfort using mobile phone features have
important relevance to whether patients have a good experience
using the different tools and benefit from the intended purpose
of the app.
Some study limitations must be considered. All participants in
this study were undergoing treatment for tuberculosis; thus, this
sample is not representative of all patient populations.
Tuberculosis in the United States most commonly occurs among
immigrants from high tuberculosis-burden countries; persons
who are homeless, inject illegal drugs, or are HIV infected; and
people who live or work in hospitals, homeless shelters,
correctional facilities, nursing homes, and residential homes for
those with HIV [13]. The study took place in three major
metropolitan cities, so the results might not reflect those of
patients in rural areas. Also, the modest sample size might have
limited our ability to detect statistically significant associations.
Since most participants owned mobile phones and had high
comfort levels at baseline, they had little room to increase
comfort, which also limited our ability to detect changes. Future
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11638 | p.170
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studies involving patients with less mobile phone experience
at baseline should be considered. Lastly, the data were all
self-reported, which may have introduced information bias.
This study has several strengths. The longitudinal study design
supports a causal relationship between the observed change in
comfort and use of the VDOT app. Baseline and follow-up
questionnaires encompassed a wide range of variables including
sociodemographic, behavioral, and treatment perceptions, which
allowed us to assess multiple potential correlates of change in
comfort. The study assessed comfort using six different
functions of a mobile phone rather than mobile phone use in
general, which allowed for a more comprehensive investigation
of the effect of using an mHealth app on change in comfort
using mobile phones. Lastly, this is the first study to measure

Do et al
change in comfort using an mHealth app, which helps to address
gaps in existing literature.
This study shows that after using a mobile phone for one
mHealth intervention, patients became more comfortable using
the device, which suggests that they will more quickly embrace
other mHealth interventions (eg, smoking cessation or diabetes
management). With expanded use of mHealth apps like VDOT,
it is important for patients to be comfortable with using mobile
phone functions. Measuring the comfort level that patients have
while using mHealth apps can help to determine if these apps
are improving patient skills using technology. This will help
prepare patients to adopt the use of other forms of mHealth, as
well as accessing health information through their mobile phone.
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Abstract
Background: Over the past decade, mobile health has steadily increased in low-income and middle-income countries. However,
few platforms have been able to sustainably scale up like the MomConnect program in South Africa. NurseConnect was created
as a capacity building component of MomConnect, aimed at supporting nurses and midwives in maternal and child health. The
National Department of Health has committed to expanding NurseConnect to all nurses across the country, and an evaluation of
the current user experience was conducted to inform a successful scale up.
Objective: This study aims to evaluate the perception and use of NurseConnect by nurses and midwives to produce feedback
that can be used to optimize the user experience as the platform continues to scale up.
Methods: We conducted focus group discussions and in-depth interviews with 110 nurses and midwives from 18 randomly
selected health care facilities across South Africa. Questions focused on mobile phone use, access to medical information and
their experience with NurseConnect registration, as well as the content and different platforms.
Results: All participants had mobile phones and communication through calls and messaging was the main use in both personal
and work settings. Of 110 participants, 108 (98.2%) had data-enabled phones, and the internet, Google, and apps (South African
National Department of Health Guidelines, iTriage, Drugs.com) were commonly used, especially to find information in the work
setting. Of 110 participants, 62 (56.4%) were registered NurseConnect users and liked the message content, especially listeriosis
and motivational messages, which created behavioral change in some instances. The mobisite and helpdesk, however, were
underutilized because of a lack of information surrounding these platforms. Some participants did not trust medical information
from websites and had more confidence in apps, while others associated a “helpdesk” with a call-in service, not a messaging one.
Many of the unregistered participants had not heard of NurseConnect, and some cited data and time constraints as barriers to both
registration and uptake.
Conclusions: Mobile and smartphone penetration was very high, and participants often used their phone to find medical
information. The NurseConnect messages were well-liked by all registered participants; however, the mobisite and helpdesk were
underutilized owing to a lack of information and training around these platforms. Enhanced marketing and training initiatives
that optimize existing social networks, as well as the provision of data and Wi-Fi, should be explored to ensure that registration
improves, and that users are active across all platforms.
(JMIR Mhealth Uhealth 2019;7(2):e11644) doi:10.2196/11644
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evaluation; mHealth; mobile phone; MomConnect; NurseConnect; South Africa
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Introduction
As a middle-income country, South Africa has committed to
achieving the maternal and child health targets set out in both
the Millennium Development Goals and Sustainable
Development Goals (SDGs) [1,2]. Over the past decade, great
strides have been made, which include the introduction of
MomConnect by the South African National Department of
Health (NDOH) in 2014 [3,4]. MomConnect is a mobile health
(mHealth) solution created to improve and promote maternal
health services in South Africa by providing pregnant mothers
with free stage-based messaging and a helpdesk, while also
creating a universal pregnancy registry [5,6].
Strong government leadership and high mobile penetration [7]
have led to over 2 million registered MomConnect users; this
success prompted the development of NurseConnect, a
complementary platform for health care workers in the maternal
and child health space [6]. Like MomConnect, NurseConnect
provides its users with short message service (SMS) text
messages and access to a helpdesk. In addition, users have
access to a mobile website (mobisite) with comprehensive
information on themes introduced by the SMS text messages
[5,8]. Since its launch in 2016 [9], NurseConnect has >23,000
registered users (Personal communication Jane Sebidi; based
on extract from District Health Information System, July 5,
2018), leading the NDOH to consider expanding the platform
to engage nurses from all departments, not just maternal and
child health [5].
Globally, the World Health Organization (WHO) has identified
the health workforce as one of its 6 building blocks for health
system strengthening [10], while South Africa’s National
Development Plan 2030 highlighted primary health care, with
a focus on training and mentoring nurses to build capacity and
increase job satisfaction [11]. In 2015, the NDOH incorporated
the need for health system strengthening into the South African
mHealth Strategy 2015-2019 and recommended that mHealth
should be utilized to strengthen health human resources [12],
which is what NurseConnect has been developed to do. Many
studies have shown the positive effects of mHealth interventions
on health care workers in low- and middle-income countries
[13-15]; however, many of these platforms were pilot projects
that failed to scale up successfully [16,17]. With the NDOH
committed to expanding NurseConnect to all nurses across the
country [5], and the initial high enrollment numbers [18],
NurseConnect has the potential to be successfully scaled up,
but the current platform and user experience must be evaluated
to identify possible challenges going forward [13,18]. Therefore,
a mixed-method process evaluation was undertaken. In this
paper, we present the qualitative aspects only aimed at
evaluating the perceptions and use of NurseConnect by health
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care workers to provide feedback to optimize the user experience
to inform the expansion of NurseConnect.

Methods
The NurseConnect evaluation in this paper specifically refers
to the collection and evaluation of qualitative data from focus
group discussion (FGDs) and in-depth interviews (IDIs) with
nurses and midwives from selected facilities across South Africa.
Of note, this paper does not evaluate any quantitative data
pertaining to the outcomes or effectiveness of the NurseConnect
platform, as these finding will be the focus of a separate
publication.

NurseConnect Content
The NurseConnect platform was based on the Integrated
Behavioral Model and Adult Learning Theory of change, where
evidence indicates that engagement is the key to absorbing
information from Web-based learning situations. Health care
worker training and mentoring specialists compiled and designed
the content with input from local doctors and nurses in the
maternal health field. SMS text messages were presented in
concise, simple language 2-3 times a week and often contained
links to expanded papers on the mobisite. The mobisite could
also be reached directly from the internet, and the helpdesk
could be activated by responding to any of the SMS text
messages. More recently, where nurses have smartphones, SMS
text messages have been replaced by WhatsApp messages.
The content was divided into 2 main categories—informational
and motivational. The informational content aimed to improve
users’ knowledge of maternal and child health, while the
motivational content aimed to inspire users to make small
actionable changes to increase productivity and happiness in
their work. Figure 1 displays example messages, as well as a
screenshot of the NurseConnect landing page.

Setting
To minimize bias, we randomly chose 18 facilities to equally
represent a national population by ensuring that all provinces,
types of facilities (ie, hospitals, clinics, and community health
centers [CHCs]), and regions (ie, urban, periurban, and rural)
were included. Figure 2 details the names and locations of these
18 facilities.
After provincial and district approval were obtained, facility
visits were scheduled. Each facility was asked to provide a group
of 6-8 registered staff to participate in an FGD or IDI, as well
as a private room for the discussions to take place. Each site
visit lasted from half a day to 3 days. Each FGD and IDI took
between 15 minutes and 1 hour, depending on the operational
demands of the facility and the active participation of the staff.
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Figure 1. NurseConnect sample messages and mobisite.
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Figure 2. Facility locations. Ave: avenue; CHC: community health center.

Data Collection
All 18 approached facilities consented to participate in the
research, and the site visits were conducted between December
12, 2017 and April 10, 2018. Convenience sampling provided
a total of 110 nurses and midwives, who participated in the
focus groups and interviews.
Using a pretested and piloted guide, 2 experienced moderators
facilitated the FGDs and IDIs, with the principal investigator
being present for 15 of the 18 site visits. The decision to conduct
an FGD or IDI depended on the number of available
NurseConnect registered participants present at the facility
during the data collection visit. The FGDs and IDIs were
http://mhealth.jmir.org/2019/2/e11644/
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audiorecorded so that the conversations could later be
transcribed, and the facilitator also documented notes after
discussions. Although an option of answering in vernacular was
presented, participants elected to speak English.

Data Analysis
A total of 18 FGDs and 9 IDIs were conducted during the site
visits. All these recordings were transcribed by the principal
investigator into Microsoft Word documents. A selection of
transcripts was randomly selected and independently verified
by another team member to ensure accuracy. A code list agreed
upon by the evaluation team was constructed to define relevant
codes and emergent themes. The transcripts were then uploaded
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to MAXQDA V 1.2 (Verbi Software) and investigated with the
code list. All transcripts were coded by the principal investigator,
while a selection of transcripts was independently coded by
another study team member to ensure consistency. Upon
completion, each code was concentrated into data reduction
tables, then further refined into summary tables for reporting.
Data were summarized into the themes of mobile use,
registration, platforms, and user experience and content.

Ethical Consideration and Approval
Ethics approval for this evaluation was obtained from the
University of the Witwatersrand Human Research Ethics
Committee (M106976) on October 21, 2016. Participation in
the data collection was voluntary. Consent forms were signed
for both participation and voice recording.

Results
Mobile Phone Use
All 110 participants stated that they had personal mobile phones;
4 also had access to a mobile phone provided by work. Two
participants had basic phones, some had feature phones (access
to data and some apps like the internet and WhatsApp), and the
majority used smartphones.
The most common personal use of phones was for
communication, with the majority of participants using
WhatsApp (often in group chats), SMS text messages, and phone
calls to stay in touch with their friends and family, as well as
their work and their children’s schools. In addition, Facebook
was a popular form of communication and networking, as
participants could interact with nursing communities on a
national or global scale such as the International Midwives Page.
Furthermore, participants used the internet and Google, as well
as a variety of apps, which included the camera, banking, GPS
or navigation, voice or video recordings, educational apps,
gaming, and YouTube (Figure 3).
Some participants stated that high data costs prevent them from
using their phones for work, but most participants were active
phone users and took advantage of this resource to help them
with their health care in a variety of ways (Figure 3).
Communication was the main use, with many participants
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calling or messaging their colleagues when they needed
assistance. Most interactions on WhatsApp were made in groups
though, with many participants belonging to a number of
health-related groups; these groups consisted of colleagues, as
well as a variety of other health care professionals, and these
different clusters allowed participants to share media, ask
questions, and support each other.
So, we use WhatsApp. We just shoot the picture, neh,
of the X-ray, then we just send it to that doctor, maybe
the specialist, and then that specialist will respond.
[Nurse, rural hospital]
In addition, participants frequently used their phones to look
up clinical information about symptoms, diagnoses, and
medications, stating that they were generally able to find the
information that they required. The main source of information
was the internet through Google; however, some participants
were weary of the information found over the Web and preferred
to use trusted medical apps, like the NDOH guidelines, iTriage,
Medscape, Drugs.com, and Drugs Dictionary.
Websites, you know, the internet is full of…it’s not
authentic, because they are not journals per se. So,
you need things that are authentic because we are
dealing with people, you know what I mean, not
robots here. We don’t do trial and error here. We
need to be 100% correct. [Nurse, urban clinic]

NurseConnect
Registration
Of 110 participants, 62 (56.4%) were registered to
NurseConnect, and many of them had been registered for over
a year (Table 1). The absence of more registered participants
was mainly attributed to a lack of awareness of the
NurseConnect platform, which included a number of health care
workers who thought that NurseConnect and MomConnect were
the same product.
With me, this is the first time. I even though you
wanted to write about MomConnect, when the sisters
said it was NurseConnect, so this was the first time.
[Nurse, rural CHC]
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Figure 3. Common mobile phone uses. SMS: short message service.

Table 1. Facilities sampled and the number of participants per facility.
Facility

Province

Total participants

NurseConnect registered participants, n (%)

Bhisho Hospital

Eastern Cape

2

2 (100.0)

SS Gida Hospital

Eastern Cape

15

6 (40.0)

Gaongalelwe Clinic

Free State

8

6 (75.0)

PAX Community Health Center

Free State

1

1 (100.0)

Alexandra 8th Avenue Clinic

Gauteng

1

1 (100.0)

Tambo Memorial Hospital

Gauteng

7

0 (0.0)

Pholela Community Health Center

KwaZulu-Natal

7

5 (71.4)

Umbumbulu Clinic

KwaZulu-Natal

13

12 (92.3)

Botlokwa Hospital

Limpopo

6

6 (100.0)

Warmbaths Hospital

Limpopo

7

7 (100.0)

Delmas Clinic

Mpumalanga

3

3 (100.0)

Nelspruit Community Health Center

Mpumalanga

2

2 (100.0)

Masibambane Clinic

Northern Cape

1

1 (100.0)

Delekile Khoza Clinic

North West

7

2 (28.5)

Montshioa Stadt Community Health Center

North West

6

0 (0.0)

Unit 9 Community Health Center

North West

8

2 (25.0)

Hermanus Hospital

Western Cape

13

3 (23.0)

Mitchells Plain Community Health Center

Western Cape

3

3 (100.0)

Total

Not applicable

110

62 (56.4)

The NurseConnect registration process was described as quick
and easy by the majority of participants, with only a few of
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or difficulties with the clinic code. When asked about the initial
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sign-up process, there seemed to be 2 main ways that
participants became aware of NurseConnect and were signed
up. The first was during visits from an external representative
familiar with NurseConnect (ie, District Clinical Specialist
Team Midwife, NDOH representative, Ideal Clinic
Representative) who shared the registration process with staff
during their visits. The second method of NurseConnect
registration was when facilities had an internal NurseConnect
representative that went to a NurseConnect training workshop
or in-service, then brought the information back to connect their
fellow staff members.
In addition, unregistered participants were probed about why
they had never signed up, and most of them stated that they had
never heard of NurseConnect before, or thought that it was
referring to MomConnect. For those familiar with the platform,
some of them were not working the day that their facility was
registered, while others cited data and time constraints as the
main barriers. Some participants were not allowed to have
phones at work, while others mentioned message fatigue, lack
of personal motivation, or being too junior as reasons not to
register.
Like for instance, we are not being given, offered
data. Like when you read message, it consumes data,
and we are getting this every day. I would appeal to
the Department to give us the data to those that are
NurseConnected. [Nurse, rural clinic]

Platforms and User Experience
All registered participants stated that they received the
NurseConnect messaging, and all but one stated that they
received as SMS text message. Participants liked receiving the
SMS text messages because they were free and easy to access,
even for people who were not very technology-savvy or did not
have adequate data. Some participants saved the SMS text
messages so that they could refer to them at a later date, while
others forwarded the SMS text messages to friends and
colleagues who were not registered.
I will say SMS, you just read it, you don’t need data,
you don’t need anything. Your phone needs to be just
charged, that’s all. [Nurse, urban hospital]
I sent it to my sister, I think it is the one she is talking
about. The one with after work, the legs, my sister is
a nurse as well, and working in maternity. So, I
forwarded it to her. [Nurse, periurban hospital]
Only 1 participant was receiving messages through WhatsApp,
and none of the other participants knew that this was an option.
When asked about the possibility of accessing NurseConnect
through WhatsApp, participants were evenly divided, with some
against the idea, while others were open to it. Participants who
were open to using WhatsApp for NurseConnect stated that
they liked the user-friendly interface and suggested that
WhatsApp groups could be leveraged to create discussions and
ask questions about topics, instead of the one-way flow of
information from SMS text messages.
So, if we can then get connected on it, and then maybe
open up a platform like a WhatsApp where people
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can then also interact about those messages and then
take discussions further. [Nurse, urban clinic]
Participants who did not want to use WhatsApp for
NurseConnect stated that data costs were the main barrier, while
others viewed WhatsApp as a personal platform and did not
want to use it for work.
My WhatsApp is more like my personal, personal
people only, like close family and friends. I prefer
SMS. [Nurse, urban hospital]
Of 62 registered NurseConnect users, only 2 stated that they
had logged on to the NurseConnect mobisite. One participant
stated that she enjoyed the mobisite and searched it for
information when they were bored. Another participant stated
that she followed the blue link from the SMS text message to
get more information; however, she was not familiar with the
term “mobisite” and had never explored the site. Four other
participants stated that they had clicked on the NurseConnect
links in the SMS text messages but were also not aware that the
linked paper was on a NurseConnect mobisite. Some other
participants stated that even if they were familiar with the site,
data costs would still prevent them from using it.
We didn’t hear about the mobisite. That means at the
time when she went for the in-service, I don’t think
that the mobisite was mentioned. [Nurse, rural clinic]
That’s the big thing. That’s the issue why we don’t
go to those ”dot com.” The data. [Nurse, rural clinic]
None of the registered NurseConnect users who participated
had ever used the helpdesk, and only a few of them knew that
it existed. One person mentioned that she had received an SMS
text message explaining that they could respond but had never
tried. Another person had heard of the helpdesk but was under
the impression that it would be a call center and did not know
that it was active or that it could be accessed via SMS text
messages.
We don’t know whether to respond back, so we are
not responding back. That is why I am saying it is
one-sided. It is giving you the information, you don’t
have any chance to, to share your problem. [Nurse,
rural hospital]
The main barrier to the helpdesk and mobisite was that
participants did not know they existed; however, once informed,
participants liked the idea and said that they would like to try
them. Another barrier to use that many participants mentioned
was the data costs of accessing a mobisite or sending an SMS
text message.
The problem is like sister said, we don’t have data.
That’s the problem, it is why we don’t respond to the
messages. Because of money. [Nurse, rural hospital]
I think that if we had free Wi-Fi here in the hospital,
like if you want to access any information online you
don’t have to use your data because it’s work related.
[Nurse, urban hospital]

Content
Participants generally liked the language, structure, and
frequency of the NurseConnect messages, stating that they were
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easy to understand and relevant to their daily work. In addition,
they preferred English messages, as the medical content is easier
to read and understand in English than traditional languages.
And the language is simple and straight forward.
There is no bombastic words like when we were at
schools. So, the messages are straight up. [Nurse,
rural clinic]
It is easy for me. Because it is English. And all of us
speak English and it is, it’s the terms that we are using
in our profession. [Nurse, rural hospital]
If it was like 20 messages a week, then I would get a
bit upset because I would think it’s too much. And it
would just be taking up all the space on my phone,
and I don’t think I would read all of it then. Where if
it was less messages every day, or every second day
or third day, I would actually take the time and read
it, and then maybe even forward it to someone.
[Nurse, urban hospital]
Messages about the listeriosis outbreak and motivation or stress
relief were favored by many, and some participants stated that
these messages created behavioral changes. The listeriosis
information prompted one facility to conduct a full in-service
based on the topic, while another facility improved their
temperature-taking practices after receiving the messages. Some
participants stated that the motivational messages led them to
eat and rest properly during long shifts and before nightshifts,
while others greatly appreciated the encouraging messages.
I can give an example, the other day, and I was so
happy. I was, the whole week I was teaching patients
on HIV, and when the message comes and say your
patients are happy about the information that you
give them, I was like wow, thank you, talking to me.
And I was happy! [Nurse, periurban hospital]
Some participants suggested that the topics be expanded to
include pediatrics, chronic diseases, geriatrics, and mental
health; however, they generally found the messages very
informative and helpful. Furthermore, participants suggested
that the government could share updated policies, guidelines,
and nursing standards through the NurseConnect platform.
What I noticed is that I think you mostly on babies
and pregnant women, but there’s nothing about
paediatrics, chronic diseases, of geriatrics. [Nurse,
rural clinic]
There is no need for us to be going on apps and
downloading things, let the government give us what
they want us to have. The latest information, you
know. [Nurse, urban hospital]
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nurses’ use of WhatsApp, the internet, and various medical
apps, reinforced the need to provide quality mHealth solutions
that are tailored to the local context. The smartphone infiltration
and extensive use of WhatsApp for personal and medical
communication suggested that WhatsApp should be encouraged
as a NurseConnect channel. To distinguish this platform from
SMS text messaging, media messages (voice notes, pictures,
and video clips) could be offered as a way to enhance the user
experience.
Only 56.4% (62/110) of participants were registered on
NurseConnect. The nurses who were not registered exposed
gaps that should be addressed to successfully scale up the
platform toward 2020 [5,9]. An extensive mixed media
marketing campaign should be used to create awareness for the
platform, while existing social networks on Facebook and
WhatsApp should also be leveraged to spread awareness [5].
The need for marketing initiatives and platform training was
reinforced by the lack of mobisite and helpdesk use. Many
participants stated that they were not aware of these platforms
before the site visits were conducted. Participants thought these
platforms would be useful; however, the term “mobisite” was
unfamiliar with participants, and “helpdesk” was associated
with call-in services, not a 2-way messaging service. Some
participants did not trust information found over the Web and
preferred using reliable apps, so rebranding the mobisite as a
mHealth app, could increase user activity.
I think for an example, in Facebook, there are so
many groups including those who are nurses,
midwives, primary health care. So, maybe one could
paste on Facebook to say there is NurseConnect, this
is what they say guys, sign in and let’s get, let’s make
it viral. [Nurse, urban CHC]
Similar to the internal NurseConnect representatives, who
registered their colleagues, high-level users can be identified
on these networks and trained as ambassadors or mentors to
create demand for NurseConnect, facilitate discussions, and
assist with registrations [11]; this bottom-up approach should
foster peer-to-peer interactions, while also providing users with
a contact to facilitate awareness and training for new platforms
[16].

Principal Findings

Aside from the lack of awareness of the NurseConnect platform,
the biggest barrier to NurseConnect registration, uptake, and
utilization remains the cost of data. Data cost was mentioned
in almost every part of the discussions, as South Africa has the
highest data charges out of the 6 largest Telcom markets in
Africa. Data charges in South Africa have been the cause of
much debate and protests by the majority of citizens not just
these health care workers, making this a very relevant practical
(possibly longer term) challenge, which needs to be addressed
[19]. As the NDOH prepares to scale up the provision of facility
mobile phones, subsidized data or airtime or free Wi-Fi in health
care facilities will need to be considered.

This is the first report describing and evaluating the rollout,
uptake, and utilization of NurseConnect in South African public
health facilities and the findings show that there were no marked
variations between nurses from different provinces, facility
types, or regions. High smartphone saturation, coupled with the

The expansion of NurseConnect to all nurses also provides an
opportunity to develop and tailor new message streams beyond
maternal and child health. Participants suggested incorporating
information about noncommunicable diseases and mental health,

Discussion
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which are in-line with the WHO country strategy for South
Africa [20].

Limitations
This study has some limitations. While we endeavored to collect
information from as many NurseConnect registered users as
possible, we ended up with a smaller number than anticipated
owing to the health care worker confusion around NurseConnect
and MomConnect. Although the identification of the confusion
was a valuable finding in itself, it did limit the amount of
information we could collect about the NurseConnect
implementation. Second, we did not collect sociodemographic
information, which may have assisted in contextualizing some
of the results or opinions presented. Third, although we collected
information from different types of health care facilities across
the country, the results presented are not conclusively
representative of the entire NurseConnect registered health care
population and may lack some differing opinions and
experiences of users from facilities that did not participate in
the evaluation. Finally, this was a qualitative evaluation that
independently investigated health care workers’ perceptions
and uses of NurseConnect, without examining the efficacy and
outcomes of the platform.

Fischer et al

Conclusions
After discussing NurseConnect with nurses from all 9 provinces
of South Africa, it is evident that the platform is not just useful
but well-liked by nurses and midwives who use it. Participants
found the messages informative, and their suggestions on
expanding the content showed that they have been engaging
with the platform and felt that it would continue to help them
learn and grow. While this positive feedback reinforced the fact
that this platform works, this evaluation has also identified gaps
and areas of improvement that can be turned into strengths as
the NDOH continues to rollout NurseConnect to all nurses
across the country by 2020.
Across many facilities, it was discovered that the NurseConnect
brand needs strengthening. The lack of awareness surrounding
the WhatsApp messages, mobisite, and helpdesk presents an
excellent opportunity for growth, as many participants liked
these ideas but were previously unaware that platforms other
than SMS text messaging existed. The other main barriers to
these platforms were time constraints and data costs. The
promotion of a zero-rated app and messaging, as well as free
Wi-Fi for facilities, would help overcome the data barrier. By
combating these barriers and leveraging existing mobile social
networks to increase registration and awareness, NurseConnect
should continue to develop as the platform becomes available
to all nurses across the country.
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Abstract
Background: The public health system in Bangladesh has been struggling to provide coverage and utilization of basic maternal
health care services in pursuit of achieving maternal and child mortality-related goals. Interestingly, the rapid popularization of
mobile technology in the country is transforming the landscape of health care access and delivery. However, little is known
regarding the use of mobile phones from the perspective of maternal health care service utilization.
Objective: In this study, we aimed to investigate the prevalence and sociodemographic pattern of mobile phone use for health
services among women and relationship between the use of mobile phone use and the uptake of essential maternal health services
(MHSs).
Methods: Cross-sectional data from the Bangladesh Demographic and Health Survey on 4494 mothers aged between 15 and
39 years were used in the analysis. Using mobile phones to get health services or advice was hypothesized to have a positive
association with the uptake of basic MHSs (antenatal care, ANC, facility delivery services, postnatal care) and postnatal care for
the newborn. Data were analyzed using bivariate and multivariable techniques.
Results: More than a quarter (1276/4494, 28.4%; 95% CI 26.8-30.3) of the women aged 15-39 years reported using mobile
phones to get health services with significant sociodemographic variations in the use of mobile phones. Analysis of the specific
purposes revealed that, in most cases, mobile phones were used to contact service providers and consult with the same about what
to do, whereas a smaller proportion reported using mobile phone for the purposes of arranging money and transportation.
Multivariable analysis showed that compared with respondents who reported not using mobile phones for health care services,
those who used them had higher odds of making 3+ ANC visits and delivering at a health facility. The odds were slightly higher
for rural residents than for those in the urban areas.
Conclusions: The findings of this study conclude that women who use mobile phones are more likely to use ANC and professional
delivery services than those who do not. More in-depth studies are necessary to understand the mechanism through which mobile
phone-based services enhance the uptake of maternal health care.
(JMIR Mhealth Uhealth 2019;7(2):e10645) doi:10.2196/10645
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antenatal care; facility delivery services; postnatal care; mHealth; Bangladesh
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Introduction
The demography of Bangladesh is usually characterized by total
fertility rate and maternal and child mortality [1,2]. Like all
other south Asian nations, widespread poverty, poor health care
infrastructure, inequality in access to care, and low health
literacy constitute some of the major causes of underutilization
of essential maternal health care services (eg, antenatal care,
ANC, and professional services for childbirth) that translate to
higher burden of maternal and child mortality, which is
recognized as a serious public health problem in the country
[1,3,4]. Over the past few decades, the Ministry of Health and
Family Welfare (MoHFW) has developed and implemented
strategies for tackling high maternal and child mortality rates
through programmatic intervention within national (Population
and Health Policy), international (Millennium Development
Goal, 5) [5], and joint (Maternal and Neonatal Health Initiatives
in Bangladesh) [6] policy frameworks. Millennium Development
Goals progress reports reveal significant gains in terms of
decline in both maternal and child mortality rates with an
estimated reduction of 57% in child mortality and 66% in
maternal mortality [1]. The statistics on essential maternal health
service uptake (Millennium Development Goal 5) on the other
hand appear to be less encouraging because the figures remain
well behind the internationally agreed targets: increase in facility
delivery between 2001 (9%) and 2010 (23%) and a 25% increase
in ANC uptake between 1996-1997 (29%) and 2010 (54%) [7].
Despite the growing public and private sector initiatives to
promote the utilization of maternal health services (MHSs),
progress is slackened by persistent issues, for example, the lack
of human resources in health care, high out-of-pocket
expenditure, and inequitable access to quality services,
especially among the marginalized and rural population [1].
Amid this multitude of challenges, the hope is that the wide
availability and progressive expansion of mobile and internet
technology could open windows for more expansive and
equitable care delivery to communities otherwise deprived from
accessing basic health care. It is no longer a new concept that
telemedicine or the application of information and
communication technology in the public health sector can
substantially improve the quality of care and efficiency in
administrative and managerial tasks in a cost-effective manner
[8-10]. In developed countries, telemedicine has so far earned
massive popularity as a convenient, cost-effective, and
time-saving platform for almost all aspects of preventive,
curative, and rehabilitative care including obstetrics and
gynecology, psychiatry, and self-management of chronic
noncommunicable diseases. In contrast, mobile health (mHealth)
technology is still in its infancy in Bangladesh and other south
Asian nations but has been gaining growing attention among
health and policy experts. Evidence suggests that mHealth is
highly effective in reducing financial and transportation barriers
and facilitates basic MHSs as well as emergency care during
emergency obstetric referrals in low-income settings [11,12].
Therefore, mHealth is increasingly seen as a key strategy to
promoting maternal and child health in the developing countries
[13-16].
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So far, countries in south Asia, especially India and Bangladesh,
have embarked on various electronic health (eHealth) initiatives
(eg, electronic health records at the managerial level) and
provision mHealth services as a means to ameliorate primary
health care services at the population level [17,18]. Although
the first eHealth initiative was taken by MoHFW in 1998, since
then, the adoption of this technology has been proliferating
mainly in the private sector where the common services include
teleconsultation, prescription, and referral [19]. One of the
pioneering private eHealth institution in Bangladesh called
Telemedicine Reference Center Limited was established in 1999
with the goal of using mobile phones for health care delivery
[20]. Services including computerization of health facilities
with internet servers and mHealth service for communicating
with health care providers were introduced in 2008 [17]. Mobile
phone-based initiative for maternal and child care is more recent
and was launched by Mobile Alliance for Maternal Action
(locally known as Aponjon) in collaboration with MoHFW [21].
Service includes biweekly short message service (SMS) text
messages or voice messages from the beginning of conception
through the first birthday of the child on vital health information
targeted at expectant and new mothers and their relatives [21].
The project became functional in 2012 with the vision of
addressing the dire situation of maternal and child health
services in the country.
Despite the emerging interests in this field, there is a noticeable
absence of large-scale research studies that are necessary to
generate the evidence base for informing investors in preventing
the initiation of major pilot projects. In a previous study, we
have shown the regional disparities among urban women in
using mobile phone services for delivery services [1]. In this
study, we aimed to investigate what percentage of women are
using mobile phones for health services and whether seeking
care through mobile phones has any relationship with their
utilization of essential maternal and child health care services
namely antenatal, facility delivery, and postnatal care for the
mother and the newborn.

Methods
Survey and Data Source
We obtained the data for this study from the seventh round of
Bangladesh Demographic and Health Survey (BDHS) 2014.
This survey was implemented through a collaborative effort of
the National Institute of Population Research and Training,
Inner City Fund International, United States, and Mitra &
Associates under the financial auspices of the United States
Agency for International Development, Bangladesh. The main
objectives of the surveys are to provide quality and nationally
representative data on crucial health indicators needed for the
monitoring and evaluation of national health programs and
thereby assisting in policy making, designing public health
programs in the country. BDHS adopted a 2-stage stratified
technique for selecting sample households. In the first stage,
600 enumeration areas (EAs; primary sampling units with an
average of about 120 households) were selected with probability
proportional to the EA size with 207 EAs in urban areas and
393 in rural areas. In the second stage, a systematic sample of
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30 households on average was selected per EA. This selection
was expected to result in completed interviews with about
18,000 individual women, of whom 17,863 were finally
interviewed yielding a response rate of 98%. For this study, we
included only those participants who reported having a
completed pregnancy in the years preceding the survey (Figure
1). Participants gave informed consent before taking part in the
survey. All Demographic and Health Surveys are approved by
Inner City Fund international and an Institutional Review Board
in the host country to make sure that the protocols are in
compliance with the US Department of Health and Human
Services regulations for the protection of human subjects. A
more detailed version of the methodology is published elsewhere
[1,3].

Variables
The outcomes variables included 3 maternal variables: ANC,
place of delivery, postnatal care, and 1 newborn care variable
(postnatal care for the baby). These variables are described in
Table 1 along with the list of independent variables. The timing
of first ANC is an important aspect of MHSs, but it was not
available for the 2014 survey.

Tang et al

Data Analysis
Data analyses were carried out using IBM SPSS Statistics
version 24. Before analysis, the dataset was cleaned, tested for
multicollinearity, and checked for cases that fulfilled the
inclusion criteria, experience of at least 1 childbirth in the
preceding 5 years, providing information on mobile phone
usage. Owing to the clustered nature of the survey, we used a
complex sample analysis technique that takes into account the
sampling weight, strata, and clusters. Participants’ demographic
characteristics were presented using frequencies and
percentages. Pearson chi-square tests were performed to examine
the bivariate tests of association between the dependent and
explanatory variables. Variables that showed association at P<.1
were retained for multivariable analysis. Binary logistic
regression analyses were used to calculate the odds ratios of
using the 3 types of maternal and postnatal care for newborns.
Both crude and adjusted odds ratios were calculated. At this
stage, P values (two-tailed) were considered statistically
significant only when below .05.

Figure 1. Flowchart of the sampling procedure.

http://mhealth.jmir.org/2019/2/e10645/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10645 | p.186
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Tang et al

Table 1. Description of dependent and independent variables.
Variables

Description

Dependent variables
Antenatal care visits

Number of antenatal care visits during the last pregnancy. It was categorized as adequate (4 and 4+) and inadequate (0-3)

Place of delivery

Place where respondents delivered the most. It was categorized as Home (home of the respondent or relatives)
and Heath facility (eg, hospitals, clinics, maternal health centers)

Postnatal checkup for mother

Mother’s health checkup by a professional after delivery (Yes or No)

Postnatal checkup for baby

Baby’s health checkup by a professional after delivery (Yes or No)

Independent variables

a

Age

Age of the respondent. The survey year was categorized into 5-year groups: 15-19, 20-24, 25-29, 30-34, and
35-39.

Division

Seven administrative regions: Barisal, Chittagong, Dhaka, Khulna, Rajshahi, Rangpur, and Sylhet

Residency

Type of place of current residence: Urban or Rural

Education

Educational attainment based on the number of years of formal schooling: Nil, Primary, Secondary, or
Higher

Religion

Islam, Hinduism, or others

Wealth index

Calculated based on household possession of durable goods (eg, TVa, radio, bicycle) and housing quality
(eg, type of floor, wall, and roof). Each item is assigned a factor score generated through principal component
analysis, which is then summed and standardized for the households. These standardized scores place the
households in a continuous scale based on relative wealth scores. The scores were thus obtained from a
continuous scale and subsequently categorized into quintiles to rank the household as Poorest, Poorer, Middle,
Richer, or Richest.

Employed

Employment status of the respondent: Yes or No

Reads newspaper

Frequency of reading newspaper: weekly or less than weekly: yes, and do not read at all: No

Uses TV or radio

Frequency of using TV or radio: weekly or less than weekly (Yes) and do not use at all (No)

TV: television.

Results
The analysis included 4494 women aged 15 to 39 years. The
basic sociodemographic profile of the participants is presented
in Table 2. The prevalence of attending 4+ ANC visits was
32.0% (1440/4494; 95% CI 29.5-33.2), facility delivery 40.1%
(1801/4494; 95% CI 38.3-42.1), and postnatal checkup for the
mother 65.7% (2953/4494; 95% CI 64.0-67.7) and for the baby
64.9% (2917/4494; 95% CI 64.0-67.6; not shown in the table).
More than a quarter (1276/4494, 28.4%; 95% CI 26.8-30.3) of
the women reported using mobile phones to get health services.
Those who reported ever using a mobile phone to get health
services had significantly higher (P=.01) percentages of making
at least 4 ANC visits or higher (2543/4494, 56.6%; 95% CI
53.0-60.1) and delivering at a health facility (2435/4494, 54.2%;
95% CI 51.8-58.5). Percentages were also higher for postnatal
checkup among mothers and babies but were not statistically
significant.
Respondents were further asked to describe the specific purposes
for using a mobile phone. As shown in Figure 2, in most cases,
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they used mobile phones to contact service providers and consult
with the same about what steps to take, whereas a smaller
proportion reported on the use of mobile phone for the purposes
of arranging money and transportation. The percentage of use
varied slightly between urban and rural residents; rural residents
made phone calls more frequently than their urban counterparts.
Results of multivariate analysis on the association between the
use of mobile phone and uptake of essential MHSs and postnatal
care for newborn are presented in Table 3. Results indicate that
compared with women who reported not using mobile phones
for health care services, those who used had higher odds
(adjusted) of achieving an adequate number (4 and 4+) of ANC
visits (adjusted odds ratio, AOR 1.612, 95% CI 1.309-1.985)
in both urban and rural areas. The odds were slightly higher for
rural residents (AOR 1.700, 95% CI 1.317-2.194) than those in
the urban areas (AOR 1.454, 95% CI 1.034-2.045). The same
was true for delivering at the health facility. Users of mobile
phone for health services in rural areas and urban areas had 1.7
times and 1.5 times higher odds, respectively, of delivering at
a health facility.
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Table 2. Sociodemographic profile of the participants (N=4494). Bangladesh Demographic and Health Survey 2014. All the percentages are weighted.
Variables

Participants
(N=4494), n (%)

Ever used a mobile phone to get health services or advice
Yes
%

No
95% CI

%

95% CI

Number of antenatal care visits

.001

0-3

3054 (68.00)

43.40

39.90-47.00

73.60

71.30-75.70

≥4

1440 (32.00)

56.60

53.0-60.10

26.40

24.30-28.70

Place of delivery

.001

Home

2693 (59.90)

45.80

42.50-48.20

61.40

58.10-64.70

Heath facility

1801 (40.10)

54.20

51.80-58.50

38.60

35.30-41.90

Postnatal checkup for mother

.13

No

1541 (34.30)

35.70

32.60-39.10

33.50

31.20-35.90

Yes

2953 (65.70)

64.30

60.90-67.40

66.50

64.10-68.80

Postnatal checkup for baby

.14

No

1577 (35.10)

36.50

33.30-39.70

33.30

31.10-35.50

Yes

2917 (64.90)

63.50

60.30-66.70

66.70

64.50-68.90

Age in years

.07

15-19

1531 (34.10)

21.00

18.50-23.70

21.0

19.10-23.00

20-24

1147 (25.50)

33.20

30.10-36.60

33.70

31.60-35.90

25-29

608 (13.50)

26.90

24.00-29.90

25.20

23.20-27.30

30-34

939 (20.90)

14.50

11.50-18.20

13.40

12.10-15.00

35-39

269 (60.00)

4.40

3.30-5.80

6.60

5.50-8.00

Division

<.001

Barisal

532 (11.80)

6.30

4.90-8.00

5.60

4.70-6.60

Chittagong

862 (19.20)

26.30

23.20-29.70

20.10

17.90-22.40

Dhaka

795 (17.70)

32.50

28.60-36.70

36.40

33.30-39.70

Khulna

531 (11.80)

8.30

7.00-9.90

7.90

6.90-9.00

Rajshahi

546 (12.10)

9.70

8.10-11.50

10.20

8.90-11.60

Rangpur

550 (12.20)

10.10

8.20-12.30

9.60

8.30-11.10

Sylhet

678 (15.10)

6.70

5.10-8.80

10.30

8.50-12.30

Residency

<.001

Urban

1451 (32.30)

31.20

27.90-34.60

24.10

22.00-26.40

Rural

3043 (67.70)

68.80

65.40-72.10

75.90

73.60-78.00

Education

<.001

Nil

607 (13.50)

6.50

5.00-8.40

17.20

15.40-19.20

Primary

1235 (27.50)

200

17.30-22.90

31.10

28.90-33.50

Secondary

2130 (47.40)

56.60

53.10-60.10

44.10

41.60-46.80

Higher

522 (11.60)

16.90

14.50-19.60

7.50

6.50-8.70

Religion

<.001

Islam

4134 (92.00)

91.40

89.20-93.20

91.80

90.10-93.30

Hinduism or others

360 (8.00)

8.60

6.80-10.80

8.20

6.70-9.90

Wealth index

XSL• FO
RenderX

<.001

Poorest

940 (20.90)

13.70

11.10-16.90

24.80

22.50-27.30

Poorer

855 (19.00)

15.00

12.80-17.50

20.50

18.80-22.40

http://mhealth.jmir.org/2019/2/e10645/

P value

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10645 | p.188
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Variables

Participants
(N=4494), n (%)
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Ever used a mobile phone to get health services or advice
Yes

P value

No

%

95% CI

%

95% CI

Middle

860 (19.10)

19.40

16.90-22.10

18.90

16.80-21.30

Richer

946 (21.10)

22.40

19.50-25.70

19.90

18.10-21.90

Richest

893 (19.90)

29.50

26.50-32.70

15.80

14.20-17.60

Employed

.01

No

3511 (78.10)

79.80

76.60-82.70

74.90

72.70-77.10

Yes

983 (21.90)

20.20

17.30-23.40

25.10

22.90-27.30

Reads newspapers

<.001

No

3776 (84.00)

77.00

74.10-79.70

88.50

86.80-90.00

Yes

718 (16.00)

23.00

20.30-25.90

11.50

10.00-13.20

User of television or radio

<.001

No

1796 (40.00)

31.00

27.70-34.50

43.80

41.20-46.30

Yes

2698 (60.00)

69.00

65.50-72.30

56.20

53.70-58.80

Figure 2. Self-reported purposes (%) for using mobile phone among participants. BDHS 2014.
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Table 3. Odds ratios of attending at least 4 antenatal care visits and facility delivery among those who reported using mobile phone for health care
services.
Sample group

a

3+ antenatal care visits

Delivery at the health facility

Postnatal care (mother)

Postnatal care (newborn)

CORa

AORb

COR

AOR

COR

AOR

COR

AOR

(95% CI)

(95% CI)

(95% CI)

(95% CI)

(95% CI)

(95% CI)

(95% CI)

(95% CI)

Overall

2.032 (1.7712.567)

1.612 (1.3091.985)

2.132 (1.7712.567)

1.612 (1.3091.985)

0.905 (0.7571.081)

1.144 (1.0011.308)

1.134 (0.9921.295)

0.868 (0.7281.036)

Urban

1.862 (1.3872.502)

1.454 (1.0342.045)

1.862 (1.3872.502)

1.454 (1.0342.045)

0822 (0.6131.104)

0.931 (0.6901.255)

0.904 (0.6711.217

1.002 (0.7371.360)

Rural

2.021 (1.6862.746)

1.700 (1.3172.194)

2.152 (1.6862.746)

1.680 (1.2102.094)

0.974 (0.7811.214)

1.062 (0.8421.339)

0.898 (0.7231.116)

1.006 (0.8371.208)

COR: Unadjusted odds ratios.

b

AOR: Adjusted for Age, Division, Residency, Education, Religion, Wealth index, Employment, Newspaper, TV or radio use.

Discussion
Principal Findings
In this study, we aimed to measure the prevalence of mobile
phone use for health care services among adult women in
Bangladesh and the association between its use and uptake of
essential maternal health care services and postnatal care for
newborns. Our findings indicate that little higher than a quarter
of the respondents reported using mobile phones to get health
services. Important sociodemographic variations were observed
in the use of mobile phones. The percentage was noticeably
higher among those aged between 20 and 29 years, those who
were from Dhaka and Chittagong division, those who lived in
rural areas, and those who had primary-secondary level
education. The reason behind this could be that women of this
age bracket are more likely to use mobile and internet
technologies, be concerned about reproductive health, and take
proactive measures to ensure better pregnancy outcomes.
Presumably, the higher percentage in the rural areas can be
indicative of lower concentration of health facilities or lower
provider to patient ratio and consequently higher dependency
on distant consultations over mobile phones. Even those with
no educational attainment reported using mobile phones for
seeking health care advices. Another interesting finding was
that the rate of using mobile phones increased linearly with the
wealth quintile of the households with the rate being lowest in
poorest and highest among the wealthiest households, indicating
the mediating role of financial well-being in the association.
Mobile phone use may also play a strong, enabling role among
women lacking access to urban facilities. As the findings further
suggested, the odds of having 3+ ANC visits and health facility
delivery in relation to mobile phone use were higher among
rural women than urban women. Women who were employed
had lower rates of mobile phone use for health care seeking
purposes, perhaps because they are more empowered or likely
to make direct contacts with health centers. Users of electronic
and print media (TV, radio, and newspaper) were also more
likely to use mobile phones for seeking health care. This
relationship is an intuitive one as print and electronic media
have become important tools for health communication
especially in the areas of maternal and child health.
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Bivariate analysis revealed that those who reported ever using
mobile phones to get health services had significantly higher
rates of attending the minimum recommended number of ANC
visits, as well as delivering at a health facility, but not for
postnatal checkup among mothers and babies. These findings
were reaffirmed by multivariable analysis adjusted for potential
confounding variables. The odds of having 3+ ANC visits and
delivering at a health facility were significantly higher among
the users of mobile phones for health care purposes. These
associations were further investigated by stratifying for urban
and rural areas. It appeared that the odds of availing ANC and
facility delivery services were higher among rural residents than
urban residents.

Past Studies and Future Research Directions
Mobile-based health service delivery strategies have attracted
considerable attention as a means of supporting maternal,
neonatal, and child health in developing countries [15,22,23].
There is a growing body of literature documenting the
effectiveness of mHealth in improving the utilization of MHSs.
However, there remains a dearth of observational and cohort
studies on the effectiveness of mHealth in promoting MHSs in
Bangladesh. Similar to the findings of this study, in a previous
research, we have shown the disparities in the use of mobile
phones for seeking childbirth services in urban Bangladesh and
found that women using mobile phones for health care were
more likely to deliver at a health facility [1]. A recent trial study
in Ethiopia reported a positive contribution of SMS text
message-based mobile phone intervention in most of the selected
maternal and child health service indicators, such as
improvement in the percentage of the recommended number of
ANC visits, percentage of deliveries attended by health workers,
and facilitating the work processes of the health workers in rural
areas [24]. Another trial study made similar conclusions based
on the evidence on the effectiveness of voice messages for the
early initiation of MHSs [25]. However, to date, there is no
evidence on the effectiveness of mHealth in promoting all the
components of maternal and neonatal care. Future studies on
mHealth within the context of maternal health care in
Bangladesh should focus on a broader category of services and
the impact of SMS text messaging services in promoting
maternal health literacy and utilization of essential MHSs.
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General Discussion
Despite increasing local and international commitments to
reducing maternal and child mortality rates, each year, a
remarkably high percentage of women are dying owing to
pregnancy and childbirth complications, a large proportion of
which could have been avoided through providing essential
MHSs [26-28]. In low-income countries such as Bangladesh
where health care systems are fraught with infrastructure and
human resource crises, the application of mHealth technologies
remains a huge untapped resource. Health care experts in
Bangladesh are beginning to realize the potential of health
technologies and are developing policies leveraging the
widespread penetration of telecommunication market to address
key public health issues especially in the areas of family
planning, sexual, and reproductive health care. However, shifting
from traditional mode of care delivery and management to
technology-driven environments will require an investment in
training telemedicine facilitators and a supply of skilled
professionals [29-31]. One review article mentioned that limited
internet bandwidth, high cost of infrastructure, and software
development are some of the main barriers to the adoption of
telemedicine in Bangladesh [17]. For capacity building in this
sector, university and community clinic-based telemedicine
training programs for providers and community dwellers can
prove highly beneficial. Finally, reaping the benefits of these
programs to promote health care especially among the
marginalized population will require addressing the digital
divide by making sure that people have physical access and the
necessary skills to properly utilize the technologies [32,33].

Strengths and Limitations
As far as we are concerned, this has been the very first study to
report the sociodemographic pattern of mobile phone use for
health services among women and its relationship with the
uptake of essential MHSs in any developing country. The survey
was representative of the country because the sample population
was selected from all the districts in the country. Given the low
uptake of maternal health care services and expansion of the

Tang et al
telecommunications sector in Bangladesh, studies of this kind
are crucial to designing mHealth interventions for maternal and
reproductive health.
Among the limitations was the cross-sectional and secondary
nature of the data. There was no detailed information regarding
the subjective report on the benefits of using mobile phone for
service uptake. It is also possible that women using mobile
phones were more aware of reproductive health and were
socioeconomically more empowered, which are strong
determinants of using health care services. There is also no
indication regarding the quality of the services and whether the
proportion of women who use mobile phones for health care
purposes experience better reproductive outcomes. Variables
were self-reported and therefore remain subject to reporting or
recall error. Because the information on outcome and
explanatory variables were collected at the same time, our
analysis cannot suggest any causal relationship between the use
of mobile phones and uptake of maternal health care services.
Despite the limitations, this study offers several important
insights for maternal health care programs in Bangladesh and
calls for further research to investigate the quality of pregnancy
outcomes among mobile phone users.

Conclusion
Based on the analysis of BDHS (2014), this study found that,
currently, little higher than a quarter of women aged 15-39 years
are using mobile phones to get health services. However, there
are important sociodemographic patters in the use of mobile
phones. The findings conclude that women who are using mobile
phones are more likely to use antenatal and professional delivery
services than those who do not. Currently, there is not enough
evidence to confirm any strong connection between mobile
phone use and uptake of maternal health care services. More
studies are necessary to replicate these findings. Future studies
should focus on measuring the potential of mHealth technologies
in meeting national maternal health care objectives and health
priorities of the population.
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Abstract
Background: The use of mobile health (mHealth) apps in clinical settings is increasing widely. mHealth has been used to
promote prevention, improve early detection, manage care, and support survivors and chronic patients. However, data on the
efficacy and utility of mHealth apps are limited.
Objective: The main objective of this review was to provide an overview of the available research-tested interventions using
mHealth apps and their impact on breast cancer care.
Methods: A systematic search of Medline, PsycINFO, Embase, and Scopus was performed to identify relevant studies. From
the selected studies, the following information was extracted: authors, publication date, study objectives, study population, study
design, interventions’ features, outcome measures, and results.
Results: We identified 29 empirical studies that described a health care intervention using an mHealth app in breast cancer care.
Of these, 7 studies were about the use of an mHealth application in an intervention for breast cancer prevention and early detection,
12 targeted care management, and 10 focused on breast cancer survivors.
Conclusions: Our results indicate consistent and promising findings of interventions using mHealth apps that target care
management in breast cancer. Among the categories of mHealth apps focusing on survivorship, mHealth-based interventions
showed a positive effect by promoting weight loss, improving the quality of life, and decreasing stress. There is conflicting and
less conclusive data on the effect of mHealth apps on psychological dimensions. We advocate further investigation to confirm
and strengthen these findings. No consistent evidence for the impact of interventions using mHealth apps in breast cancer prevention
and early detection was identified due to the limited number of studies identified by our search. Future research should continue
to explore the impact of mHealth apps on breast cancer care to build on these initial recommendations.
(JMIR Mhealth Uhealth 2019;7(2):e10930) doi:10.2196/10930
KEYWORDS
breast cancer care; breast cancer management; breast cancer prevention; breast cancer survivorship; mobile applications; mHealth
applications

Introduction
Mobile health (mHealth) is a method to deliver health care or
related services through portable devices [1] and is broadly
accessible and often freely delivered in the app stores of app
http://mhealth.jmir.org/2019/2/e10930/
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providers. The online app market is open to developers and
allows them to sell or provide their apps free of charge. The
current estimates suggest that there are more than 40,000
mHealth apps [2]. According to a recent report by Grand View
Research, Inc., the global mHealth market is expected to reach
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US $111.8 billion by 2025, and there is a growing need to reduce
long waiting periods to access health care services, which is the
primary driver responsible for the adoption of mHealth [3].

Methods

mHealth apps are extremely relevant for both industrialized
nations and developing countries, as they provide extended
access to health care and health-pertinent information in a
cost-effective way [4]. Scholars and health care professionals
have shown interest in this new technology, and the use of
mHealth in clinical settings is increasing widely [5]. Recent
reviews showed that in cancer care, mHealth apps have been
employed to promote prevention, improve early detection,
manage cancer care, and support cancer survivors [5,6].
Furthermore, research-tested apps offer the unique possibility
of providing accessible information and education at minimal
costs throughout the cancer care continuum [5].

An extended bibliographic search was conducted in the Medline,
PsycINFO, Embase, and Scopus databases. The following search
string was used: ((phone OR mobile OR smartphone*) AND
(app* OR application*)) AND ((breast* OR mammary) AND
(cancer* OR neoplasm* OR carcinom* OR tumor*)).

Despite their impressive and promising potential, the utility and
effectiveness of this e-health technology remain unclear.
Scholars have reviewed the use of mHealth apps in several fields
[4,7-10]. Mobasheri et al [4] reviewed 158 mHealth apps for
breast cancer and found that there is a lack of evidence on their
utility, effectiveness, and safety. Most mHealth apps lack expert
involvement and do not adhere to relevant medical evidence or
reflect patients’ needs [11]. In addition, given the large number
of available mHealth apps, it seems unrealistic to test each app
thoroughly and scientifically before its release [4,5]. A recently
developed mHealth app had negative effects on patients,
augmenting their anxiety after breast cancer surgery [12]. The
mHealth app aimed at providing extensive information to
patients; however, the control patients, who did not use the
application, had lower anxiety levels than the test patients, which
correlated to higher quality of life in the former group [12].
The possibilities to enhance positive health outcomes and
promote patients’ feelings of control over their health through
the use of mHealth technology should be fully explored and
tailored to patients’ needs [13-15]. Scholars and stakeholders
advocate for more medical professional involvement, inclusion
of patients’ preferences, and specific regulations [4].
The need for integration between research-tested and privately
developed mHealth apps has been widely stressed, as such
integration plays a crucial role in achieving the necessary
fundamentals of effective, evidence-based care [10,16,17].
Research should provide a scientific basis to build elements that
can be effective for patient care. It is especially important to
know which mHealth app has been scientifically tested and
provides an overview of the interventions using mHealth apps.
Our focus is on mHealth apps in breast cancer care. The present
review aimed to provide an overview of the available evidence
on research-tested interventions using mHealth apps in breast
cancer care. Our findings aim to provide valuable information
to health care professionals, mHealth apps developers, breast
cancer patients, and other stakeholders on the characteristics of
existing research-tested apps used in breast cancer care,
including their advantages and pitfalls, in order to correctly,
effectively, and safely support breast cancer patients.

http://mhealth.jmir.org/2019/2/e10930/

XSL• FO
RenderX

Search Strategy and Selection of Articles

The search was limited to studies published from January 2008
(when the first mobile phone app was created) to September
2018. The review was registered in PROSPERO with the
registration number CRD42017056239. All detected articles
were screened according to the following inclusion criteria:
original studies, English language, studies that include the use
of an mHealth app, studies that include patients’ use of an
mHealth
app,
and
studies
that
concern
the
prevention/detection/care management/survivorship of breast
cancer. We excluded studies that used websites, text messaging,
emails, or other technological interventions that did not include
mobile apps and studies that used mobile apps without applying
them to breast cancer patients (eg, health care professionals that
use mHealth apps).

Data Collection and Extraction Process
A data-extraction form was developed on basis of the Centre
for Reviews and Dissemination templates [18]. Two reviewers
independently extracted the data from the included studies by
using the extraction form. Disagreements in data extraction
were resolved through discussions between the authors until an
agreement was reached. Relevant articles were then selected by
cross-examining and reviewing the articles. Data collected
included information on authors, publication date, intervention’s
features, study design, sample size, outcome measures, and
results. The quality of the quantitative studies was evaluated
independently by two researchers using the Effective Public
Health Practice Project Quality Assessment Tool for
Quantitative Studies [19]. This tool provides a standardized
means to assess the quality of a quantitative study, leading to
an overall methodological rating of strong, moderate, or weak
in eight sections: selection bias, study design, confounders,
blinding, data-collection methods, withdrawals and dropouts,
intervention integrity, and analysis. The quality of the qualitative
studies was evaluated using the Joanna Briggs Institute Critical
Appraisal Checklist for Qualitative Research [20]. This
instrument is underpinned by a multi-dimensional concept of
quality in research, and the 10 items assess quality according
to several domains including quality of reporting,
methodological rigor, and conceptual depth and bread.
Discordances in quality rating were resolved through discussion
between the researchers.

Results
Study Selection
The results of the systematic search are summarized in Figure
1 in accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses [21]. We identified a
total of 256 articles (100 from Medline, 9 from PsycINFO, 230
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10930 | p.195
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
from Embase, and 129 from Scopus), from which we excluded
212 duplicates. Abstracts and titles were screened to identify
articles discussing an intervention using an mHealth app for the
care of patients with breast cancer, and 69 such articles were
found. Further screening on the basis of the entire text according
to our inclusion and exclusion criteria led to a final selection of
29 articles.

Study Characteristics
The 29 studies identified were published between 2011 and
2018. Majority of the studies (n=12) focused on apps for breast
cancer care management, 10 focused on survivorship, and 7
focused on prevention and early detection.

Jongerius et al
Ten of the 29 studies were randomized controlled trials, 8 were
prospective cohort studies, 7 were cross-sectional studies, and
4 used qualitative analysis. Using the Quality Assessment Tool
for Quantitative Studies [19], 10 studies were rated as strong;
9, as moderate; and 6, as weak. The 4 qualitative studies
assessed using the Critical Appraisal Checklist for Qualitative
Research [20] revealed a methodological quality that allowed
their inclusion in the review. Two of the 29 studies focused on
the use of an mHealth app in breast cancer prevention, 5 targeted
early detection, 12 were on care management, and 10 focused
on survivors of breast cancer. The sample included in the studies
comprised adult patients in different countries with different
ethnic backgrounds: 14 studies in North America, 8 in Europe,
and 6 in Asia. Table 1 provides a summary of the features of
the included studies.

Figure 1. Flow diagram of identification, screening, eligibility, and inclusion of studies.
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Table 1. Description of the characteristics of the studies presented in the reviewa.
Characteristics
and studies

Intervention target

Sample size

Duration & Intervention components
follow-up

Outcome measures

Study
qualityb

Prevention
Alanzi et al To create aware[23] (2018) ness about breast
cancer

Intervention
group:
N=96; Control group:
N=95

4 weeks;
Measurements at
baseline
and at 4week follow-up

Hartman et Weight loss
al [22]
(2016)

Intervention 6 months
group:
N=36; Usual
care group:
N=18

SnapChat app: breast cancer awareness
18-item questionnaire on Moderate
information on mobiles, covering knowl- breast cancer awareness
edge about breast cancer, its symptoms,
diagnosis process, and available treatments. New information provided three
times each week
Combined technology-based self-monitor- Weight and acceleromeing tools with individualized phone calls: ter-measured physical
Electronic calorie-counting tool (MyFit- activity
nessPal); 12 phone calls (30 minutes each)
over 6 months; Accelerometer-based activity meter that provides real-time feedback
on the number of steps taken and minutes
of moderate-intensity activity (Fitbit)

Strong

Early detection
Eden et al To help women in N=75
[24] (2015) their 40s gain
deeper insights into
their priorities for
screening and prepare them to discuss mammography screening with
their health care
providers

Before and
after use of
the app
(same day)

Heo et al
To encourage
N=45
[25] (2013) breast self-examination

Before and A mobile phone app developed with
Survey: increased breast
after use of functions including a breast self-examina- self-examination
the app
tion date alarm, a reminder to encourage
mother and daughter to practice breast
self-examination together, record keeping,
and educational content with video clips

Keohane et To improve risk
al [26]
perception
(2017)

MeasureA mobile phone app displaying data on
ments be- risk of developing breast cancer as well
fore the
as risk of carrying the BRCA gene
counseling
session
(T1), after
the counseling

Intervention
group:
N=42; Usual
care group:
N=42

The decision aid (Mammopad) included
educational modules on breast cancer,
mammography, risk assessment, and priority setting about screening

Decisional conflict; Deci- Moderate
sion self-efficacy scale

Weak

IBISc Breast Cancer Risk Strong
Evaluation; Perception of
risk: “Patient Survey on
Risk Perception of Breast
Cancer and Health Literacy”

session
(T2), and 6
weeks later
(T3)
Lee et al
To increase knowl[27] (2017) edge and awareness and promote
mammogram
screening

Intervention
group N=60
Usual care
group N=60

1 week;
Measurements at
baseline, 1
week, and
6 months

mMammogram: Each day participants received 8-21 messages covering various
topical areas, including breast cancer,
screening guidelines, and types of screening; breast cancer risk factors; individual,
structural, and cultural barriers to screening; communication strategies; follow-up
for test results; and information on local
clinics. Messages followed a trajectory
from basic knowledge building to specific
strategies aimed to enhance motivation for
and access to mammography

Knowledge, attitudes,
Strong
and beliefs about breast
cancer screening, readiness for mammography,
and mammogram receipt;
Feasibility and acceptability of the mMammogram
intervention

Care management
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Characteristics
and studies

Intervention target

Sample size

Lee et al
To increase knowl- N=14
[28] (2018) edge and awareness and promote
mammogram
screening

Egbring et
al [29]
(2016)

RenderX

Duration & Intervention components
follow-up
1 week

Collection of paControl
3 visits
tient-reported daily group:
functional activity N=41; Unsupervised intervention
group:
N=45; Supervised intervention
group: N=41

Outcome measures

mMammogram: Each day participants re- Thematic analysis was
Included
ceived 8-21 messages covering various
used to analyze data from
topical areas including breast cancer,
focus groups
screening guidelines, and types of screening; breast cancer risk factors; individual,
structural, and cultural barriers to screening; communication strategies; follow-up
for test results; and information on local
clinics. Messages followed a trajectory
from basic knowledge building to specific
strategies aimed to enhance motivation for
and access to mammography
Mobile and Web app to record daily
functional activity and adverse events:
Patients could report daily functional activity or symptoms with indication of
severity

Intervention
group:
N=13; Control group:
N=26

MeasureAn iPad app containing tailored informament one
tion on surgery pertaining to individual
day before, patients
one day after, and 7
days after
surgery

Harder et
al [39]
(2017)

N=3

8 weeks;
Measurement at the
end of the
study

Hwang
To communicate
[30] (2016) and share images
of the wound postoperatively

Intervention
group:
N=35; Control group:
N=37

1, 3, 7, and A virtual care platform that consists of a
14 days af- mobile phone app and secure passwordter surgery protected online account (Medeo app).
Patients can take photos of their wounds
postoperatively and send them to the surgeon using the mobile phone app. The
surgeon then responded to each patient
message within 24 hours.

Kim et al
To collect and
[31] (2016) track daily mental
health indicators
for depression

N=78

48 weeks

To optimize selfmanagement of
arm and shoulder
exercises for upper-limb dysfunction after breast
cancer treatment

Study
qualityb

Foley et al To decrease anxi[12] (2016) ety levels of patients undergoing
surgery through
educational materials
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XSL• FO

Jongerius et al

Functional activity; East- Strong
ern Cooperative Oncology Group scoring; Common Terminology Criteria for Adverse Events

Mini-Mental Adjustment Moderate
to Cancer questionnaire;
Hospital Anxiety and
Depression Scale; Information Satisfaction
Questionnaire

bWell is an evidence-based program providing progressive exercises for passive
and active mobilization, stretching, and
strengthening.

Questionnaire capturing Weak
users’ feedback and evaluating content, functionality (including ratings),
App features include tailored information, and explored areas of
improvement
video demonstrations of the exercises,
push notifications, and tracking and
progress features
Less readmission to the Moderate
hospital; Use of mobile
phone app for question;
Improved perceived care

A mobile mental health tracker (part of
Patient Health Question- Moderate
Pit-a-Pat app) that uses three daily mental naire-9; Adherence level
health ratings (sleep satisfaction, mood,
and anxiety) as indicators for depression

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10930 | p.198
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Characteristics
and studies

Duration & Intervention components
follow-up

Outcome measures

4 weeks;
Measurement at
baseline, 2
weeks, and
4 weeks

A web component (HealthWeaver website) to manage personal and health issues.
It provides a calendar to manage healthrelated events; functionality for organizing
notes, lists, bookmarks, and care-related
files; a tracking system for symptoms,
pain, and well-being; and logs for medications, supplements, and the care of postsurgery wounds. A mobile component
(HealthWeaver Mobile) through which
patients can create, edit, and view the information stored in the website; share
them with family members and health care
professionals; create photo, audio, and text
notes and link those notes to related appointments; and synchronize the app calendar to the phone’s calendar app

Qualitative thematic
Included
analysis of interviews (at
2 weeks and 4 weeks) +
demographics and experience with technology
questionnaires (at baseline)

Min et al
Sleep disturbance- N=30
[32] (2014) related data collection from breast
cancer patients receiving chemotherapy

90 days

App (Pit-a-Pat) developed to self-report Compliance to use of
three health experiences that may be
mobile app
caused by breast cancer diagnosis and
treatments: sleep-disturbance symptoms
related to mild depression, acute symptoms related to cytotoxic chemotherapeutic
agents, and medication diary for antihormonal treatment

Rosen et al To decrease physi[37] (2018) cal and psychological distress and improve the quality
of life

Intervention
group:
N=57; Control group:
N=55

8 weeks;
Measurement at
baseline,
during intervention
(5‐
weeks), after intervention (9‐
weeks),
and follow‐up
(12‐
weeks)

Mindfulness meditation training was delivered through a commercially available
mindfulness app (Headspace) that uses
audio and animated video

The Brief Pain Invento- Strong
ry‐Short Form-32; The
Brief Health Literacy
Screening Tool; The
eHealth Literacy Scale;
Functional Assessment
of Cancer Therapy—Breast version;
Mindful Attention
Awareness Scale; App
utilization

Wallwiener Tablet-based meaet al [38]
surement app for
(2017)
EORTC QLQ-

N=106

Not available

e-Patient-Reported Outcome versions of

Electronic and paperbased versions of the
health-related quality of

Klasnja et
al [34]
(2011)

Intervention target

Sample size

Jongerius et al

Manage care-relat- N=9
ed information

C30d
Weaver et
al [33]
(2014)

Real-time sympN=26
tom monitoring of
patients receiving
oral chemotherapy
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d

Study
qualityb

the EORTC QLQ-C30 questionnaires

Moderate

Strong

life EORTC QLQ-C30d
questionnaire
8 times for
3 weeks

Patients completed a symptom, tempera- Medication dose and
ture, and dose diary twice a day using a
monitoring side effects
mobile phone app. This information was
encrypted and automatically transmitted
in real time to a secure server, with moderate levels of toxicity automatically
prompting self-care symptom management
messages on the screen of the patient’s
mobile phone or in severe cases, a call
from a specialist nurse to advice on care
according to an agreed protocol

Weak
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Characteristics
and studies

Intervention target

Sample size

Jongerius et al
Duration & Intervention components
follow-up

Outcome measures

Study
qualityb

Zhu et al
To address womN=13
[35] (2018) en’s self-efficacy,
social support,
symptom distress,
quality of life, anxiety, and depression

12 weeks;
Measurements at
the end of
intervention

Breast Cancer e-Support with four compo- Inductive content analynents: a Learning forum, a Discussion fo- sis of the interviews
rum, an Ask-the-Expert forum, and a Personal Stories forum.

Included

Zhu et al
To address wom[36] (2018) en’s self-efficacy,
social support,
symptom distress,
quality of life, anxiety, and depression

Intervention
group:
N=55; Control group:
N=49

12 weeks;
Measurements at
baseline,
after 3
months,
and after 6
months

Breast Cancer e-Support with four components: a Learning forum, a Discussion forum, an Ask-the-Expert forum, and a Personal Stories forum.

N=40

5 days

Time-use measurement app (Life in a Day) Questionnaire assessing Moderate
functionality and satisfaction with the time use
app and Frequency of
Forgetting scale

4 weeks

Intervention delivered through MyGuide
app, focused on enhancement of psychosocial adaptation after breast cancer; cancer
knowledge; stress awareness and management; social support; and communication
with friends, family, and oncology
providers.

Self-efficacy: Stanford
Strong
Inventory of Cancer Patient Adjustment; Social
support: Multidimensional Scale of Perceived Social Support; Symptom
distress: MD Anderson
Symptom Inventory;
Quality of life: Functional Assessment of Cancer
Treatment-Breast; Anxiety and depression: Hospital Anxiety and Depression Scale

Survivorship
Ainsworth
et al [44]
(2018)

To measure time
use to further research testing on
how to optimize
physical activity
promotion

Buscemi et To increase health- N=25
al [48]
related quality of
(2018)
life in Hispanic
breast cancer survivors

Functional Assessment
Moderate
of Cancer Therapy–General Seven Engagement;
Acceptability survey;
Knowledge about Breast
Cancer questionnaire

Two to three 15-minute telecoaching calls
to facilitate adherence to the MyGuide app
Fazzino et
al [40]
(2015)

Weight loss
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N=186

6 months

Three-phase intervention: a 6-month
Qualitative thematic
weight-loss phase (0-6 months) where all analysis
participants received weekly group phone
sessions, a 12-month weight-loss maintenance phase (6-18 months) in which participants were randomized to continue
group phone sessions or a newsletter
comparison condition, and a 6-month nocontact follow-up phase (18-24 months)
to evaluate the sustained effects

Included
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Characteristics
and studies

Intervention target

Sample size

Outcome measures

Study
qualityb

To improve psycho- N=15
logical and physical symptoms of
depression, anxiety, stress, fear of
recurrence, cognitive functioning,
sleep, fatigue, pain,
and quality of life

6 weeks;
Measurements at
baseline
and at 6‐
week follow‐up

The mMBSR(BC)e providing a 2‐hour
session intervention weekly for 6 weeks
via iPad.

LozanoLozano et
al [45]
(2018)

To assess, monitor, N=20
and facilitate adherence to healthy
lifestyles

8 days

The BENECAf mHealth app records diet
and physical exercise and provides daily
notification about energy balance and
physical activity and dietary recommendations

Physical activity measured with tri-axial accelerometers; Dietary
habits: dietary records
and 24-hour dietary recalls

McCarroll
et al [41]
(2015)

Lifestyle program
on nutrition quality, physical activity, and eating selfefficacy

4 weeks

A “beta” health care provider version of
the app LoseIt! to deliver a comprehensive
lifestyle program with emphasis on nutrition quality, physical activity, and eating
self-efficacy by a multidisciplinary team
that provided real-time feedback notifications

Body mass index; Waist Moderate
circumference; Anthropo-

10 weeks;
Measurement at
baseline
and after
intervention

A combined mobile phone app (MapMyFitness) and Facebook-delivered health
behavior change intervention

Physical Activity Readi- Weak
ness Questionnaire; Acceptability survey; Physical activity levels/energy
expenditure via Acti-

Intervention 12 weeks
group:
N=179; Control group:
N=177

Mobile phone exercise app (Smart After
Care) and an InBodyBand pedometer

Uhm et al To improve physi[42] (2016) cal function and
quality of life

http://mhealth.jmir.org/2019/2/e10930/
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Duration & Intervention components
follow-up

Lengacher
et al [47]
(2018)

N=50

Pope et al To improve physio- N=10
[46] (2018) logical, psychosocial, and quality of
life outcomes

XSL• FO
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Fatigue Symptom Inven- Weak
tory; Brief Pain Inventory; Pittsburgh Sleep
Quality Index; Center for
Weekly modules on formal meditative
Epidemiological Studies
techniques (sitting meditation, walking
Depression Scale;
meditation, body scan, and gentle Hatha
State‐Trait Anxiety Inyoga) via video files and lectures in inforventory; Perceived Stress
mal meditative techniques (integrating
Scale; Concerns about
mindfulness into daily life activities) via
Recurrence Scale; Everyaudio files
day Cognition; Five
Facet Mindfulness Questionnaire; Medical Outcomes Studies Short‐
Form; Acceptability and
usability ratings
Weak

metrics; FACT-Gf;
Macronutrient consumption; Physical activity
patterns; Weight Efficacy
Lifestyle questionnaire

graph GT3Xh + accelerometer; Weight and
body fat percentage; Cardiovascular fitness (YMCA 3-min Step Test);
Patient Reported Outcome Measurement Information System; Self-efficacy for exercise scale;
Adaptation of the Patient-Centered Assessment and Counseling for
Exercise questionnaire;
5-item physical activity
enjoyment measure; 14question measure on
physical activity barriers;
Outcome expectancy
International physical ac- Strong
tivity questionnaire short
form; EORTC-QLQC30d; Quality of Life
Questionnaire - Breast
Cancer Module 23
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Characteristics
and studies

a

Intervention target

Sample size

Jongerius et al
Duration & Intervention components
follow-up

Outcome measures

Study
qualityb

Valle et al Weight gain pre[43] (2017) vention intervention in AfricanAmerican breast
cancer survivors

Intervention
group:
N=11; Intervention + activity monitoring group:
N=13; Control group:
N=11

Baseline, 3
months,
and 6
months

Both intervention groups received a face- Weight change and daily Strong
to-face individual session; a Bluetooth and self-weighing perception
Wifi-enabled wireless scale with access
to a companion mobile app and website
with graphs of weight trends; 24 weekly
email-delivered behavioral lessons; and
24 weekly emails with tailored feedback
on self-weighing and weight data

Visser et al To provide profes[49] (2018) sional and peer
support to breast
cancer survivors

Intervention
group:
N=59; Control group:
N=50

3 months

My-GMC intervention: a face-to-face
group medical consultation combined with
an online app, providing three online support group sessions and additional information

Measurements at
baseline (1
week prior
to the visit)
(T0), 1
week (T1),
3 months
(T2), and 6
months after the visit
(T3)

Symptom Checklist-90;
Dutch Empowerment
Questionnaire for breast
cancer patients; Cancer
Worry Scale; EORTC-

Strong

QLQ-C30d; EORTCBR23g; Medication Adherence Report Scale;
Self-reported usage
statistics; QUOTEh questionnaire; Interventionspecific questions

A detailed table showing features of the extracted studies is available in Multimedia Appendix 1.

b

The quality of the study was rated using the Effective Public Health Practice Project Quality Assessment Tool for Quantitative Studies [19] and the
Joanna Briggs Institute Critical Appraisal Checklist for Qualitative Research [20].
c

IBIS: International Breast Cancer Intervention Study.

d

EORTC-QLQ-C30: European Organization for Research and Treatment Cancer Quality of Life Questionnaire - Core 30.

e

mMBSR(BC): mobile Mindfulness-Based Stress Reduction for Breast Cancer.

f

FACT-G: Functional Assessment of Cancer Therapy - General.

g

EORTC-BR23: European Organization for Research and Treatment Cancer Quality Of Life Questionnaire - Breast Cancer Module.

h

QUOTE: Quality of Care Through the Patient’s Eyes

mHealth in Breast Cancer Prevention and Early
Detection
We identified 7 papers in the area of breast cancer prevention
and early detection [22-28]. Hartman et al [22] designed a
randomized study to test a weight-loss intervention to reduce
the risk of breast cancer. The intervention combined
technology-based self-monitoring apps with individualized
phone calls. In particular, the intervention entailed an electronic
calorie-counting tool, an accelerometer-based activity meter
that provides real-time feedback of the number of steps taken
and minutes of moderate-intensity activity, and 12 phone calls
(30 minutes each) over the 6-month intervention period. After
6 months, the 36 participants in the experimental group had lost
significantly more weight and a greater percentage of starting
weight than the control group.
SnapChat, a social networking mobile app used to deliver
educational material on breast cancer through videos, texts, and
pictures, increased breast cancer awareness among female
students in the Dammam region of Saudi Arabia [23]. Eden et
al [24] studied decisional conflict and self-efficacy in 75 women
before and after the use of a mammography screening decision
aid in the form of an mHealth app and showed that the use of
the mHealth app decreased the decisional conflict and increased
the decisional self-efficacy. Heo et al [25] developed an mHealth
http://mhealth.jmir.org/2019/2/e10930/

XSL• FO
RenderX

app to encourage breast self-examination. The mHealth app
included a breast self-examination reminder, a record-keeping
function, and educational features. After using the app, the
number of participants who practiced breast self-examination
increased from 28 to 32. However, participants below the age
of 30 years performed a significantly higher number of breast
self-examinations and more appropriate self-examinations than
participants aged above 30 years.
An mHealth app developed to convey risk information to
patients attending a high-risk breast cancer clinic resulted in
increased accuracy in risk perception compared to standard risk
counselling [26]. Lee et al [27] tested the efficacy and feasibility
of mMammogram, an intervention entailing tailored multimedia
messages to increase knowledge and awareness and promote
mammogram screening among Korean-American immigrant
women. The intervention group showed greater knowledge of
breast cancer and screening guidelines, readiness for
mammography use, and greater satisfaction with the
intervention. At the 6-month follow-up, 75% of women who
received the mMammogram intervention completed the
mammograms compared to 30% of the women in the control
group. Focus groups with women in the intervention group
supported the fact that mMammogram enhanced the
understanding of breast cancer and screening through
mMammogram and that health navigators promoted free or
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10930 | p.202
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low-cost mammograms and scheduling of mammogram
appointments [28].

mHealth and Care Management
A total of 12 papers investigating the use of mHealth apps in
breast cancer care management emerged from our review and
focused on care management and monitoring of treatment side
effects [29-33]; personal data management [34]; psychological
aspects, social support, and health-related quality of life [35-38];
physical activity [39]; and educational aspects [12]. The mHealth
apps that included the monitoring and care management of
treatment side effects covered wound monitoring [30], sleep
quality collection [32], daily functional activity stabilization
[29], mental health tracker [31], and chemotherapy dose
adaptation [33]. These apps were developed for and focused on
reliable collection and communication of relevant breast cancer
data from patients and oncologists.
In the Hwang’s study [30], a postoperative wound e-monitoring
app significantly decreased the number of readmissions to the
hospital, unscheduled visits to the emergency department, or
walk-in clinic visits. The mHealth app intervention is a virtual
care platform that consists of a mobile phone app and secure
password-protected online account that allowed patients to take
a photo of their wounds postoperatively, attach the photos to
electronic messages, and send them to the surgeon using the
mobile phone app. The surgeon then responded to each patient’s
message within 24 hours. A vast majority (95%) of patients felt
that electronic wound monitoring improved their care and would
recommend such technologies to a friend or colleague. Min et
al [32] analyzed the feasibility of and compliance with an
mHealth app for collection of sleep disturbance-related data
from breast cancer patients receiving chemotherapy. Participants
self-recorded three health experiences—sleep-disturbance
symptoms related to mild depression, acute symptoms related
to cytotoxic chemotherapeutic agents, and medication diary for
antihormonal treatment—that may be caused by breast cancer
diagnosis and treatments. The overall compliance during the
90-day longitudinal collection of daily self-reporting of
sleep-disturbance data was approximately 45%, confirming the
feasibility of the intervention; women without any form of
employment exhibited a higher compliance rate. No other
association between patient characteristics and compliance was
found. An intervention using an mHealth app on patient-reported
daily functional activity in both supervised and unsupervised
settings showed that the use of the mHealth app in collaboration
with physicians was associated with stabilized daily functional
activity and fewer and more precise entries than the
unsupervised use of the mHealth app. The mHealth and Web
app allows patients to record daily functional activity or
symptoms with an indication of severity [29]. Kim et al [31]
evaluated the validity and screening performance of an mHealth
app for depression, which collected self-reported mental health
ratings from patients with breast cancer. The app tracked three
mental health indicators for depression (sleep satisfaction, mood,
and anxiety) daily, and the results strongly supported the
potential of a mobile mental health tracker as a tool for screening
depression in patients with breast cancer. An mHealth app
developed to collect and monitor real-time symptoms in patients
receiving oral chemotherapy showed that both patients and
http://mhealth.jmir.org/2019/2/e10930/
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oncologists felt reassured by the use of the mHealth app [33].
In the intervention, patients were required to complete a
symptom, temperature, and dose diary twice a day using an
mHealth app. This information was encrypted and automatically
transmitted in real time to a secure server, with moderate levels
of
toxicity
automatically
prompting
self-care
symptom-management messages on the screen of the patient’s
mHealth phone or in severe cases, a call from a specialist nurse
to advice about care according to an agreed protocol [33].
Klasnja et al [34] tested the feasibility of an mHealth app for
data management. The mHealth app included a web component
and a mobile component. Using the mHealth app, patients could
create, edit, and view the full range of information stored in the
website and share them with family members and health care
professionals. In addition, patients could create photo, audio,
and text notes to quickly capture information and immediately
link those notes to related appointments. The mobile app
synchronized the app calendar to the phone’s native calendar
app, allowing patients see their care events alongside their other
commitments. Their study highlighted an empowering effect
of mHealth analysis.
Harden et al [39] developed bWell, a mobile phone application
intervention to optimize self-management of arm and shoulder
exercises for upper-limb dysfunction after breast cancer
treatment. User testing demonstrated ease of use along with
clear, engaging, and motivating content.
Zhu et al explored the effectiveness of Breast Cancer e-Support,
an app-based program, to address women’s self-efficacy, social
support, symptom distress, quality of life, anxiety, and
depression [35,36]. The app-based intervention was found to
be more effective than usual care in promoting women’s
self-efficacy and quality of life and decreasing symptom burden
during chemotherapy. The mHealth app did not show any
advantage over usual care in terms of social support, symptom
severity, anxiety, and depression. In addition, the beneficial
effects were not sustained at the 6-month follow-up [36].
Analyzing qualitative interviews, Zhu et al [35] highlighted that
participants perceived the program to be helpful in enhancing
knowledge, improving confidence level, and promoting
emotional well-being. The most prominent benefit was access
to tailored advices from experts, whereas the barriers to use
were the physical or psychological health status and app
instability. Participants suggested implementing message
reminders and a search engine to add more interesting and
practical knowledge and updating the information more often.
The use of a mindfulness meditation training delivered through
a commercially available mindfulness app called Headspace
that uses audio and animated video improved quality of life and
decreased physical and psychological distress [37]. Wallweiner
et al [38] analyzed the reliability of a tablet-based measurement
app for the European Organization for Research and Treatment
Cancer Quality of Life Questionnaire - C30, a measure of
health-related quality of life in patients with metastatic breast
cancer. The electronic version of this measure was reliable for
patients with both adjuvant and metastatic breast cancer,
showing a high correlation in almost all questions of the
questionnaire.
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Foley et al [12] educated patients about breast cancer surgery
by using an mHealth app that provided information on the
surgery procedure tailored to individual patients. They found
that at 7 days after surgery, participants who were more educated
about their breast cancer surgery procedure experienced more
anxiety than the control participants.

mHealth in Survivorship
In this review, we identified 10 studies focusing on the use of
mobile phone apps among breast cancer survivors. All 10 studies
aimed at assessing lifestyle changes, in particular, improving
physical activity and reinforcing weight loss [40-46]; reducing
stress [47]; improving health-related quality of life [46,48]; and
providing information, support, and attention for psychosocial
issues [49]. Of the 10 studies, 4 found significant effects of the
mHealth apps on weight loss [41-43,46]. McCarroll et al [41]
assessed a 1-month lifestyle intervention using a Web and
mHealth weight-loss app called LoseIt! This intervention placed
emphasis on the nutritional quality and physical activity and
showed significant reductions in body weight and improvements
in eating self-efficacy.
Uhm et al [42] tested and compared a 12-week home-based
program of aerobic and resistance exercises using a mobile
phone exercise app and a pedometer with a conventional
exercise program using a brochure. Physical function, physical
activity, and quality of life significantly improved regardless
of the intervention method, and changes were not significantly
different between the two interventions. The feasibility and
preliminary efficacy of two self-regulation interventions using
the mHealth app and website as well as tailored feedback emails
to prevent weight gain among African-American breast cancer
survivors were evaluated [43]. The interventions focused on
daily self-weighing and used objective monitoring and tailored
feedback about weight and physical activity. Both the
interventions were successful in controlling weight, and both
intervention groups indicated highly positive perceptions about
the intervention; in addition, 100% of participants would
recommend the program to other breast cancer survivors.
Preliminary findings of an intervention combining the use of a
mobile phone app and Facebook-delivered health education
material showed an increase in physical activity and decrease
in weight and body fat percentage [46]. Fazzino et al [40]
performed a thematic qualitative analysis and identified themes
related to successful weight loss in breast cancer survivors
undertaking a group phone-based weight-loss intervention.
Examples of themes that emerged are the importance of being
part of a group and internal motivation. BENECA mHealth, an
application for remotely assessing and monitoring energy
balance in breast cancer survivors, showed positive agreement
with daily, 24-hour dietary recalls and accelerometer data [45].
Ainsworth et al [44] assessed the acceptability of a 5-day trial
of a mobile phone app for measuring time use in order to inform
physical activity measurement and promotion interventions.
Majority of the participants agreed that learning to use the app
was easy, and most preferred to use the app over the
paper-and-pencil diary method of record. The 6-week
mindfulness-based stress reduction for the breast cancer program
delivered via a tablet proved to significantly improve the
psychological and physical symptoms of depression, state
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anxiety, stress, fear of recurrence, sleep quality, fatigue, and
quality of life [47]. Buscemi et al [48] pilot-tested a mobile
phone-based intervention to boost health-related quality of life
in Hispanic breast cancer survivors in the United States.
Participants’ knowledge on breast cancer and health-related
quality of life increased over the course of the 4-week
intervention. A mobile phone app combined with a social
media-delivered health behavioral change intervention promoted
the improvement of several physiological, psychosocial, and
quality of life outcomes over the course of 10 weeks [46]. For
example, it improved physical activity and the ability to engage
in social roles [46]. The blended care intervention My-GMC,
which combines a face-to-face group medical consultation with
an online app, positively influenced provision of information,
support, and attention for psychosocial themes. However, no
significant effects on psychological distress and empowerment
were observed as compared to usual care [49].

Discussion
Considering the increasing number of mHealth apps available
to patients and their increasing use in breast cancer care, it is
important to understand their effects. Therefore, we conducted
a systematic review on studies that scientifically tested
interventions using an mHealth app for breast cancer care. We
identified a total of 29 studies, which encompassed important
phases in breast cancer care and addressed prevention and
survivorship.
Overall, the results of the studies on the mHealth apps for breast
cancer care were promising. Majority of the identified studies
in patients’ care management showed a positive impact of the
use of mHealth apps. Many hopeful opportunities offered by
the mHealth apps rely in the amelioration of the communication
process between patient and doctors, favoring an effective
exchange of information [33,34]. Positive effects of
mHealth-based interventions on health-related quality of life
[36,38] and stress reduction [37] have been reported among
patients receiving treatment. However, the role of
mHealth-based interventions in the psychological impact of
treatment is unclear. Only two studies addressed this topic
[12,36] but showed no advantage of social support, anxiety, and
depression [36] and highlighted an alarming detrimental effect
of providing educational material about surgery treatments on
patients’ anxiety levels [12].
The number, quality, and findings of studies identified by our
search highlight the fact that mHealth technology may play a
relevant role in the care of breast cancer survivors. Evidence
points to a positive effect of mHealth-based interventions on
promoting weight loss [41-43,46], stemming stress, and
sustaining the quality of life [44,46,48,49]. However, no
convincing data are available on the benefit of mHealth for
enduring adverse psychological sequel [46,49]. The restricted
number of studies and methodological differences partially
account for the heterogeneity of results.
mHealth technology may result in interesting opportunities to
improve the lifestyle of individuals at risk of breast cancer and
support the spread of knowledge and awareness of breast cancer.
However, there is no consistent evidence of the impact of
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interventions using mHealth apps in breast cancer prevention
and early detection due to the limited number of studies
identified by our search. Despite the high quality of the studies,
only one study considered an mHealth-based intervention in
breast cancer prevention [22], and therefore, no strong
conclusion can be drawn.
Several aspects have to be considered, as they may limit the
generalizability of our results. The heterogeneity in the focus
of the included studies may affect the strength of our results
and conclusions. Regarding the design and quality of the studies
included in our study, a considerable number of studies were
feasibility or pilot studies [25,32,33,41,43], which restricted the
strength of their results. The data indicate that more evidence
is needed to clarify the benefit of mHealth technology for breast
cancer care. Examples of the need for more evidence are
provided in the studies of Foley et al [12] and Heo et al [25],
who found that the effects of their mHealth apps were contrary
to what they intuitively expected based on the literature on the
effect of education in managing treatment side effects and
facilitating adaptation in women with breast cancer [50,51].
Foley et al [12] hypothesized that more information regarding
breast cancer would decrease anxiety levels before and after
breast cancer surgery. However, their preliminary results showed
that women who used the mHealth app experienced higher
anxiety levels at 7 days after the surgery than women in the
control group. Similarly, Heo et al [25] hypothesized that the
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use of the mHealth app would augment women’s intentions to
regularly perform breast self-examination. This appeared to be
true only for women younger than 30 years of age. In contrast,
in women older than 30 years, the intention to perform a breast
self-examination decreased. A possible explanation of these
results may lay in the study design, the sample size, the method
used to deliver the program, or the outcomes’ measures.
Despite the aforementioned limitations, the present study shows
promising results for the inclusion of mHealth apps in breast
cancer care, but also calls for caution when implementing
interventions using mHealth technology. The effects of using
mHealth apps in the field of breast cancer are only recently
explored and may be unpredictable. Few evidence-based
interventions are described in the literature, and therefore, there
is a need for good-quality clinical studies to guide future
implementations.
Our considerations build upon previous evidence highlighting
the need for strict regulations in this field and a solid integration
between privately tested and research-tested mHealth apps [4,6].
Breast cancer patients should, at all times, be safely assisted
with regard to effective management of their health. Therefore,
apps need to be extensively research tested before making them
available to the public. Scientifically sound data are needed to
draw strong conclusions on the utility, effectiveness, and safety
of mHealth apps in breast cancer care.
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Abstract
Background: Young people living with juvenile idiopathic arthritis (JIA) face a number of communication barriers for achieving
optimal health as they transition from pediatric care into adult care. Despite growing interest in mobile or wireless technologies
to support health (mHealth), it is uncertain how these engagement tools might support young people, their families, and care
teams to optimize preference-based treatment strategies.
Objective: This study aims to examine how an mHealth patient support system (mPSS) might foster partnership between young
people living with JIA, their families, and care teams.
Methods: Semistructured interviews with young people (5-15 years old), their families, and JIA care teams were conducted
using researcher-developed interviews guides. Transcribed data were qualitatively analyzed using conventional content analysis.
Results: We conducted semistructured interviews with 15 young people, their parents, and 4 care team members. Content
analysis revealed the potential of an mPSS to support productive dialogue between families and care teams. We identified four
main themes: (1) young people with JIA face communication challenges, (2) normalizing illness through shared experience may
improve adherence, (3) partnership opens windows into illness experiences, and (4) readiness to engage appears critical for clinic
implementation.
Conclusions: A human-centered mPSS design that offers JIA patients the ability to track personally relevant illness concerns
and needs can enhance communication, generate consensus-based treatment decisions, and improve efficiency and personalization
of care. Technology that supports continuous learning and promotes better understanding of disease management may reduce
practice burden while increasing patient engagement and autonomy in fostering lasting treatment decisions and ultimately
supporting personalized care and improving outcomes.
(JMIR Mhealth Uhealth 2019;7(2):e10401) doi:10.2196/10401
KEYWORDS
juvenile arthritis; interviews; health communication; patient participation
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Introduction
Young people living with juvenile idiopathic arthritis (JIA) face
a number of communication barriers for achieving optimal
health. JIA is one of the most common acquired chronic diseases
during childhood and affects both short-term and long-term
disability. JIA may develop at any age during childhood, and
girls are more often affected than boys. Nomenclature as well
as classification of JIA have been controversial. In an attempt
to develop globally accepted terminology and criteria, the
International League against Rheumatism (ILAR) introduced
the term JIA [1]. Using the ILAR criteria, a Nordic
population-based epidemiological study reported a JIA incidence
of 15 per 100,000 [2]. JIA is not a single disease but rather a
heterogeneous group of diseases, divided into seven different
subgroups, within which three major onset subtypes can be
identified: (1) systemic JIA, a systemic form with rash, fever,
and commonly perimyocarditis, (2) polyarthritis with 5 or more
joints involved, and (3) oligoarthritis (or pauciarticular JIA)
with 4 or fewer joints involved.
Among young people, JIA can be quite painful and lasting well
into adulthood. While many experience resolution of their
disease, 50% will live with chronic arthritis into adulthood [3].
Although the disease is self-limiting in some children, it is not
possible at the onset of disease to predict which child will
recover and which will have a lifelong challenge. Early
diagnosis and active therapeutic interventions are essential to
minimize residual deformity and disability due to irreversible
consequences of the disease such as joint destructions,
asymmetric bone growth, and vision impairment. The treatment
for JIA is multifaceted and requires a combination of
monitoring, physical therapy, joint injections, medications, and
sometimes surgery [4]. Although optimal treatment of JIA varies
extensively by individual patient, making it highly
preference-sensitive, research on preferences among young
people living with JIA is minimal. A review of 27 studies found
that children with JIA fear being seen as different from their
peers and are interested in seeking health information to manage
their own illness [3]. In other words, the preferences of young
people reported in these studies appear focused on developing
autonomy around care management [5]. For many young people
who are optimistic about their future, these tools offer novel
approaches that guide a process for making informed decisions
about their care and social needs.
As widely recommended, the best way to determine the most
appropriate treatment options, where uncertainty is high, are
through assessing patient values, priorities, and experiences as
part of preference elicitation [6-8]. Research suggests that
children who are actively engaged in treatment consultations
with parents may improve their confidence in managing JIA
into adulthood [9,10]. By continuing to support children, youth,
and adolescents with information, social support, and active
involvement in the management of their illness, their confidence
and long-term health may improve [3]. Over the last 20 years,
researchers have been working on building tools to help patients
with chronic conditions better communicate preferences with
clinicians. Patient engagement tools like decision aids have
shown that adult patients are more knowledgeable, better
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informed, understand their values, and may be more engaged
in decision making than previously thought [11], but there is
little comparable evidence for young people.
Approaches to minimize the effects of JIA on young people
vary widely, and their success is often very personalized to the
individual. One study evaluating a decision aid for children with
JIA found that the tool had high acceptability but lower efficacy,
leading authors to call for more innovative approaches to using
decision aids and assessing outcomes among children [12]. A
review of mobile phone and tablet apps that support personal
management of illness in young people found that apps for
diabetes, asthma, and chemotherapy recovery show some impact
on monitoring and adherence, but the strength of evidence is
weak [13]. Others examined an online decision aid for patients
with rheumatoid arthritis and found that decision comfort and
knowledge improved [14]. In one example, a group in Canada
that designed an iPhone app for adolescents with cancer called
Pain Squad+, found that applying a user-centered design strategy
led to an acceptable and effective tool for the self-management
of pain [15]. While evidence points to strengths of online tools
for promoting self-management and guiding patient preference,
there appears to be less evidence regarding online interventions
or apps designed with the intention of promoting partnership,
collaboration, or consensus between young people, families,
and clinicians/care teams.
The benefits of using the Internet to search for information
related to illness and JIA are well known, yet the documented
benefits for online peer-support for young people is less robust
[16]. Recent evidence of other applications for engaging young
people in mobile apps for self-management demonstrate high
acceptability and usability [17]. There is also evidence in other
fields that peer-support has emerged naturally in online
environments, where the benefits appear based on personal
preferences for use, ease of access, and interaction with others
who face similar challenges [18]. This suggests that online tools
or apps should be meaningful to those who use them and will
benefit those who take time to engage with them online [13].
The question remains how these newer technologies may best
support young people to develop skills in self-management and
treatment decision making that will serve them into adulthood.
In addition, developing tools to support the adolescent transition
to long-term self-management in JIA are needed [19]. Research
has called for shifting habits of clinician-centered problem
solving to an expanded understanding of patient experience
[20,21], arguably demonstrating a more general demand for
co-produced care plans [22]. Conceptually, co-production
reorients traditional models of care delivery towards a more
patient-centered or person-centered approach. In practice, this
has involved clinicians supporting a standardized assessment
of patients, applying guidelines to inform care and offering
non-narcotic medication management protocols [23-25]. Other
patient-centered approaches include pre-visit planning by giving
evidence-based information and advocacy tools to guide
preference development to enhance decision making at the point
of care [26]. When it comes to developing communication skills
for young people as they transition from
parent/clinician-supported decision-making models to more
autonomous decision-making ones, the best approaches are less
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understood. While the challenges of communicating with young
people with JIA have been well described [27], a major
contributing factor to reduced quality of care outcomes for
young people with JIA is poor adherence to treatment [28,29].
Adolescence is a critical time for developing long-term healthy
habits as adults, and while online and mHealth skill development
for self-management is suggested, there is little evidence on
how best to build and evaluate these skills [27].
The purpose of this study was to examine how an mHealth
Patient Support System (mPSS) could help improve health
communication between young people, their parents, and their
care team. This study examined how Genia might ready young
people with chronic illness for their inevitable transition to adult
care. Specifically, we explored how the mPSS influenced the
engagement in self-management of JIA and communication
between young people, their families, and their clinical care
providers.

Methods
Genia is an iOS-based mPSS designed to establish patient,
family, and care team partnerships, with an emphasis on placing
the young person at the center of the decision-making process
(Figure 1). As a platform and mPSS, Genia was designed with
principles of user-based design [30], feed-forward systems [31],
and concepts of co-production [22]. Core functionality of the
mPSS were operationalized within a learning collaborative
associated with the Lund Pediatric Cystic Fibrosis clinical
microsystem. This meant that clinicians, researchers, family
members, and cystic fibrosis patients were involved in iterative
cycles of change from inception to completion of the mPSS.
Key functionalities developed within the app were inspired and
optimized by patients, viewed as experts in their disease and
experience of care [32].
Further details of functionality are published elsewhere but
summarized briefly here [32]. There is basic functionality for
patient users to chat with other patient users in the app. All
information entered into the app is private to users and their
network. Users can, however, choose to share information with
others by sending reports (ie, structured forms with specific
questions for pre-visit planning) that also allow users to share
self-selected daily observations and/or graphs of
symptom/assessment tracking for discussion (ie, a graph of
self-reported pain and fatigue in the last month). Reports can
be sent through the app to clinical care teams via application
program interfaces that connect to clinic IT systems. Users can
also choose to send reports to others (ie, family or friends) using
a basic share function within an operating system, enabling
them to share via email or instant messaging.
The mPSS also captures the patient experience using a series
of daily observation “trackers” that allow the patient to record
daily observations and perspectives. For example, one tracker
permits patients to identify what they are feeling that day, a
feature notable for young people who may not be used to calling
attention to or labeling their feelings. Such patterns have been
identified as contributing to emotional competence in young
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people and are supported by parent-child and other socialization
models [33]. Another tracker allows a patient to record their
level of physical activity, but more unique is a tracker that
includes the patient’s social interests and their assessment of
life with family and with friends. This distinguishing mPSS
feature permits the young person to make note of important
preferences, in this case needs, wants, and fears, for subsequent
review with friends, family, or care teams. This form of
emotional notation and engagement has been linked to childhood
development of emotional regulation and positive social
engagement [34,35].
Patient-reported daily observations enable young people to
document their disease activity and preferences in real-time in
between clinical visits. Each of these daily data points is
collected into a dashboard that can be shared electronically with
a patient-determined list of observers such as family or friends
they can invite to their network. They can also include these
dashboards in pre-visit reports to clinical care providers. For
older children and adolescents, the patient is the
locus-of-control, determining who has access, the level of
interaction with the app, and the amount of data being shared.
For younger pediatric patients, parents can serve as proxies by
entering daily observations about their child into the app.
We approached the research aim from the perspective that
subjective experiences in the scope of JIA are influenced by
place, persons, and institutions. For this study the place was
Sweden, the persons were children aged 5-15 years living with
JIA and their parents, and the place of care was the largest
pediatric rheumatology clinic in Sweden, at Astrid Lindgren
Children’s Hospital, within Karolinska University located in
Stockholm, Sweden.
Two Swedish research assistants conducted semistructured
interviews with Swedish young people, their parents, and JIA
care teams about their use of and reactions to the potential
benefits of the mPSS. Two researcher-designed interview guides
(Multimedia Appendices 1 and 2) were developed (one for
families and another for clinical team members) with clinical
and project partners to include the following domains: current
use of technology, health communication between clinicians
and patients, personal health tracking and symptom monitoring,
preparation for clinic visits, and current illness management.
Data collection and analysis were supported by a
multidisciplinary team, which included a medical sociologist,
a health care policy expert, and a developmental psychologist.
This research team worked closely with Upstream Dream, the
mPSS development team in Sweden that created Genia, to gain
access to clinical care partners, understand clinic organizational
dynamics, and examine product development history. The study
was determined to be exempt from ethics review based on
Common Rule 2 by the Committee (blinded for review) for the
Protection of Human Subjects at Dartmouth during a blinded
review. This study was approved by the Stockholm Ethical
Committee, Stockholm, Sweden. Written consent was obtained
from all patients/families by the clinicians participating in the
study.
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Figure 1. Genia flow diagram.

Study Participants
Potential study participants were identified by clinical partners
who already use the mPSS with some of their patients and
families. Clinicians then sent recruitment letters to participants
with a Genia brochure inviting them to participate. The JIA
clinical care team invited patients to participate in the study.
Consent involved reading an informational script including the
study purpose, design, and goals. Families who agreed to
participate were subsequently interviewed in-person by Swedish
researchers at a location and time that were convenient.
Interviews were conducted with parents and children together
based on preference and ethical considerations. Some of the
participants had not used the mPSS prior to being interviewed,
while others had already started using the mPSS. All interviews
were conducted in Swedish and later translated into English.
The clinical care team interviews were led by the US research
team and conducted face-to-face in English at the JIA clinics
in Stockholm. The clinical care team included a physiotherapist,
occupational therapist, and 2 physicians of the JIA clinic.
Research team members provided the interview guide to the
care team members prior to the interview to give adequate time
to prepare responses in English.

Data Analysis
We conducted a conventional content analysis as described by
Hsieh and Shannon [36]. Initial codes were developed
independently by 2 researchers (ML and SG) using ATLAS.ti
version 8.1.2. These first set of codes reflected interactions and
observations by the research team from 2016-2017 as
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recruitment, design, and data collection were occurring. This
initial code set was later updated through a second coding
process based on the interview transcripts for both young people
and families as well as care providers. All members of the
research and clinical team who collected data spoke and wrote
English fluently. To ensure accuracy of transcripts, 2 Swedish
team members reviewed translations and confirmed translation
with Swedish-American partners. Secondary codes were
substantively related to the interview guide, in part because of
how the guide was organized by domains, as well as due to the
nature of the conversations that focused on specific JIA-related
experiences. Following the second round of coding, the research
team discussed emergent codes, which were labeled new
language and concepts. Team members (SG and ML) developed
memos (ie, a process of writing short descriptive narratives
summarizing meaningful aspects of the data) during the coding
and discussion process to draw attention to notable relationships
in the codes. Team members (SG, ML, and GK) met several
times over the course of 2017 to build consensus around
grouping codes based on emergent and context-based themes.
During the coding and subsequent consensus process, the Genia
development team was asked to react to initial codes and offer
alternative explanations and suggestions. Data saturation was
assessed using an iterative process of constant comparison [37]
throughout data collection and analysis phases. Upon a third
review of data at 12 participants, the presence of language
patterns and repeated concepts alerted team to potential
saturation. The team agreed to three additional interviews to
provide some methodological assurance that no new patient
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experiences were being missed or overlooked [38]. This iterative
coding, memo writing, and theme building process mimics a
type of data triangulation [39]. Final themes were developed
by grouping codes around larger meaning units, whose content
sufficiently reflected all data under consideration.

Results
Study Participants
The age, gender, and disease information for the study
participants are shown in Table 1.
The young people interviewed for this study ranged in age from
5-15 years old. There were 7 females in the group, and 13 of
the 15 had used Genia prior to the interview. The time since
diagnosis ranged from 1-14 years. We also interviewed four
clinicians who used Genia as part of their routine practice: 2
medical doctors, 1 physiotherapist, and 1 occupational therapist.
Patient interviews were conducted with both the young person
and at least one parent present. The clinician interviews were
conducted individually, except two, which included both the
physiotherapist and occupational therapist together.
A content analysis of transcripts generated four themes that
characterize attitudes and beliefs as well as fears and
expectations on how an mPSS may foster a strategy for
improving communication and achieving shared decision
making in JIA treatment. Experiences of young people dealing
with JIA every day reflected feelings of frustration and
confusion, which we termed, “Young people with JIA face
communication challenges.” While the data suggest there is a
developmental difference between younger and older patients’
feelings about sharing their diagnosis status with friends, there
was affirming content that supported a second idea we portrayed
as, “Normalizing illness through shared experience may improve
adherence.” When asked about the potential of technologies or
current care processes, families spoke about the value of routine
check-ins between visits and symptom updates. The habit of
checking-in and preparing for visits appeared to lead to deeper
engagement between young people and their parents. We
described this concept as, “Partnership opens a window into
illness experiences.” Interview data were further informed by
clinician points of view, which included support for more
informed patients and families as well as for recognizing the
challenge of communicating with young people. More to the
point of implementation and use of a novel technology in clinical
practice, we observed wide support for an mPSS and called this
idea, “Readiness to engage appears critical for clinic
implementation.” We present supporting illustrative quotes
drawn from transcripts to characterize the categories in the
sections that follow.

Young people with Juvenile Idiopathic Arthritis face
communication challenges
Young JIA patients, when they experienced pain, described
feeling frustrated because people (often classmates) did not
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believe them, or the classmates believed they were lying to get
out of an activity. This appeared to separate the young person
from others, both physically and socially.
Patient 14 (14 years old): Everyone in my family is
aware, so it’s okay. It’s hardest with classmates.
Interviewer: What do they say then?
Patient 14: One time there was one who said that I
always blame everything on my foot.
We observed a tendency in these interviews for parents to
describe interrupting the doctor’s visit to elaborate on details
that either the child did not think was important or did not
remember. These interruptions were viewed by young people
as acceptable and often confirmatory.
Patient 7 (15 years old): I usually do it [the clinical
visit] but sometimes Mom helps me to make it fair.
Sometimes I say it doesn’t hurt at all, though it
actually has been hurting also, then Mom jumps in
[giggles].
We noticed that parents also have their own ways of dealing
with their children’s pain and social struggles. Some have begun
to reach out to other parents using social media platforms like
Facebook, while others have talked with other parents in person.
This reaching out for help reflects both the complexity and
challenges of supporting children with JIA. Parents showed a
desire to be helpful by wanting effective tools for their children
but often lack the resources. The act of reaching out to other
parents through Facebook groups underscored the importance
and value of an mPSS designed to support parents to better
understand their children’s illness and acquire the skills to better
assist their children.
We observed young children talking about the benefits of
working with their parents to help them communicate about
pain and patterns in their eating and behavior. Some reflected
how parents were motivated to help them develop techniques
to manage their JIA independently. In one case this approach
appeared to work.
Patient 10 (15 years old): Ehh...I often do not have
so many of my own views. He [the clinician] usually
asks me things. Sometimes I have my own questions,
for example last year I had trouble with my knees,
then my questions could be about that.
Mother: It’s mostly about how you’ve had it lately.
Interviewer: Do you usually go with him (asking the
mother)?
Mother: Yes, I usually do. But we try to hand over it
more and more to [my son] because he’s getting
older. It is important now that he is moving over to
adult care.
Interviewer: How do you feel about moving over to
adult care?
Patient 10: Hmm...well it feels good.
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Table 1. Description of participants.

a

Participant

Age in yearsa

Sex

JIA subtypeb

Duration of diseasec

Patient 1

11

Female

Oligo JIA

1 year

Patient 2

10

Male

PsA

4 years

Patient 3

13

Female

ERA

2 years

Patient 4

12

Male

Oligo JIA

3 years

Patient 5

11

Female

Poly JIA

1 year

Patient 6

5

Male

Oligo JIA

2 years

Patient 7

15

Female

PsA

14 years

Patient 8

12

Male

Poly JIA

4 years

Patient 9

15

Male

Undifferentiated

1 year

Patient 10

15

Male

PsA

2 years

Patient 11

11

Male

Oligo JIA

4 years

Patient 12

14

Female

JIA

5 years

Patient 13

13

Female

Oligo JIA

1 year

Patient 14

14

Female

Poly JIA

9 years

Patient 15

14

Male

JAS

4 years

The average age of participants was 12.3 years (SD 2.3).

b

Subtype for JIA: Oligo JIA=oligoarticular JIA, Poly JIA=polyarticular JIA, PsA=psoriatic JIA, ERA=enthesitis-related arthritis, JAS=juvenile ankylosing
spondylitis, and undifferentiated=multisymptom JIA.
c

The average duration of disease was 3.8 years (SD 3.5).

We further noted that most young people and adolescents in the
interviews were reluctant to complain about pain or discomfort.
Many felt they were a burden on their parents. Reluctance to
talk may also be linked to an inability to communicate feelings
effectively or how they experienced pain. As one young person
showed, reluctance may be a show of strength. For example,
one young person expressed his feelings and attitudes on sharing
symptoms, which may have signaled strength or fear. Certainly,
the interjection by the parent in the following dialogue called
our attention to the challenge of communication for both parents
and their children.
Patient 9 (15 years old): It feels good.
Interviewer: Do you feel that you are telling him [the
clinician] exactly how you feel?
Patient 9: Yes, I think so.
Mother: ...but he always says he’s better than he is.
Patient 9: No.
Mother: Yes.

Normalizing Illness Through Shared Experience May
Improve Treatment Plan Adherence
There were some comments on connecting others with JIA
through social media as a means of overcoming feelings of
isolation and inability to offer help. The act of reaching out for
connection may be a means of feeling normal or at least
confirming that one is not alone. As we observed, younger
children seemed uninterested in reaching out through social
media. Yet, the fact that a 14-year old was attempting to connect
virtually with others suggested that as young people age, they
http://mhealth.jmir.org/2019/2/e10401/
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become more aware of their friends and social networks as
sources of support.
Interviewer: Do you know how to get in touch and
talk to peers?
Patient 12 (14 years old): Yes, those I’ve met I have
on Snapchat and Instagram.
Interviewer: Do you have Facebook?
Patient 12: No, I don’t. But I have their numbers so
I can call them.
Interviewer: The old way (ha-ha) Mother: ha-ha
Mother: (She) is in touch with some from her last
rehab trip. Then also from her physical therapy, not
just people with rheumatism, even people who need
training.
Interviewer: How do you think it’s [nice] having
friends who also have rheumatism?
Patient 12: Nice. The other day we sat up and talked
and it was very nice.
We saw that young people seemed reliant on communicating
with their parents, particularly when it came to navigating their
relationship with their doctor or care provider. We noticed that
this type of communication was not only about symptoms but
about being empowered to communicate comfortably and build
trust. Further, parents reflected on the power of sharing in a way
their children felt confident when hearing.
Father of 11-year-old patient: Yes, absolutely. Since
it is so reoccurring...and to be able to share how (she)
feels, and how bad it is. If this could be possible
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10401 | p.214
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through an app it would be great, both for us and for
the doctors.
In one example, we saw parents being challenged to think about
ways the mPSS may help support behaviors like monitoring
pain or symptoms over time. This was seen widely as a way to
improve their child’s awareness and self-management skills.
Interviewer: Do you have a diary about how you feel?
Mother: No, we do not actually. But I have it very
much in my head all the time, but it’s the same all the
time. But on the other hand, I think the app [Genia]
can help because we do not remember the days that
actually are good. It’s the misery most of the time. I
think it would be great for [my daughter] to see her
situation over time. So, she can see that she has better
days.
The young people interviewed talked about the challenges of
describing their pain and frustration with JIA, whether with
physicians or friends. When asked about how Genia might
contribute to talking about their JIA issues, several young people
referred to the value of keeping a daily diary as a way to have
better or more productive visits with their doctor.
Mother: He was so terribly afraid that it would not
last (reduced pain). But then he started playing
sports...living a normal life.
Interviewer: Do you remember how you felt?
Patient 15: It felt very strange at the beginning.
Mother: You came back to life.
Interviewer: Does your conversation help you manage
your rheumatism?
Patient 15: Yes, it does.
Interviewer: Is there something good or less good?
Patient 15: I would say everything is good.
Interviewer: Do you keep a diary about how you feel?
Patient 15: No, only when I take syringes, then I fill
it in in Genia. I think that kind of documentation is
good for remembering when I talk to my doctor.
Overall feedback from young people related to the value of
Genia, or potential of Genia’s functionality, suggested that diary
entries and note-taking improved conversations with care teams,
which helped families and young people remember benefits of
certain medications and treatment decisions.

Partnership Opens a Window Into Illness Experiences
We heard from young people and their families that using a
patient support tool to keep daily observations and reminders
for routine updates was very helpful for developing strategies
to communicate with providers.
Interviewer: In Genia you can send a report before
a health care meeting, do you think that could be
something for you?
Patient 12 (14 years old): Yes, for me at least.
Interviewer: In what way?
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Patient 12: I have difficulties remembering. I mix
things up. I cannot tell when something was, it could
have been two weeks ago or two months ago.
Mother: Although we try to be a bit prepared, it is
incredibly difficult.
At the same time, clinicians also believed there was real,
meaningful value in young people and their parents being better
prepared for their visit.
The data is helpful, and the registry really helps me
see the patient condition over time – but it only shows
data at a point in time (at the time of visits). It doesn’t
help me understand what is going on in the patient’s
life between visits. And if they aren’t communicative
during the visit, or their feelings contradict those of
their parents, then it is hard for me to truly
understand the patient needs; it is hard for me to
understand why the patients’perceptions of their pain
and quality of life is different than my perception.
[Physician 1]
While having informed young people and families might
improve visit efficiency by targeting interests and generating
focused questions, additional behavior changes appeared to
guide strategies for improved clinical conversations. The
clinicians we interviewed argued that the mPSS presented a
connection into the lives of patients that was meaningfully
different from routine practice: “For the first time, I feel part of
her [patient’s] team” (Physician 1).

Readiness to Engage Appears Critical for Clinic
Implementation
Patient monitoring following a care visit was expressed as a
gap in care by clinicians. This has particular significance given
that patients contend with a majority of their care challenges
outside the clinic. The clinicians we interviewed shared an
interest in being able to track or follow patient progress over
time, which permits new and advantageous support systems:
“With Genia, if we can get patients to send us status reports in
between scheduled visits, then we can confirm what is working
and try new ideas much more frequently” (Physician 2).
Besides the importance of tracking, clinicians reflected that
engaging patients outside the clinic in meaningful and proactive
ways was essential for improving communication during the
clinic visit. In this way, clinicians recognized that the pre-visit
data sharing feature of the mPSS app enabled more targeted
and thoughtful interactions: “To improve pre-visit planning, to
provide more time for dialogue with the patient during the visit,
to help patients better understand what causes flare-ups and
what therapy seems to work, and to provide a mechanism to
track patients between visits” (Physician 1).
Other reactions highlighted the potential of the mPSS to modify
routine practice. This was seen as a major improvement
compared to standard care. One clinician pointed to gaps in
current communication where patients are unable to speak to
their symptoms, pain, or status: “When I asked how are you
today, everyone says ‘fine’ but I don’t really have a clear picture.
To know if there is something more I can do” (Physician 1).
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Another clinician also emphasized the need for more robust
efforts to guide patients prior to coming to their clinical visit.
When asked if she understood the needs of her patients, one
clinician suggested there was a need for improvement: “No, not
really. Patients complete a long questionnaire when they get to
the office, which captures responses based on industry standard
instruments, but they don’t tell me [their] goals or key concerns”
(Physiotherapist).
We noticed that the mPSS clarified the role of the patient, which
fostered guided support and strengthened self-management
skills. In fact, we saw that use of the mPSS in practice, with
patients over time, appeared to change their behavior. In the
case of one young person, a clinician commented that they
would normally rely on the parent to share symptoms. After
using the mPSS, this parent felt their child was able to do much
more with the doctor: “The mother used to bring in a clipboard
and do all of the talking, now the patient herself leads the
conversation, leaving the mother a more bystander role”
(Physician 1).

Discussion
Principal Findings
A co-designed mobile patient support system that meaningfully
engaged users beyond the clinic visit expanded opportunities
for improving treatment strategies between young people, their
families, and care teams. Through the promotion of
consensus-building design features, we observed improved
communication in young people and their parents about
symptom recognition and pain characterization. As an mHealth
app, Genia, appeared to hone communication skills that parents
and clinicians believe ensure a healthy transition from pediatric
to adult care—a space with clear unmet need. The insights for
young people, families, and clinicians to enable more
substantive, targeted, and authentic communication, where
young people learn to reflect on symptoms without being
prompted by their parents, was a novel finding. As a mobile
phone app, the routine monitoring of symptoms and pain over
time normalizes a type of sharing process that appears to ease
disclosure and improve efficacy in young people and parents.
This was particularly relevant for young people who felt isolated
by this illness and struggled to disclose their experiences. While
evidence has shown how integration of novel interventions into
clinical practice can be difficult, clinicians who were ready and
prepared to use a novel approach appeared to mitigate barriers
to Genia implementation.

Comparison With Previous Research
With the explosive growth of and interest in mHealth initiatives,
there seem to be endless opportunities for patients to engage
the health system in new ways. This is one of the first studies
to identify an mHealth app designed to modify communication
strategies between patients, families, and care teams. Most
mHealth interventions reviewed focus on self-management skill
development rather than improving or optimizing
patient-provider communication strategies [40]. For mHealth
technology to advance behavior change strategies in young
people living with JIA, more should be done to build skills that
enhance consensus-building frames between patients, families,
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and care teams. Such an approach is consistent with the literature
on the benefits of building a shared mind as a treatment strategy
[41].
This study is a step towards being able to identify how an
mHealth app, co-designed with patients, families, and care
teams, helps identify what matters most, as well as ways of
translating patient goals into actionable solutions. Focusing on
principles of continuous learning and consensus building, the
patient support system prioritizes processes of monitoring,
reporting, and pre-visit planning to inform clinical
communication. Despite the wide growth and interest in these
novel technologies for improving access, there is mixed evidence
on the long-term impact on patient health outcomes or behaviors
[42]. This form of co-development has been well supported by
health services research, which has pointed to the benefits of
co-designed tools for behavior modification strategies [43-45].
A recent paper detailed the user-centered development and
evaluation of an app, JIApp, which applied this same
person-centered development framework and strongly supports
our findings [17]. A key difference between JIApp and Genia
is the co-design strategy focused on improving consensus for
optimizing treatment decision making. The creators of JIApp
aimed their intervention on self-management and engagement,
primarily focused on “recording symptoms and encouraging
self-management.” While collaboration is a key feature of
patient-provider communication and self-management skills
are associated with a higher quality of engagement, Genia as
an mPSS was designed to modify patient-provider interaction
and behaviors that likely influence consensus-building skills
between young people, families, and care teams for long-term
management of treatment. As mentioned previously, there is
opportunity for users to chat with other users directly in the app.
However, this functionality was rarely used by the participants
in this study and we believe that there is more work to be done
to explore how this peer-to-peer connection could be enhanced
to support patients. While this is still a burgeoning area of
investigation, more research is needed on understanding the
co-design and implementation process of mHealth apps.
Additional research is also needed to identify and measure ways
that mHealth apps like Genia or JIApp modify communication
responses for young people in transition from pediatric to adult
care services. When compared against apps developed in
isolation and often not in partnership with care providers, there
is a clear benefit of co-designed apps that foster evidence-based
approaches and direct input from end-users like patients and
care providers [13]. Apps that support self-management and
symptom management have higher potential for success, which
supports the design and implementation of Genia as an mPSS
[46].
What appears unique about the Genia approach in comparison
to other published apps is the intentional strategy used to guide
both patient and family engagement. The use of qualitative data
to inform evidence on platforms that are most effective for
patients has been suggested elsewhere [47]. Much of the current
literature points to the strengths of mHealth to enhance
self-management [42,48], tracking and monitoring [49], as well
as routine behavior modification [50], and medicine adherence
[42,51]. Usability testing of an online self-management health
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portal with adolescents with JIA and their parents underscored
the importance of building these self-management platforms
with user feedback, a key feature of any person-centered design
[52]. Beyond the JIApp [17], there was no other evidence of
mHealth apps developed to improve communication strategies
or consensus-based strategies to enhance patient, family, and
care team integration, particularly around the concept of shared
reasoning [42]. Failures or limitations of other mHealth apps
and strategies appear driven by a one-dimensional approach,
which prioritizes biomarkers and tracking and fails to
incorporate consensus building and communication skills. There
is no question that mHealth initiatives are the way of the future;
they are cheap, easy to build, and potentially highly accessible
to large populations. The benefits of mHealth technology are
that they are personal, adaptive, and sustainably designed. Yet,
these benefits are hindered by a lack of clear standards of
evaluation and measurement [53].

Limitations
Although our study had 15 participants and involved both
families and young people, the data analysis included
triangulated data sources to help clarify and validate responses.
Due to the number of participants and their variation in ages
and experiences, findings must be read with caution. Qualitative
approaches have limited generalizability outside the scope of
participants’ lived experiences and other clinical settings. The
unique responses of parents, care team physicians, and young
people discussed here provide insight into expectations and
hopes for mHealth interventions, especially interventions
designed with and for end-users.
While Genia was developed in partnership with a Karolinska
clinical team along with patients and parents, there were many
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new processes and functionalities that should be considered
“new” as they were not extracted or modified from a pre-existing
mobile phone app. While other research on this mPSS had been
done within cystic fibrosis, the unique nature of JIA required
new design and functionalities determined within a pilot phase,
which has been reflected in some of the work presented here.
These data and findings provide a rich and context-specific
perspective of how an mPSS was adopted, integrated, and
utilized by a small sample of patients and clinicians in Sweden.
The nature of the research question reviewed here and its
supporting methodological approach contributed to valuable
context-driven findings. However, these same methods are
unable to provide insight into the long-term impact of mHealth
apps like Genia on changes in self-management or
communication skills for young people transitioning into adult
care as well among adults who have experienced transition.
Moving forward, designing a study to answer long-term impacts
of young people’s use of mHealth apps for self-management of
JIA will be an important contribution to determine the overall
efficacy of an mPSS in improving self-management and
associated communication skills.

Conclusions
A technology-enabled mPSS that meaningfully engages care
providers to partner with patients, families, and their support
networks permits novel care planning through the formation of
a consensus-building strategy. We believe that offering patients
the opportunity to engage friends, family, and their care team
in developing treatment solutions may provide the emotional
and clinical support they need to meet their personal health
goals and sense of well-being.
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Abstract
Background: The diabetes disease burden in China is heavy, and mobile apps have a great potential for diabetes management.
However, there is a lack of investigation of diabetes app use among Chinese diabetes patients and diabetologists. The perspectives
and attitudes of diabetes patients and diabetologists regarding diabetes apps are also unclear.
Objective: Our objectives were to investigate diabetes patients’ and diabetologists’ use, attitudes, and perspectives, as well as
patients’ needs, with respect to diabetes apps to provide information regarding the optimal design of diabetes apps and the best
strategies to promote their use.
Methods: Diabetes patients and diabetologists across China were surveyed on the WeChat (Tencent Corp) network using
Sojump (Changsha ran Xing InfoTech Ltd) from January 23, 2018, to July 30, 2018. In total, 2 survey links were initially sent
to doctors from 46 Latent Autoimmune Diabetes of Adults Study collaborative hospitals in China in 25 major cities and were
spread on their WeChat contacts network. We also published the patient survey link on 3 WeChat public accounts and requested
diabetes patients to fill out questionnaires. A multivariate regression analysis was used to identify associations of demographic
and basic disease information with app usage among adult patients.
Results: Overall, 1276 individuals from 30 provincial regions responded to the patient survey; among them, the overall app
awareness rate was 29.94% (382/1276) and usage was 15.44% (197/1276). The usage was higher among patients with type 1
diabetes (T1DM) than among patients with type 2 diabetes (T2DM; 108/473, 22.8% vs 79/733, 10.8%; P<.001). The multivariate
regression analysis showed that diabetes type, age, education, family income, and location were associated with app use in adult
patients (P<.05). The need for and selection of diabetes apps differed slightly between patients with T1DM and patients with
T2DM. The reasons why patients discontinued the use of an app included limited time (59/197, 29.9%), complicated operations
(50/197, 25.4%), ineffectiveness for glycemic control (48/197, 24.4%), and cost (38/197, 19.3%). Of the 608 responders to the
diabetologist survey, 40.5% (246/608) recommended diabetes apps to patients and 25.2% (153/608) used diabetes apps to manage
patients. The greatest obstacles to the diabetologists’ use of apps to manage diabetes patients include limited time (280/608,
46.1%), legal issues (129/608, 21.2%), patients’ distrust (108/608, 17.8%), and billing issues (66/608, 10.9%).
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Conclusions: The awareness and use of diabetes apps in Chinese people with diabetes and the proportion of diabetologists using
diabetes apps to manage patients are low. Designing apps targeting different patient needs and conducting high-quality randomized
controlled trials will improve the effectiveness of the apps, provide evidence for patients to choose suitable apps, and be conducive
to the promotion of app use.
(JMIR Mhealth Uhealth 2019;7(2):e12658) doi:10.2196/12658
KEYWORDS
diabetes mellitus; mobile applications; surveys and questionnaires

Introduction
Background
The prevalence of diabetes has been increasing worldwide. In
2017, it was estimated that there were 451 million people aged
18 to 99 years with diabetes. Furthermore, 5.0 million deaths
were attributable to diabetes [1]. Among the Chinese adult
population, the estimated prevalence of diabetes was 11.6%,
representing an estimated 113.9 million adults in China with
diabetes. However, only 39.7% of those treated had adequate
glycemic control [2]. Poor glycemic control can cause various
complications [3] and bring heavy economic burden to the
world. In 2015, the global cost of diabetes was estimated to be
US $1.31 trillion or 1.8% of the global gross domestic product
(GDP) [4].
Diabetes self-management education and support (DSMES) is
a critical element of care for patients with diabetes [5]. The
AADE7 Self-Care Behaviors defined by the American
Association of Diabetes Educators is a framework for
patient-centered diabetes education and care [6]. The 7 self-care
behaviors are eating healthy, being active, monitoring, taking
medications, solving problems, healthy coping, and reducing
risks, and these are essential for diabetes self-management. Due
to an imbalance of medical resources in China [7], patients flock
from rural areas to urban areas seeking medical resources.
However, doctors in tertiary hospitals are overloaded with work
[8,9]. Patients receive only a few minutes for outpatient
consultation and receive little self-management knowledge in
such a limited time. Furthermore, many outpatients do not have
a record of their blood sugar; therefore, doctors cannot give
accurate guidance for their treatment. Thus, a different type of
health service might be needed to supplement traditional
outpatient consultations.
Mobile apps can record, transmit, and receive feedback anytime
and anywhere, facilitating remote monitoring and delivery of
timely recommendations for health care. Mobile apps could
increase the capacity for self-management, help sustain
necessary lifestyle modifications, and improve communication
between patients, family members, and health care professionals
(HCPs). Furthermore, there were 1.32 billion mobile phone
users in China in 2016 [10]. With the popularity of smart phones
in China, mobile apps have great potential for managing chronic
diseases, especially diabetes. A systematic investigation revealed
that diabetes apps are the most common disease-specific apps
in China’s mobile health (mHealth) market [11]. Many studies
have demonstrated that diabetes apps can potentially help control
glycemia [12-16]. Mobile apps are also recommended by the
American Diabetes Association guidelines for DSMES [17]. A
http://mhealth.jmir.org/2019/2/e12658/
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meta-analysis of 21 randomized controlled trials (RCTs) showed
that diabetes apps were associated with a mean reduction of
0.57% in glycosylated hemoglobin (HbA1c) among patients
with type 2 diabetes mellitus (T2DM) and 0.49% among patients
with type 1 diabetes mellitus (T1DM). However, the results had
significant heterogeneity [18]. Several studies also suggested
that diabetes app use can increase blood glucose monitoring
frequency [13,19], reduce feelings of loneliness, help patients
gain knowledge and skills to manage diabetes [20], improve
hypoglycemic fears and behavioral scores [15], and strengthen
the perception of self-care by offering better information and
health education to patients [16].
Diabetes app usage varies among different countries [21-25],
from 3% in Latin countries in 2015 [21] to 19.6% in New
Zealand in 2016 [22]. China has the largest absolute disease
burden of diabetes in the world and the greatest potential
diabetes app market. However, there is a lack of large-scale
investigations of the usage of diabetes apps in China. Patients’
perspectives and attitudes regarding diabetes apps are also not
very clear. In addition, user requirements are very important
for app design. A survey by Boyle et al revealed that the most
favored feature of patients was a glucose diary, and an insulin
calculator was the most desirable function for a future app [22].
A survey by Trawley et al showed carbohydrate counting was
the most common purpose among adults with T1DM and
glucose monitoring was the most common purpose among adults
with T2DM [23]. A recent meta-analysis of diabetes apps
revealed that the reduction in HbA1c is explained by the
frequency of HCP feedback [18]. However, few surveys have
been conducted to investigate the feature of patient-doctor
communication. Our previous study found that both patients
and diabetologists believed that doctor-patient communication
and diabetes diaries were the most important functions of a
diabetes app [26]. However, our previous study focused only
on patients with T1DM and the samples were relatively small.
Diabetologists’ use, attitudes, and perspectives concerning
diabetes management apps in China are poorly understood.

Objectives
The objective of our study was to investigate the use,
perspectives, attitudes, and associated factors of diabetes patients
and diabetologists regarding diabetes management apps, as well
as patient needs for these apps, to provide information for the
design of diabetes apps and how to best promote their use.
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Methods
Questionnaire Design
The questionnaire design was described in a previous study
[26]. An expert panel consisting of 5 diabetologists (YZ, SL,
YX, XL, and ZZ) and a diabetes education nurse (FL) searched
apps from the iOS and Android platforms and designed the
questionnaires according to the functions of current diabetes
apps [25,27-31], diabetes guidelines [32], and the problems they
encountered during clinical practice. The questions were
presented in a choice format. If responders did not agree with
the listed options, they could select the option others and write
their answers in the remarks column. The diabetologist questions
covered their basic information and use, attitudes, and
perspectives regarding diabetes management apps. The patient
questions covered their use, perspectives, and attitudes regarding
and needs for diabetes apps, demographic information, and basic
disease information.
To establish the validity of the content, the survey items were
rated based on their relevance and clarity using a 4-point ordinal
scale from 1 (irrelevant) to 4 (highly relevant) by 15 experts:
12 diabetologists and 3 diabetes education nurses with at least
5 years of experience treating patients with diabetes. The content
validity indexes of the patient and diabetologist questionnaires
were 0.91 and 0.93, respectively. Before administering the
questionnaires, we performed pilot tests with 20 patients with
diabetes and 10 diabetologists from Second Xiangya Hospital.
As 3 patients were unwilling to disclose their exact income and
1 doctor was reluctant to reveal his age, we revised our
questionnaires such that patients were not required to answer
the question regarding income and the doctors’ ages were
grouped into ranges. Cronbach alpha values for the patient and
diabetologist questionnaires were .98 and .79, respectively.

Introduction of the WeChat Survey Platform
WeChat provides many services, including messaging, free
phone calls, browsing and posting for information sharing on
moments, and mobile payments [33]. It is installed in over 90%
of mobile phones and is integrated into most people’s daily lives
[34]. As the most widely and frequently used social
communication tool in China, WeChat has a powerful contact
network. As of 2016, over 44% of WeChat users had more than
200 contacts on the social networking service. Approximately
90% of WeChat users had more than 50 contacts [35]. This
network makes it possible to administer questionnaires via
WeChat.

Samples and Survey Methods
The participants were diabetes patients and diabetologists across
China. Doctors at other departments who did not treat diabetes
patients were excluded from our investigation.
Diabetes patients and diabetologists were surveyed through
snowball sampling via the WeChat contacts network and
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convenience sampling through WeChat public accounts using
the Web-based survey tool, Sojump, [36] from January 23, 2018,
to July 30, 2018. The patient and diabetologist survey links
were initially sent to doctors from 46 latent autoimmune diabetes
of adults (LADA) Study China collaborative hospitals in 25
representative major cities in China [37]. We asked these doctors
to spread the survey links on their WeChat contacts network.
In addition to using snowball sampling through the WeChat
contacts network, we published the patient survey link on 3
WeChat public accounts concerning diabetes, which have 50,000
subscribed followers, and asked diabetes patients to complete
the questionnaires. The parents of juvenile patients answered
the questions for their children. We introduced the background
of our survey, and the questionnaires were completed voluntarily
without any compensation. A part of the survey results
concerning patients with T1DM has been reported in a previous
study [26].

Ethical Approval
The study was approved by the ethics committee of the Second
Xiangya Hospital, Central South University (ID: 2017-S107).

Statistics
The data were analyzed using SPSS version 23.0 (IBM Corp).
Q-Q plots were used to check the normality of all the continuous
variables, which are expressed as the means (SDs) or medians
(interquartile ranges [IQRs]) where appropriate. Categorical
variables are expressed as percentages (numbers, n). Differences
among groups were assessed using Chi-square tests. The
generalized logistic model was used to obtain odds ratios (OR)
and their 95% CIs in a simultaneous manner. First, we
performed a univariable analysis to obtain unadjusted ORs of
potential correlates of app use with demographic factors and
disease characteristics in adult patients (aged ≥18 years). We
then entered all the significant factors in the multivariate analysis
to obtain the multivariable adjusted ORs. Questionnaires with
missing values were excluded from the multivariate analysis.
Statistical significance was indicated with P<.05.

Results
Patient Survey
Sample Characteristics
A total of 1276 patients with diabetes (414 from North China
and 862 from South China) distributed among 30 provinces in
China (Figure 1) responded to the patient survey. The responder
characteristics are shown in Table 1. Of the responders, 50.31%
(642/1276) were male, with a mean age of 41.3 years (SD 18.5).
The mean disease duration was 6.8 years (SD 6.9). Overall,
37.07% (473/1276) were patients with T1DM and, of these,
178 were juveniles; 57.45% (733/1276) were patients with
T2DM; 2.12% (27/1276) of the patients had gestational diabetes;
and 3.45% (43/1276) did not know their diabetes type.
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Figure 1. Distribution of the diabetic patient sample in China by province.
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Table 1. Characteristics of patients with diabetes.
Characteristics

T1DMa (n=473)

T2DMb (n=733)

Totalc (N=1276)

Adults (n=295)

Juveniles (n=178)

115 (39.0)

81 (45.5)

426 (58.1)

642 (50.31)

Age (years), mean (SD)

33.5 (11.9)

10.3 (4.2)

52.2 (12.0)

41.3 (18.5)

Disease duration (years), mean (SD)

7.9 (8.0)

3.0 (3.2)

7.7(6.8)

6.8(6.9)

Urban

206 (69.8)

110 (61.8)

572 (78.0)

933 (73.12)

Rural

89 (30.2)

68 (38.2)

161 (22.0)

343 (26.88)

Junior middle school or below

55 (18.6)

—d

193 (26.3)

422 (33.07)

High school

93 (31.5)

—

244 (33.3)

373 (29.23)

University or above

147 (49.8)

—

296 (40.4)

481 (37.70)

Oral medicine

14 (4.7)

1 (0.6)

379 (51.7)

416 (32.60)

Insulin injection

196 (66.4)

128 (71.9)

281 (38.3)

636 (49.84)

Insulin pump

83 (28.1)

49 (27.5)

9 (1.2)

144 (11.29)

Untreated

2 (0.7)

0

64 (8.7)

80 (6.27)

Student

44 (14.9)

—

3 (0.4)

206 (16.14)

Institutional staff

45 (15.3)

—

115 (15.7)

171 (13.40)

Employee of state-owned enterprise

19 (6.4)

—

83 (11.3)

109 (8.54)

Employee of foreign or private company

43 (14.6)

—

69 (9.4)

121 (9.48)

Private enterprise owner or self-employed

26 (8.8)

—

77 (10.5)

113 (8.86)

Retired

19 (6.4)

—

206 (28.1)

231 (18.10)

Farmer

19 (6.4)

—

75 (10.2)

103 (8.07)

Unemployed

47 (15.9)

—

70 (9.5)

131 (10.27)

Others

33 (11.2)

—

35 (4.8)

9 (7.05)

Gender, n (%)
Male

Residence, n (%)

Education, n (%)

Treatment, n (%)

Occupation, n (%)

a

T1DM: type 1 diabetes mellitus.

b

T2DM: type 2 diabetes mellitus.

c

Total including patients with T1DM, patients with T2DM, 27 patients with gestational diabetes, and 43 patients with an unknown type of diabetes.

d

Indicates that there is no value.

Diabetes App Use and Associated Factors Among
Diabetes Patients
The overall diabetes app awareness rate was 29.94% (382/1276),
the usage rate was 15.44% (197/1276), and 43.7% (86/197) of
the patients who use the apps used them every day. The app
usage of patients with T1DM was higher than that of patients
with T2DM (108/473, 22.8% vs 79/733, 10.8%; P<.001). The
utilization rate of adult patients with T1DM was higher than
that of juvenile patients with T1DM (80/295, 27.1% vs 28/178,
15.7%; P=.004). A comparison of patients located in the 10
provinces of top GDP per capita [38] with the other 20 provinces
showed that the former had higher diabetes app usage than the
latter (79/401, 19.7% vs 118/875, 13.5%; P=.004).
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The app usage of juvenile patients with T1DM treated with an
insulin pump was higher than that of those treated with a
subcutaneous injection (13/49, 26.5% vs 15/128, 11.7%;
P=.009). The comparison of the 3 groups of juvenile patients
with different parental educational levels (junior middle school
and below, senior high school, and university and above)
revealed that a higher education level of parents was associated
with a higher app usage (4/64, 6.3% vs 6/41, 14.6% vs 17/65,
26.2%; P=.008). App usage in children was higher than that in
adolescents, but the difference was not statistically significant
(21/106, 19.8% vs 7/72, 9.7%; P=.07).
A univariate regression analysis showed that app use by adult
patients was significantly associated with age, annual family
income, occupation, education, locus, type of diabetes, and
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treatment (P<.05). Gender, disease duration, and rural or urban
residence had no correlation with app use. Variables with
statistical significance were included in the multivariate
regression analysis. Diabetes type, age, education, annual family
income, and location remained statistically significant (P<.05).
Compared with low-income patients, patients with high income
had higher app usage (OR=1.73, 95% CI 1.07-2.81; P=.03).
The use of apps decreased with patient age. Notably, the higher
the education level of the patients, the higher was the usage of
apps (see Table 2).

Patients’ Need for and Selection of Diabetes Apps
Patients with both T1DM and T2DM believed that the most
important functions of a diabetes app were diabetes diaries
(blood sugar, diet, exercise, and medication records) and
doctor-patient communication (Table 3). Patients with T2DM
had a greater demand for doctor-patient communication
(299/733, 40.8% vs 151/473, 31.9%; P=.002), and patients with
T1DM had a greater demand for an insulin dose calculator
(51/473, 10.8% vs 11/733, 1.5%; P<.001). Almost all patients
believed that the listed functions were important or very
important (Figure 2).

Table 2. Factors associated with app use by multivariate logistic regression analysis (N=1008).
Characteristics

App usage rate, n (%)

Adjusted odds ratio (95% CI)

P value

18-39a

97 (27.2)

—b

—

40-59

47 (10.7)

0.42 (0.27-0.65)

<.001

19 (9.0)

0.40 (0.22-0.72)

.002

¥<50,000a

34 (10.9)

—

—

¥50,000-100,000

50 (16.1)

1.38 (0.84-2.28)

.20

¥>100,000

79 (20.5)

1.73 (1.07-2.81)

.03

T2DMa,d

78 (11.2)

—

—

T1DMe

76 (29.7)

2.0 (1.30-3.05)

.001

Gestational diabetes

3 (11.1)

0.47 (0.13-1.67)

.25

Unknown type

6 (16.2)

0.15 (0.45-2.93)

.77

The other 20 provincesa

96 (14.1)

—

—

10 provinces of the top GDPf per capita

67 (20.5)

1.5 (1.04-2.17)

.03

Junior middle school or belowa

18 (7.6)

—

—

High school

49 (15.0)

1.85 (1.02-3.37)

.04

University or above

96 (21.7)

2.40 (1.34-4.25)

.003

Age (years)

≥60
Annual family income

c

Diabetes type

Location

Education

a

Reference group.

b

Not applicable.

c

90 samples with missing data on family income were excluded from the logistic regression analysis.

d

T2DM: type 2 diabetes mellitus.

e

T1DM: type 1 diabetes mellitus.

f

GDP: gross domestic product.
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Table 3. App functions considered to be most important by patients with both T1DM and T2DM.

a

Features

T1DMa (N=473), n (%)

T2DMb (N=733), n (%)

P value c

Diabetes diaries

109 (23.0)

192 (26.2)

.22

Doctor-patient communication

151 (31.9)

299 (40.8)

.002

Diabetes education knowledge

54 (11.2)

86 (11.7)

.87

Peer support

13 (2.7)

10 (1.4)

.09

Insulin dose calculator

51 (10.8)

11 (1.5)

<.001

Abnormal blood sugar reminder

60 (12.7)

85 (11.6)

.57

Blood sugar test reminder

8 (1.7)

15 (2.0)

.66

Others

27 (5.7)

35 (4.8)

.47

T1DM: type 1 diabetes mellitus.

b

T2DM: type 2 diabetes mellitus.

c

A Chi-square test was used to calculate P values.

Figure 2. Importance of different app functions reported by patients with diabetes (N=1276).

Differences in app selection were found between patients with
T1DM and patients with T2DM (see Table 4). The most popular
app among patients with T1DM was Diabetes Circle (30/108,
27.8%), which is targeted for patients with T1DM, followed by
Diabetes Nurse (28/108, 25.9%) to which blood sugar tested
by a Dnurse glucometer (Sinocare Inc) can be directly
transmitted. The most popular app among patients with T2DM
was Diabetes Nurse (34/79, 43.0%).

Only 19.3% (38/197) of the apps were recommended by HCPs.
Most patients selected diabetes apps as recommended by other
patients (55/197, 27.9%) or selected randomly because they did
not know which one was best (54/197, 27.4%). The rest were
recommended by the media (30/197, 15.2%) or other channels
(20/197, 10.2%).

Table 4. Differences in the selection of diabetes apps between patients with type 1 diabetes mellitus (T1DM) and patients with type 2 diabetes mellitus
(T2DM).

a

App name

T1DM (N=108), n (%)

T2DM (N=79), n (%)

P valuea

Welltang (Shanghai Geping Information Technology Co, Ltd)

24 (22.2)

5 (6.3)

.003

Diabetes Circle (Aibaowei Biotechnology Co, Ltd)

30 (27.8)

3 (3.8)

<.001

Control Diabetes (Fuzhou Kangwei Network Technology Co, Ltd)

1 (0.9)

5 (6.3)

.08

Diabetes Doctor (Shanghai Huima Medical Technology Co, Ltd)

6 (5.6)

14 (17.7)

.008

Diabetes Nurse (Beijing Dnurse Technology Co,Ltd)

28 (25.9)

34 (43.0)

.01

Others

19 (17.6)

18 (22.8)

.38

A Chi-square test was used to calculate the P values.
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Patients’ Perspectives on Diabetes Apps
Among the patients who had used diabetes apps, the reasons
for discontinuation of use included limited time (59/197, 29.9%),
complicated operations (50/197, 25.4%), ineffectiveness for
glycemic control (48/197, 24.4%), cost (38/197, 19.3%), and
others (48/197, 24.4%). Most patients thought that the diabetes
app was very helpful (89/197, 45.2%) or helpful (67/197, 34.0%)
to them. Overall, 14.2% (28/197) of the patients thought it was
a little helpful. Only 6.6% (13/197) of them thought it was
unhelpful.
Of the patients, 58.4% (115/197) indicated that their apps had
a function for consulting HCPs and, of these patients, 50.4%
(58/115) had used the function to consult an HCP. The
proportion of patients with T2DM who consulted HCPs was
higher than that of patients with T1DM, but this difference was
not statistically significant (26/46, 57% vs 28/61, 46%; P=.28).
A total of 67% (39/58) of their consultations were free. Most
patients thought that these consultations were helpful (33/58,
57%) or very helpful (4/58, 7%). The reasons cited by the
patients as affecting the effectiveness of the consultation
included short consultation time (25/58, 43%), delayed response
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(15/58, 26%), unqualified HCPs (10/58, 17%), and others (8/58,
14%).

Patients’ Attitudes Toward Diabetes Apps
Only 34.87% (445/1276) of patients believed that consulting
HCPs via apps should cost money. However, 59.72% (762/1276)
of these indicated that they would continue to use this function
if the consultation effect was good. Of these, 8.30% (106/1276)
said they would certainly continue to use and 31.97% (408/1276)
said they would not continue to use the app if they had to pay.
Almost all patients said they were in need (889/1276, 69.67%)
or in great need (335/1276, 26.25%) of a good app to help with
their glycemic control. Only 4.08% (52/1276) of them said they
did not need a diabetes app.

Diabetologist Survey
Diabetologists’ Recommendation and Use of Diabetes
Management Apps and Associated Factors
In total, 608 diabetologists (223 from North China and 385 from
South China) from 21 provinces in China responded to the
diabetologist survey. Table 5 shows the characteristics of the
surveyed diabetologists.

Table 5. Characteristics of the surveyed diabetologists (N=608).
Characteristics

Statistics

Gender, n (%)
Male

197 (32.4)

Female

411 (67.6)

Age (years), n (%)
≤30

99 (16.3)

30-39

274 (45.1)

40-49

162 (26.6)

50-59

67 (11.0)

≥60

6 (1.0)

Title, n (%)
Resident

141 (23.2)

Attending specialist

239 (39.3)

Associate chief doctor

125 (20.6)

Chief doctor

103 (16.9)

Hospital level, n (%)
Tertiary hospital

419 (68.9)

Secondary hospital or lower

189 (31.0)
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Figure 3. App awareness rate, recommendation rate, and usage among different age groups of diabetologists (N=608).

Of the diabetologists, 43.8% (266/608) had downloaded a
diabetes management app, 40.5% (246/608) of them had
recommended diabetes apps to their patients, and 25.2%
(153/608) used diabetes apps to manage their patients. The app
awareness rate was lowest in the doctor group younger than 30
years (47/99, 47%) and it gradually increased with age (P<.001).
App recommendation rate and usage increased gradually with
the age of doctors. The highest recommendation rate and usage
were found in the 40 to 49 age group (84/162, 51.9% and
55/162, 34.0%, respectively), and then decreased again with
age (P=.002 and P=.003, respectively; Figure 3). The app
recommendation rate and usage among doctors in tertiary
hospitals were higher than those in secondary or lower hospitals
(190/419, 45.3% vs 56/189, 29.6%; P<.001 and 119/419, 28.4%
vs 34/189, 18%; P<.001).
The app most recommended by diabetologists was Diabetes
Doctor (56/246, 22.8%), which enables doctors to follow their
patients, followed by Welltang (45/246, 18.3%), which is the
only app tested via an RCT in China. The most important factors
that influenced diabetologists’ recommendations of apps to their
patients included not knowing of a suitable app (296/608,
48.7%), not knowing of the existence of diabetes apps (212/608,
34.9%), no time to recommend (182/608, 29.9%), no evidence
demonstrating their effectiveness (90/608, 14.8%), no effect on
blood sugar (47/608, 7.7%), and others (49/608, 8.1%).
The greatest obstacles to diabetologists’ use of apps to manage
patients with diabetes include limited time (280/608, 46.1%),
legal issues (129/608, 21.2%), patients’ distrust (108/608,
17.8%), uncertainty on how to bill patients (66/608, 10.9%),
and others (25/608, 4.1%). The proportion of diabetologists in
tertiary hospitals who thought the largest obstacle was limited
time was higher than that in secondary or lower hospitals
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(212/419, 50.6% vs 68/189, 36.0%; P=.001). The proportion
of doctors who believed that the greatest obstacle was patient
distrust was higher in doctors from secondary or lower hospitals
and junior doctors than in doctors from tertiary hospitals and
among senior doctors (47/189, 24.9% vs 61/419, 14.6%; P=.002;
and 38/141, 27.0% vs 70/467, 15.0%; P=.001, respectively).
In all, 94% (141/150) of the diabetologists use apps to manage
patients free of charge. Most of them managed less than 50
patients (125/150, 83.3%). Most diabetologists who had
managed patients with an app thought that the app had some
effect (83/150, 55.3%) or minimal effect (58/150, 38.7%) on
blood sugar, whereas 2.0% (3/150) thought it had no effect and
4% (6/150) thought it was very effective. Most diabetologists
did not know whether it was legal to use apps to manage patients
(311/608, 51.2%), and 33.6% (204/608) and 15.3% (93/608)
thought that using an app for this purpose was legal and illegal,
respectively.

Diabetologists’ Perspectives of Diabetes Apps
The diabetologists believed that the most important functions
of a diabetes app were diabetes diaries (247/608, 40.6%) and
doctor-patient communication (233/608, 38.4%; Figure 4). Of
the diabetologists, 71.5% (435/608) believed that patients with
T1DM and patients with T2DM needed different apps.
Diabetologists believed that the reasons for the poor effect of
a diabetes app on blood sugar included the following: patients
could not adhere to the use of apps (431/608, 70.9%); HCPs
did not participate in apps or gave too little guidance for patients
(383/608, 63%), diabetes education knowledge on an app was
not systematic (280/608, 46.1%), apps lacked comprehensive
functions (225/608, 37.0%), and others (16/608, 2.6%).
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Figure 4. Diabetes app functions considered to be most important by diabetologists (N=608).

Diabetologists’ Attitudes Toward Diabetes Apps
Most diabetologists said they might (380/608, 62.5%) or would
certainly (219/608, 36%) use a diabetes app to manage patients
in the future. Only 1.5% (9/608) indicated that they would not
manage diabetes patients using an app. Most said that they might
(349/608, 57.4%) or would definitely (253/608, 41.6%)
recommend diabetes apps to their patients, whereas only 1.0%
(6/608) said that they would not recommend one. Most
diabetologists believed that diabetes apps showed good
(325/608, 53.5%) or very good (127/608, 20.9%) potential.

Discussion
Principal Findings
Diabetes App Use among Diabetes Patients and Its
Associated Factors
App usage was 22.8% among patients with T1DM and 10.8%
among patients with T2DM, which was comparable with surveys
conducted in New Zealand [22] and Australia [23], and higher
than the 7% found in a Scottish survey in 2016 [25] and the 3%
found among Latinos in 2015 [21]. The app usage of patients
with T2DM in China was lower than that of patients with T1DM
and was associated with age, education, family income, and
location. The possible reasons are that younger patients and
well-educated patients are more likely to acquire and accept
new technology, and those with higher household income are
more likely to focus on their glycemic control and actively seek
new ways to control blood sugar. China’s economic
development is unbalanced, and medical resources are unevenly
distributed and relatively concentrated in economically
developed areas [7]. There are obvious regional differences in
glycemic control in China [39]. The regional difference in app
usage might be related to these differences in glycemic control.
Furthermore, the app usage among patients with T2DM was
lower than that among patients with T1DM, which is consistent
with former studies [22,23]. This finding may be because the
blood sugar of patients with T1DM is more difficult to control
and their need for an app is greater.
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We found that the app usage in children was higher than that
in adolescents, possibly because children’s blood sugar is always
managed by their parents, as their parents use diabetes apps to
help with glycemic control. However, adolescents gradually
withdraw support from their parents and take over the
management tasks.

Suggestions for Promoting Diabetes App Use
App use among patients with diabetes in China is low, largely
because of the low awareness of diabetes apps. Only 29.94%
of the patients knew that diabetes apps existed, but only half of
these patients who knew of diabetes apps would use one.
Additionally, many doctors, particularly younger doctors, had
no information on diabetes apps. Specifically, younger doctors
had less awareness of diabetes apps than did senior doctors,
which might be related to younger doctors having less awareness
of the progress made in diabetes treatment. Therefore, public
awareness of diabetes apps must be increased.
Our study found that only a small number of patient apps were
recommended by doctors. Most apps were recommended by
patients or were casually chosen. In total, 40.5% of the
diabetologists in China recommended diabetes apps to their
patients, which was lower than the 60.1% found in the New
Zealand survey [22] and the 62% found in the US survey [40].
The most important factor that influenced diabetologists’
recommendation of apps to patients was that they had no idea
of a suitable one among the numerous apps. Although there are
thousands of diabetes apps, only a small number of them were
tested for efficacy [31]. The quality of the studies was not high,
and the effects of the apps on blood sugar were inconsistent
[41]. Thus, it is difficult for HCPs to recommend a suitable app
to their patients. Therefore, it is very important to carry out
high-quality RCTs to test app efficacy [42].

Barriers to Doctor-Patient Communication and
Suggestions for Improvement
Both diabetologists and patients believed that doctor-patient
communication and diabetes diaries were the most important
functions of a diabetes app, which was consistent with our
previous report [26]. The app most recommended by
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diabetologists was one that doctors could use to follow-up with
their patients. However, only 25.2% of the diabetologists
managed diabetes patients with apps.
The main reasons given by diabetologists as affecting patient
management with apps were limited time, issue of legality, and
patients’ distrust. More doctors in tertiary hospitals than in
primary hospitals thought that the largest obstacle to using an
app to manage patients with diabetes was limited time, and more
younger doctors and doctors from primary hospitals believed
that patients’ distrust was the largest obstacle. Therefore,
improving the specialty of young doctors and doctors from
primary hospitals can effectively improve patients’ trust in these
doctors, reduce the burden on senior doctors from tertiary
hospitals, and effectively promote using diabetes apps to manage
patients. Fortunately, the Chinese government is actively
promoting standardized training for residents and a hierarchical
medical system, which will effectively reduce the burden on
doctors from tertiary hospitals, improve the specialties of young
doctors and doctors from primary hospitals, and enhance
patients’ trust in them. Owing to a lack of face-to-face physical
examinations and complete medical histories, most doctors did
not know whether using an app to manage patients was legal.
China is vigorously promoting internet health care and
improving relevant legislations [43]. Therefore, it may become
possible for doctors to manage their patients with an app.
The approach used to bill patients was also a reason given by
diabetologists that affected patient management. At present,
most diabetologists use apps to manage patients free of charge,
which affects the HCP’s enthusiasm. Medical insurance should
be included, and an effective billing system should be
established.

Suggestions for the Design of Diabetes Apps
There were a few differences in the needs of an app between
patients with T1DM and patients with T2DM. More patients
with T1DM believed that the insulin dose calculator was the
most important function of diabetes apps. Patients with T1DM
rely on insulin therapy, and insulin dosage must be adjusted
according to diet and exercise. Thus, these patients have a
greater need for this function. There were also differences in
the choice of apps between the 2 groups. The most common
choice of patients with T1DM was an app targeted for patients
with T1DM (Diabetes Circle). The most common choice of
patients with T2DM was Diabetes Nurse, to which blood sugar
tested by a Dnurse glucometer can be directly transmitted.
Additionally, most doctors believed that patients with T1DM
and patients with T2DM need different apps. Therefore, apps
should be designed according to different types of diabetes
patients’ demands.
The data entry burden is the major reason why patients cannot
persist in using an app [44]. Data transferred directly from a
glucometer to an app will reduce the data entry burden, which
is why most patients chose the Diabetes Nurse app.
Diabetologists believed that the main reason why an app was
ineffective was that patients could not persist in using it. The
main reasons why patients did not want to continue to use an
app were lack of time and complicated operations. Therefore,
app design should enable blood sugar data from glucometers
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to be automatically transmitted to the app, which will greatly
increase patient compliance.
Of the diabetologists, 46.1% believed that a lack of systematic
and standardized diabetes education knowledge was a reason
for the poor efficacy of apps. Most apps do not have educational
information cited from accredited sources [45]. Previous studies
indicated that a mobile app was preferable to receiving DSMES
in a hospital [26,46]. Therefore, diabetes education knowledge
compiled by a multidisciplinary team will effectively improve
patients’ self-management ability and improve the effectiveness
of an app.

Prospect of Diabetes Apps
Almost all patients indicated that they needed an effective app
to manage blood sugar. Almost all diabetologists said they
would or could use diabetes apps to manage patients and
recommend diabetes apps to their patients. China has the largest
number of patients with diabetes in the world [2], and our results
suggest that diabetes apps have a very good future in China.

Comparison With Prior Work
To our knowledge, no large-scale investigations have been
conducted on diabetes app use among people with diabetes in
China. An Australian survey suggested that disease duration
was related to the use of app in diabetes patients [23,24]. Our
study did not find such an association, probably because of
different samples. The Australian survey only investigated
patients with a disease duration of more than 1 year, and our
study included patients of all disease durations. Furthermore,
the disease durations were self-reported and might be inaccurate.
Our study found that diabetes app users tended to be younger,
have higher incomes, and be more educated, which was
consistent with a health app survey in the United States [44].
Boyle et al investigated both diabetes patients and HCPs for
their use and beliefs about diabetes apps. They also found that
diabetes diaries were most useful for diabetes patients [22]. Our
strength was that we recruited a large sample throughout China,
and we also investigated the patient-doctor communication
feature from the perspectives of both patients and doctors, which
is considered to be the most important function by both patients
and diabetologists [26].
Few studies have surveyed diabetes app use from the point of
view of HCPs. Karduck and Chapman-Novakofski investigated
clinicians’ perspectives on mHealth apps and found that most
clinicians (62%) recommended mobile phone apps to their
patients to track their diet and physical activity [40]. Our study
found a 40.5% recommendation rate. However, most of their
samples were nutritionists and diabetes educators. We recruited
only diabetologists because diabetes patients in China are mostly
treated by these doctors.
In addition to investigating patients’ app use, we also
investigated diabetologists’ use, perspectives, and attitudes
regarding diabetes apps, as well as patients’ needs, perspectives,
and attitudes regarding diabetes apps. Therefore, we can provide
more effective information for app design and promotion of
app usage and better understand the diabetes app market in
China.
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Limitations
A strength of our study was that the patient and diabetologist
survey links were initially sent to doctors from 46 LADA China
Study collaborative hospitals in 25 representative major cities
and spread on their WeChat contact networks. In addition to
this snowball sampling method, patients with diabetes were
surveyed via convenience sampling on 3 WeChat public
accounts. Finally, our sample came from 30 provinces across
China. Our research also had several limitations. First, the 1276
sampled patients did not sufficiently represent the large
population of patients with diabetes in China. Second, our
sampling was not stratified by geographic region, urban or rural
location, socioeconomic status, age, or diabetes type. Some
selection bias was unavoidable. Although the mean age of our
patient sample was comparable with that of the national survey
concerning diabetes prevalence in China [47], the proportion
of patients with T1DM in our sample was higher than the actual
disease proportion of total patients with diabetes [48]. Finally,
our sampling was based on the WeChat network. Although
WeChat has 1.04 billion monthly active users [49], some people
do not use WeChat or surf the internet. Thus, actual app usage
might be lower, particularly among elderly patients.
Our study was a cross-sectional survey. Although patients’
perspectives and attitudes are very important when developing
a mobile app for their use [50,51], people’s attitudes toward
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what is useful and what might work are heavily anchored in
their present experience regarding the development of
technology and how it is implemented. Therefore, these findings
must be updated over time as technology develops and people’s
perceptions change. Furthermore, many factors influence app
use. Although we adjusted for some factors in the multivariate
analysis, other potential confounding factors remain.

Conclusions
Using an exploratory approach, we found that awareness and
use of diabetes apps among the Chinese diabetic population and
the proportion of diabetologists using diabetes apps to manage
patients are low. There are a few differences in the needs for
and choice of diabetes apps between patients with T1DM and
patients with T2DM. Therefore, designing apps targeted for
different patients’ needs and conducting high-quality RCTs will
improve the effectiveness of apps, provide evidence for patients
to choose suitable apps, and be conducive to the promotion of
diabetes apps. China should increase public awareness of
diabetes apps, and relevant policies and regulations are needed
to support doctors’ use of apps to manage patients. Diabetes
app use in China has good potential. Diabetes apps are
potentially effective supplements that can be used in traditional
outpatient clinics to improve glycemic control in Chinese
patients with diabetes.
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Abstract
Background: An incentive spirometer (IS) is a medical device used to help patients improve the functioning of their lungs. It
is provided to patients who have had any surgery that might jeopardize respiratory function. An incentive spirometer plays a key
role in the prevention of postoperative complications, and the appropriate use of an IS is especially well known for the prevention
of respiratory complications. However, IS utilization depends on the patient’s engagement, and information and communication
technology (ICT) can help in this area.
Objective: This study aimed to determine the effect of mobile ICT on the usage of an IS (Go-breath) app by postoperative
patients after general anesthesia.
Methods: For this study, we recruited patients from April to May 2018, who used the Go-breath app at a single tertiary hospital
in South Korea. The patients were randomly classified into either a test or control group. The main function of the Go-breath app
was to allow for self-reporting and frequency monitoring of IS use, deep breathing, and active coughing in real time. The Go-breath
app was identical for both the test and control groups, except for the presence of the alarm function. The test group heard an alarm
every 60 min from 9 am to 9 pm for 2 days. For the test group alone, a dashboard was established in the nurse’s station through
which a nurse could rapidly assess the performance of multiple patients. To evaluate the number of performances per group, we
constructed an incentive spirometer index (ISI).
Results: A total of 44 patients were recruited, and 42 of them completed the study protocol. ISI in the test group was 20.2 points
higher than that in the control group (113.5 points in the test group and 93.2 points in the control group, P=.22). The system
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usability scale generally showed almost the same score in the 2 groups (79.3 points in the test group and 79.4 points in the control
group, P=.94). We observed that the performance rates of IS count, active coughing, and deep breathing were also higher in the
test group but with no statistically significant difference between the groups. For the usefulness “yes or no” question, over 90%
(38/42) of patients answered “yes” and wanted more functional options and information.
Conclusions: The use of the Go-breath app resulted in considerable differences between the test group and control group but
with no statistically significant differences.
Trial Registration: ClinicalTrials.gov NCT03569332; https://clinicaltrials.gov/ct2/show/NCT03569332 (Archived by WebCite
at http://www.webcitation.org/74ihKmQIX).
(JMIR Mhealth Uhealth 2019;7(2):e12204) doi:10.2196/12204
KEYWORDS
incentive spirometer; mobile health; postoperative care; gastric cancer; motivation

Introduction

trial was registered with the US National Institutes of Health
Clinical Trials Registry (NCT03569332).

Background

Study Setting

Vigorous and multidisciplinary efforts are required to prevent
postoperative complications following prolonged general
anesthesia [1], and an incentive spirometer (IS) plays a key role,
especially for patients with limited mobility [2]. An incentive
spirometer is a medical device used to help patients improve
the functioning of their lungs. It is provided to patients who
have had any surgery that might jeopardize respiratory function.
The IS is used for the prevention of atelectasis, hypoxemia,
pneumonia, respiratory dysfunction, and pleural effusion [3,4].
However, IS utilization has remained the same since its initial
development in the 1960s, and the usage protocol has not been
standardized [5-8].

This study was conducted at an academic tertiary center located
in Seoul, Korea. The hospital’s expertise is cancer care. It hosts
approximately 2000 inpatient beds and registers approximately
8500 outpatients per day.

Although many mobile phone apps have been developed for
self-management in various clinical settings, only a few cases
showing their use in postoperative care were reported [9], even
though subjective activity by patients can influence their clinical
hospital outcomes. Therefore, with help from mobile information
and communication technology (ICT), patients can be more
engaged in behaviors that can lead to better clinical results
[3,10,11].
A mobile ICT for hospitalized postoperative patients can
improve clinical outcomes by several pathways: it can encourage
patients by informing them of important performance indices
such as exercise duration [12-14], and it can connect the patient
and provider with a real-time dashboard that can support prompt
provider reactions. In a previous study, a postoperative group
of patients using mobile ICT recovered significantly better than
a control group [9].

Objective
Therefore, the goal of this study was to determine the effect of
mobile ICT on the performance of postoperative patients using
an IS (Go-breath) app after general anesthesia.

Methods
Study Design
This was a single-center, randomized controlled trial (RCT)
assessing the effectiveness of an IS self-reporting app
(Go-breath) to improve IS performance and effectiveness. This
http://mhealth.jmir.org/2019/2/e12204/
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Gastric cancer is one of the major diseases treated in the
institution. The hospital’s Critical Pathway defines the routine
care process for gastric cancer surgery as follows: The patient
is admitted the evening before the surgery and discharged
approximately 9 to 10 days after surgery—the discharge period
of laparotomy is postoperative day (POD) 8 and for laparoscopy
is POD 7—without complications; the patient receives
instructions on the routine use of an IS before the surgery, and
its use is initiated the morning after the surgery (POD 1).

Study Participants
Participants were enrolled from April to May 2018. We recruited
patients from the surgical ward immediately after the admission
process. Our eligibility criteria stipulated that patients were
older than 18 years and planned to undergo robotic or
laparoscopic surgery or a laparotomy. The enrollment was
performed the day before the surgery, and the intervention was
initiated the day after the surgery (POD 1). Following
recruitment, participants were provided written informed consent
and randomized using a Web-based random number generator
and sealed enveloped in a 1:1 ratio. If the patient was in the
intensive care unit (ICU) or in an emergency condition requiring
nonelective surgery, he or she was excluded from the study.
The patients were dropped from the study if the postoperative
state of the patients was not difficult to predict in advance and
if their postsurgical condition (and before the initiation of
intervention) was consistent with the exclusion criteria such as
ICU admission. Dropout was only permitted on the day of
surgery (POD 0).

Study Protocol
Patients were allocated to the test and control groups after giving
their consent for the study. Patients received a tablet with the
Go-breath app installed, and they received information about
the app and use of the IS for approximately 30 min. The IS
awareness session was carried out using either video clips
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12204 | p.237
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(Multimedia Appendix 1) or nurses as part of the routine clinical
process.
Generally, the nurses were encouraged to check the performance
of the IS on the patients over 10 times every hour after the
surgery, and some ward nurses checked the IS performance rate
more than 10 times per hour from 9 am to 9 pm.
The Go-breath app was identical for both the test and control
groups except for the alarm function. The test group heard an
alarm every 60 min from 9 am to 9 pm during POD1-POD2 (a
total of 24 hours). For the test group only, a dashboard was
established in the nurse’s station through which a nurse could
rapidly assess the performance of multiple patients. On the other
hand, the control group was not provided an alarm function or
nurse dashboard identification. The control group only entered
the number of IS performances using the app.
The measurement of IS use was unlimited, but the record of the
Go-breath app and dashboard would show up to a maximum of
10 times per hour. We named this the incentive spirometer index
(ISI), and a description of this index is provided in the major
outcomes section. Termination of the study occurred in the
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morning of POD 3. Study assistants visited each patient,
collected devices, conducted a short survey about usability
among the patients and interviewed the patients for subjective
opinions. Even though the study intervention lasted for only 2
days, the patients’ outcomes were tracked until the day of
discharge. An overview of the study protocol is provided in
Figure 1.

Device and System
Hardware and System Architecture
The system was constructed based on the opinions of health
providers and comprised a mobile phone app for patients and
a server for medical staff. Patients could self-input their
performance of IS, active coughing, and deep breathing every
time. This information was transmitted to a nurse dashboard
for a real-time check. All patients were given the same hardware
(Galaxy tablet A 8.0, Samsung, purchased 2018) running
Android 8.0, and the mobile Go-breath app was tested on
Android 8.0 utilizing an Amazon Web service server (Figure
2).

Figure 1. Study protocol. Superscripted "a" indicates alarm every 50 min for insufficient during 9am-9pm (alarm off during 9pm-9am); "b" indicates
calculation of performance score applies only to incentive spirometer (full score 240, 10 out of 10 points). V/S: blood pressure, fever, body temperature,
respiration rate; CRP: C-reactive protein; IS: incentive spirometer; PA: posterior to anterior; WBC: white blood cell.

Figure 2. Screenshot of the Go-breath app (left) and dashboard (right). The original version was in Korean, but it was modified to display English.
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Go-breath App
The main function of the Go-breath app was to allow for
self-reporting and frequency monitoring of IS, deep breathing,
and active coughing in real-time. In principle, patients were
instructed to use the IS 10 times every hour and simultaneously
report it to the app. The optimal number of times to use the IS
was derived from the literature [2,6]. Patients could also check
on their current state and edit previous indices they had input
(Figure 3).
The Go-breath app was set to alarm when the number of IS uses
did not reach 10 in an hour. The app was set to ring 10 min
before the end of each hour to give the patients time to complete
the expected number of hourly uses. When the patients fulfilled
their hourly IS use, the alarm would silence automatically.
However, patients could silence the alarm. When the mute icon
was pressed, the alarm would be deactivated for 2 hours and
would reactivate by default. This functionality was provided
because some of the patients could be away from their bed for
various reasons, and the alarm could disturb other patients. The
system remained frozen during the study period. We had
preserved the anonymity of the patients by an unidentified
number.

Go-breath Dashboard
Only information from the test group was displayed on the
Go-breath dashboard. The dashboard showed IS performance
that did not include other measures, such as deep breathing and
active coughing. Each patient was displayed as a card with his
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or her location and POD information. For each card, the patient’s
ISI during the most recent 6 hours was displayed as a bar graph.
If the most recent hourly ISI was not optimal (below 10), the
card turned red. The timing and alarm rules were identical to
that of the Go-breath app (Figure 3).

Major Outcomes
Primary Outcome
We developed the ISI, which ranged from 0 to 120 per day. The
maximum score was 240 for a 2-day observation period. We
developed an outcome index using clinical experts and
supporting literature [2,6-8]. The ISI was defined as 10 points
per each hour, the frequency of IS use was 10 times or more for
that hour. If the frequency was below 10 for that hour, the score
was rated as 0. ISI was only measured from 9:00 am to 9:00
pm at PODs 1 and 2. We compared the ISI of the test group and
control group.

Secondary Outcome
The secondary outcome was the System Usability Scale (SUS).
At the end of the study, patients completed an offline
questionnaire to evaluate the system using the SUS, which is
widely used in health information technology research [15-20].
The questionnaire measures the usability of hardware and
software products, and it comprises only 10 items that
respondents score on a 5-point Likert scale. Answers were
converted to a final 0- to 100-point score, and the higher the
score, the more usable the product [17,19,21].

Figure 3. System architecture. API: application programming interface; AWS: Amazon Web Service.
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Other Outcomes
In addition to the major outcomes, we measured IS use
frequency, active coughing frequency, deep breathing, and
clinical results (as length of stay). Clinical data, such as surgery,
laboratory data including white blood cell, C-reactive protein,
vital signs (fever), and chest posterior to anterior, and length of
stay were also collected.

Interviews
After the study, a brief face-to-face interview with every patient
was performed by a research assistant. Patients answered
whether the system was helpful or not and rated the score.
Patients’ subjective opinions of the system were also gathered
during the process.

Data Collection
We collected the patients’ baseline demographic information
along with variables associated with surgery including surgeon,
type of surgery, and duration of the operation. In the trial, all
participants were asked to record log when they started and
finished Go-breath app every day. Missing entries were
interpreted as a missed value.

Sample Size Calculation
We calculated the sample size of this study with the G-power
3.1 program (Statistical power analyses using G*Power 3.1
[22]). Several assumptions were made to set the sample
population. The power was set to 0.90, significance level was
set to .05, and effect size was 1.00. The minimum number of
samples for the Wilcoxon rank-sum test was 19 in each group.
We assumed that the ISI would be different by 60% (12/20; test
group) versus 40% (8/20; control group), with SDs for each
group. This assumption was made based on expert opinions
because there was no evidence that described IS frequency.
Under these conditions, the sample size was 19 patients, and
finally, 22 patients were selected for each group considering a
dropout rate of 10%.
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Results
Study Participants
We recruited 44 patients from April to May 2018, with 22
patients allocated to the test group and 22 patients allocated to
the control group from patients who used the Go-breath app at
a single tertiary hospital in South Korea. A total of 2 patients
were excluded because of clinical conditions. The overall
average age was 55.9 (SD 12.9) years. The proportion of female
patients was 34.1%. All patients had gastric cancer, and the
overall average surgery time was 169 (SD 46.2) min. The
demographic information of both groups is shown in Table 1.

Major Outcomes
The primary ISI outcome and the secondary SUS outcome are
shown in Table 2, and no statistically significant differences
were noted in these outcomes between the test and control
groups. SUS of both groups showed good to excellent grade
[21].
For the performance measures, both the IS rate count and deep
breathing showed a higher performance without a statistical
significance. However, active coughing showed a significantly
higher performance in the test group compared with the control
group. For the clinical results, including inflammatory markers
and pulmonary complications, there were no statistically
significant differences between the test and control groups
(Table 3).

Interviews
For the usefulness questionnaire, 90.0% of the test group and
90.9% of the control group answered yes. There were 3 domains
of opinions: function addition, function alteration, and etc. The
2 most wanted functions were exercise tracking and peer
patients’ information, and the most frequent complaint was
about Wi-Fi connection issues (Table 4).
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Table 1. Demographic characteristics of patients in the test and control groups.
Category

Test group (N=22)

Control group (N=22)

Female

6 (27)

9 (40)

Male

16 (72)

13 (59)

2 (9)

0 (0)

30-40

1 (4)

4 (18)

50-60

12 (54)

11 (50)

70-80

8 (36)

7 (31)

Over 80

1 (4)

0 (0)

Laparotomy

10 (45)

8 (36)

Laparoscopy, robotics

12 (54)

14 (63)

Dr K

9 (40)

7 (31)

Dr B

3 (13)

3 (13)

Dr S

5 (22)

5 (22)

Dr L

5 (22)

7 (31)

Tuberculosis

0 (0)

1 (4)

Diabetes mellitus

2 (8)

2 (9)

Hypertension

4 (20)

8 (36)

Others

2 (10)

2 (9)

168 (54)

170 (36)

Sex, n (%)

Dropout, n (%)
Age (years), n (%)

Method of surgery, n (%)

Physicians, n (%)

Comorbidity, n (%)

Time of surgerya (min), mean (SD)
a

Time of surgery was defined as the time from anesthesia to extubation time.

Table 2. Major outcomes.
Index

Test group (N=20), mean (SD)

Control group (N=22), mean (SD)

P value

ISIa

113.5 (0.8)

93.2 (71.2)

.22

SUSb

79.25 (20.59)

79.43 (18.83)

.94

a

ISI (incentive spirometer utilization index) is a score of 10 points per hour if over 10 times from 9 am to 9 pm for 2 days, with a total maximum score
of 240.
b

SUS: System Usability Scale.
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Table 3. Other outcomes.
Category

Test group (N=20)

Control group (N=22)

P value

Incentive spirometer, count

139.5 (61.2)

119.0 (84.5)

.27

Active coughing

79.0 (52.78)

44.1 (43.62)

.04

Deep breathing

107.8 (66.8)

94.8 (88.33)

.49

WBCa, k/mL

6.2 (2.8)

5.9 (1.8)

.93

CRPb, mg/dL

8.1 (4.0)

8.2 (2.9)

.07

10.8 (1.6)

10.40 (1.00)

.57

2 (10)

3 (15)

.64

6 (30)

10 (45)

.79

Performance rate, mean (SD)

Laboratory results, mean (SD)

Length of stay, mean (SD)
Chest PAc , n (%)
Atelectasis
d

Fever , n (%)
a

WBC: white blood cell.

b

CRP: C-reactive protein.

c

PA: posterior to anterior.

d

Fever was defined as 37.5ºC (99.5ºF), and it means the number of people who have been checked for fever at least once.

Table 4. Components of the qualitative interview.
Part

Contents

Responses (n)

Function addition (N=12)

“I would like to have the ability to check the number of steps when walking after surgery.”

3

“I would like a report function on the results of my performance compared with other patients
and checking the number of balls up.”

3

“I wish I could hang it on a portable pole and small size device.”

2

“I would like to be provided with the training methods for coughing and deep breathing in addi- 1
tion.”

Alert function

Other components

“I wish that the software has more fun-factors.”

1

“I wish my IS use data gets entered automatically.”

1

“I would like to have a medication schedule on the device.”

1

“I wish there was a notice function when the goal is achieved.”

2

“I would like to be able to customize the alarm settings myself.”

1

“I was very worried that the alarm would be annoying to other patients.”

1

“I did not want to use it because of Wi-Fi connection issues.”

3

“The device and solution were somewhat difficult for the elderly.”

3

“I expected the nurses to inform me when my performance was not good, only to be disappointed 2
when they did not.”

Discussion
Principal Findings
The purpose of this study was to assess the effectiveness of a
mobile phone app on improving the performance of the IS by
postoperative patients. The major intervention of this study was
to provide an interactive feedback system for patients to improve
their breathing exercise behaviors. To our knowledge, this is
the first RCT that involves the IS and a mobile phone app even
though multiple research studies had previously shown their
feasibility [9,23]. We enrolled 42 patients, split between a test
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and control group, and compared their ISI, which showed an
approximate 20% difference between the 2 groups (113.5, SD
50.8 vs 93.2, SD 71.2), although the difference was not
statistically significant.

Strength and Limitations
The negative outcome could have been influenced by several
factors. First, the SDs were very high in both groups. This means
the study population was heterogeneous with respect to IS use,
which was not considered when designing the clinical trial. To
the authors’ knowledge, there was no literature with specific
measures of the IS. The SD was higher than other in-hospital
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indices, which was hard to foresee before the trial. In general,
the evidence on the effectiveness of this app is limited and needs
further investigation before implementation in mobile health
care. Recent studies have shown a substantial variation in the
effectiveness of mobile health apps. Previous studies have not
reported a significant difference in clinical outcomes in mobile
health research because of the difficulties in RCT settings, such
as small sample sizes and low levels of research design.
However, an effective clinical assessment of mobile health is
hard to achieve, and there have been various attempts to
determine health engagement and behavioral factors [24,25].
The second possible reason was that the feedback mechanism
could have influenced the control group more than intended.
Patients behave differently because of several factors, and many
patients come from a nonmedical background. However, studies
involving the behaviors of hospitalized patients still need more
exploration. For example, the Diabetes Prevention Program was
introduced to Mobile App America by insurance companies.
Mobile App America is a company with proven effective mobile
phone app development, and it focuses on participant
engagement and app value [26-29]. Individuals involved in
technological development, engineering, and theory tend to
focus on the technology itself [30]. However, health care user
engagement in a postoperation setting includes unpredictable
factors such as caregiving, word setting, Wi-Fi connections,
and nurse feedback.
The third possible reason could be the effectiveness of the
alarms. Many patients were sharing rooms with other patients
and were very concerned about the sound of the alarm bothering
others. To make this kind of trial more successful, patient
feedback should be carefully considered.
Nevertheless, the effect of the mobile phone app was
demonstrated along with the details of the ISI and performance
rate. All results were based on the difference between the test
and control groups. Although the effectiveness of the app was
not proven, the possible utility of a mobile phone app in the
postoperation setting was shown. In addition, this was the first
trial to collect real-time evidence of IS device use over a long
duration. Although we could not find a standard for how patients
should perform the IS, this research is significant by itself.
The negative outcome of this study is because of the diversity
of the patients’ behavior than the effectiveness of the
intervention. Both the test and control groups showed a wide
SD, which diminished the statistical power. This could have
been prevented by appropriate sample size calculations, but to
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the authors’ knowledge, no other study had revealed such a
wide difference in hospitalized patients’ behavior with
postoperative conditions.
The reason we had negative outcomes in the SUS could vary.
Though we wanted to make an interactive system and evaluate
its utility, a majority of the device’s functions were very similar
in both groups. From the users’ aspect, reporting on the system
could have been the main task. The alarm function was a major
intervention for recognition, but it could be a minor task for
patients.
This study did not detect a statistically significant difference
with Go-breath app usage between the test group and the control
group. However, considerable differences were still observed
between the 2 groups, and such differences may demonstrate
the possible effects of ICT on patient IS engagement. The
surgical procedures, comorbidities (Multimedia Appendix 2),
and length of anesthesia could have also influenced the outcome,
which must have been minimized by randomization.
This study had some limitations. First, we could not measure
the frequency of the use of the Go-breath dashboard because of
the difficulty of implementing it without substantially disturbing
the clinical routines of the acting nurses. Second, because our
system relied on the input from a number of patients
(nonblinded), the results could have been biased by the patients’
subjective cognition, willingness, or adherence to digital devices.
The existence of family members could have also influenced
the input. However, even with these potential biases, inputting
the data itself could have positively influenced the use of IS, as
with other mobile solutions [22]. The third limitation is related
to the second one; the control group could have been
substantially influenced by the device when inputting IS use.
Even without its alarm function, individuals in the test group
could see their current IS usage status, which could have
encouraged them to use it more frequently, aggravating the
Hawthorne effect. Finally, there was no confirmed function for
the performance rate. Although we made it possible to modify
the number of previous performances, it did not guarantee the
accuracy of the number of IS uses. To improve this, a sensor
that automatically measures the number of IS uses could provide
more accurate data.

Conclusions
The use of the Go-breath app resulted in considerable differences
between the test group and control group but with no statistically
significant differences.
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Abstract
Background: Telemonitoring (TM) can improve heart failure (HF) outcomes by facilitating patient self-care and clinical decision
support. However, these outcomes are only possible if patients consistently adhere to taking prescribed home readings.
Objective: The objectives of this study were to (1) quantify the degree to which patients adhered to taking prescribed home
readings in the context of a mobile phone–based TM program and (2) explain longitudinal adherence rates based on the duration
of program enrollment, patient characteristics, and patient perceptions of the TM program.
Methods: A mixed-methods explanatory sequential design was used to meet the 2 research objectives, and all explanatory
methods were guided by the unified theory of acceptance and use of technology 2 (UTAUT2). Overall adherence rates were
calculated as the proportion of days patients took weight, blood pressure, heart rate, and symptom readings over the total number
of days they were enrolled in the program up to 1 year. Monthly adherence rates were also calculated as the proportion of days
patients took the same 4 readings over each 30-day period following program enrollment. Next, simple and multivariate regressions
were performed to determine the influence of time, age, sex, and disease severity on adherence rates. Additional explanatory
methods included questionnaires at 6 and 12 months probing patients on the perceived benefits and ease of use of the TM program,
an analysis of reasons for patients leaving the program, and semistructured interviews conducted with a purposeful sampling of
patients (n=24) with a range of adherence rates and demographics.
Results: Overall average adherence was 73.6% (SD 25.0) with average adherence rates declining over time at a rate of 1.4%
per month (P<.001). The multivariate regressions found no significant effect of sex and disease severity on adherence rates. When
grouping patients’ ages by decade, age was a significant predictor (P=.04) whereby older patients had higher adherence rates
over time. Adherence rates were further explained by patients’ perceptions with regard to the themes of (1) performance expectancy
(improvements in HF management and peace of mind), (2) effort expectancy (ease of use and technical issues), (3) facilitating
conditions (availability of technical support and automated adherence calls), (4) social influence (support from family, friends,
and trusted clinicians), and (5) habit (degree to which taking readings became automatic).
Conclusions: The decline in adherence rates over time is consistent with findings from other studies. However, this study also
found adherence to be the highest and most consistent over time in older age groups and progressively lower over time for younger
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age groups. These findings can inform the design and implementation of TM interventions that maximize patient adherence,
which will enable a more accurate evaluation of impact and optimization of resources.
International Registered Report Identifier (IRRID): RR2-10.2196/resprot.9911
(JMIR Mhealth Uhealth 2019;7(2):e13259) doi:10.2196/13259
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Introduction

contexts which may be less likely to limit patient use of an
intervention to a predefined study period.

Background

Study Objectives

Heart failure (HF) telemonitoring (TM) interventions are
designed to transform traditional HF management from one of
episodic care (during periods of symptom exacerbation or
scheduled follow-up visits) to one of continuous management,
extending into patients’ daily lives. TM systems enable patients
to take home readings (eg, weight, blood pressure, pulse rate,
oxygen saturation, and symptoms) [1] which then get transmitted
to clinicians at a remote location [2]. The main outputs of this
data transfer are threefold. First, the act of taking regular
measurements instills in patients a sense of active participation
in their care while providing information required to engage in
self-care [3,4]. Second, timely data transmission enables
clinicians to catch symptom exacerbations early and allow for
remote intervention [5]. Finally, even in the periods of patient
stability, longitudinal data collected by TM systems provide a
more holistic picture of patients’ condition which can improve
the quality of clinical decisions [6]. According to several
meta-analyses, these mechanisms work together to improve
quality of life and reduce mortality and health care utilization
compared with the standard of care without TM [2,7-10].
However, large and well-designed randomized controlled trials
(RCTs) have reported null or mixed results which cannot be
ignored [11-14]. We have previously made the case that
inconsistencies in the evidence can be explained, in part, by
varying fidelity with which interventions are implemented in
trials, including the degree to which patients adhere to taking
prescribed home readings [15].

In August 2016, an HF TM program was deployed as part of
the standard of care in a specialty heart function clinic in
Toronto, Canada. A previously published case study of this
program’s implementation described and explained clinician
adoption as well as the degree of integration within the clinic
[20]. This study aimed to describe the patient perspective within
the case study. The objectives were to (1) quantify the degree
to which patients adhered to taking prescribed home readings
and (2) explain longitudinal adherence rates based on the
duration of program enrollment, patient characteristics, and
patient perceptions of the TM program.

Despite the importance of ensuring consistent patient adherence
over the course of a TM intervention, there is a dearth in the
literature on this topic [16,17] and existing knowledge is difficult
to generalize. First, although systematic reviews describe general
trends of adherence as starting high in the early months and
dropping off over time, there is significant heterogeneity with
overall rates between 40% and 90% being reported across
studies [3,16]. Second, much of the remote monitoring literature
on adherence relates to interactive voice response (IVR)–based
interventions with much fewer studies related to newer forms
of TM that leverage devices already familiar to patients (eg,
mobile phones) [3]. Third, adherence is defined and measured
inconsistently across studies with many simply reporting
engagement with the technology (eg, taking a single measure)
which does not always encompass the full set of patient
behaviors needed to optimize the intervention’s mechanisms of
action [18,19]. Finally, the phenomenon of patient adherence
is typically measured in the context of RCTs, limiting the
understanding of patient adherence within real-world TM
http://mhealth.jmir.org/2019/2/e13259/
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Methods
Study Design
The study used a mixed-methods explanatory sequential design
whereby overall and monthly patient adherence rates were first
analyzed over a 1-year period. These adherence rates
subsequently informed the sampling strategy for semistructured
interviews with the objective of explaining overall adherence
rates. Additional explanatory data were collected including
questionnaires and reasons for leaving the program, all of which
were triangulated with the interview findings to explain
adherence rates.
The methods used to explain adherence were guided by the
unified theory of acceptance and use of technology 2 (UTAUT2)
which outlines how 7 constructs influence consumers’ intention
to use a technology [21]. These constructs, whose definitions
have been adapted to facilitate their operationalization within
this study, include the following: (1) performance expectancy
(the degree to which using the TM system is perceived to
provide benefits for patients and is analogous to relative
advantage in the diffusion of innovation literature and perceived
usefulness in the technology acceptance model), (2) effort
expectancy (the degree of ease associated with patients using
the TM system), (3) facilitating conditions (patients’ perception
that there are resources available to support their use of the TM
system), (4) social influence (the extent to which others
important to the patients [eg, family and friends] support the
use of the TM system), (5) hedonic motivation (the fun or
pleasure derived from using the TM system), (6) price value
(patients’ cognitive trade-off between the benefit of using the
TM system and the monetary and time costs to them), and (7)
habit (the extent to which patients take their required readings
automatically because of learning). The UTAUT2 also proposes
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e13259 | p.248
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that the influence of these 7 constructs on behavioral intention
to use technology is modified by age, gender, and experience
with using the technology [21].
Key methods for this study have been published in a protocol
for a larger quality improvement program evaluation [22] which
has been approved by the University Health Network (UHN)
Research Ethics Board (16-5789). This approval included the
analysis of all data collected as part of the standard of care (ie,
TM usage data). Informed consent was obtained by patients
who completed questionnaires and interviews.

The Intervention
Telemonitoring Technology
The central component of the Medly TM program is the Medly
smartphone app that patients use to take weight, blood pressure,
and heart rate readings as well as record their symptoms using
a “yes/no” questionnaire composed of 5 to 11 “yes/no”
questions. Patients are instructed to take these 4 readings daily
within 30 min of each other before 12 pm. If this is done, the
recorded data get processed by a clinically validated algorithm
embedded in the app [23], which has been contextualized
according to each patient’s target thresholds for each of the 4
readings. If the algorithm identifies that key readings are within
the acceptable range, the reading values are presented on the
screen with a message telling patients that their readings are
fine on that day. However, if the algorithm identifies that key
readings are out of range or that there is a worrying trend in
weight gain, the app generates and displays self-care feedback
messages which are highlighted in a different color depending
on the determined urgency (Figure 1). Types of self-care
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feedback messages include the following: informing patients
when they are outside their normal range, instructing them to
take their prescribed diuretic medication, and suggesting when
to contact their care providers or go to the emergency
department. Similarly, clinicians also receive alerts when
readings are out of range which they can receive via email or
view within the clinician-facing Medly dashboard.
Other features of the Medly app include the ability to view
graphical trends of each reading’s values and to assist with
adherence, an automated phone call to their primary phone line
(personal mobile phone or home landline) to remind patients if
they have not yet taken morning readings by 10 am. This feature
can be disabled at the patient’s request. The development of
Medly features aimed at promoting patient self-care was guided
by the Connelly Framework for Self-Care in Chronic Illness
[24] (a derivation of the health belief model [25]) using an
iterative user-centered design process which included a formal
needs assessment [26] and multiple rounds of usability testing.
Further description of the Medly program can be found
elsewhere [20,22,27].

Program Enrollment and Onboarding
As the Medly program is offered as part of the standard of care,
enrollment is decided jointly between patients and their treating
cardiologist during a follow-up appointment or after an inpatient
hospital stay. After the treating cardiologist explains the Medly
program and the patient agrees to participate, they are
immediately escorted to a private room where they receive
training on how to use the technology. A part of this training
includes highlighting the importance of taking daily readings.

Figure 1. Screens of the Medly app showing the incomplete morning card with required readings, the symptoms questionnaire, and personalized
self-care feedback after all 4 readings were taken and processed by the algorithm.
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Ongoing Monitoring
Throughout their participation in the Medly program, patients
are expected to complete the 4 daily morning readings and to
follow the self-care feedback displayed in the app. If clinical
alerts are triggered, a designated clinician at the heart function
clinic reviews these alerts as soon as possible. Most clinical
alerts result in a call being made to the patient to obtain more
information or to provide relevant clinical guidance.

Offboarding
Offboarding refers to the process of ending a patient’s
participation in the Medly program. Unlike many TM
interventions, the Medly program does not have a predefined
end date. Thus, as with most medical interventions, patients
remain enrolled for as long as there is a perceived clinical
benefit. Patients or clinicians can, at any time, initiate a
conversation about the appropriateness of the Medly program
as part of a patient’s treatment plan. Once the joint decision to
offboard a patient is made, patients return any equipment they
borrowed (mobile phone or peripheral devices) which get
recycled and used for future participants.

Adaptations to the Program Since Its Launch
When the program first launched in August 2016, patients were
provided with a Medly kit which included a smartphone with a
data plan and with the Medly app already downloaded along
with a Bluetooth-enabled weight scale and blood pressure cuff.
This enabled data from the peripheral devices to be transmitted
directly and automatically to the Medly app. Training and
ongoing technical support was provided by an analyst from the
hospital’s telehealth department, and the triage of clinical alerts
was done by nurse practitioners on staff at the clinic. Since
program launch, 2 key changes have been implemented to enable
the sustainability and scalability of the program. First, in January
2018, it became possible for patients with iPhones to download
the Medly app on their own smartphones and to use their
personal weight scales and blood pressure cuffs (the app is now
also available for Android users; however, this option was not
available at the time of data analysis). Patients without
Bluetooth-enabled peripheral devices manually entered readings
directly into the app. Second, as of May 2018, a Medly
coordinator role was created whereby a registered nurse took
over the role of triaging clinical alerts in addition to providing
frontline technical support. Details and rational for these changes
have been published elsewhere [27].

Measuring Patient Adherence
As patients are instructed to take weight, blood pressure, heart
rate, and symptom readings every morning (these 4 readings
are required for the Medly algorithm to generate self-care
instructions for patients and alerts for clinicians), adherence
was defined as the proportion of days patients took all 4 morning
readings over the total number of days they were enrolled up
to 1 year. Owing to ongoing enrollment, not all patients had
completed 1 year at the time of analysis. Thus, varying durations
were accounted for in the proportion denominator. Similarly,
monthly adherence rates were calculated as the number of
completed morning readings over each 30-day period following
the date of their enrollment up to 1 year. Proportions were
http://mhealth.jmir.org/2019/2/e13259/
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multiplied by 100 to get monthly adherence rates expressed as
a percentage of prescribed completed readings. To further
understand patient engagement, we also calculated incomplete
adherence rates which were defined as the percentage of days
patients took at least 1 reading but not all 4 (such that, although
data are transmitted, no clinical alerts or patient feedback is
generated). Usage data required to determine adherence rate
were collected between August 2016 and October 2018 and
extracted from the Medly program server.

Explaining Patient Adherence
Quantitative Data and Analyses
Explanatory Variables
Patient demographic variables were collected to characterize
the patient population using a questionnaire administered
immediately after program enrollment to patients who provided
informed consent (n=174). Simple linear regression for full and
incomplete adherence over time was performed. In addition,
because adherence was collected using repeated measures over
a 12-month period, a panel multivariate regression approach
was used to determine the impact of time on adherence when
controlling for key variables. Preliminary diagnostics included
the Hausman and Lagrange multiplier to choose between pooled
ordinary least squares, fixed effects, or random effects models
and the Breusch-Pagan test to detect the presence of
heteroscedasticity [28]. Ultimately, random effects models with
cluster-robust standard errors (to adjust for the presence of
heteroscedasticity) [29] proved best suited for the dataset.
Selected explanatory variables for the multivariate regression
included age categorized by decade and sex (both moderating
variables in the UTAUT2) [21], and New York Heart
Association functional classification (NYHA class), a subjective
measure of HF symptom severity based on the hypothesis that
sicker patients may benefit more. Data for baseline NYHA class
(sometimes documented as a range), age, and sex were extracted
from patients’ chart in the hospital electronic medical record.
Patient Questionnaire
As part of a larger questionnaire used in an impact evaluation
[22], consenting patients responded to questions about their
satisfaction with the Medly program at 6 and 12 months, offering
an opportunity to triangulate these quantitative findings with
results from patient interviews (described below). Items in the
satisfaction questionnaire could be classified according to the
key UTAUT2 constructs of performance expectancy (3 items)
and effort expectancy (4 items); no questionnaire items could
be classified within the remaining UTAUT2 constructs and thus
were not quantitatively assessed.
Descriptive statistics for the questionnaire responses, adherence
rates, and linear regressions were performed using SPSS version
24 (IBM Corporation). Multivariate regression analyses were
conducted in RStudio v.1.0.153 (RStudio Inc) using the “plm”
package [30]. For all statistical tests, a P value of less than .05
was used to indicate statistical significance. Temporal trends
were graphically represented using Microsoft Excel (Microsoft
Corporation).
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Qualitative Data and Analyses
Reasons for Offboarding
Reasons leading to patients being offboarded were recorded in
the Medly coordinator’s records as part of the standard
offboarding procedures. These reasons were qualitatively
analyzed and classified into themes before being transformed
into a count for each category.
Patient Interviews
Semistructured interview guides, which were developed to
understand the patients’ experience in the Medly program,
included probes based on the constructs in the UTAUT2.
Participants were identified using a purposeful sampling
approach to ensure a variety of opinions and to reach
information saturation [31]. Variables considered in this
sampling approach were age, sex (age and gender are both
moderators in the UTAUT2), overall adherence rates, and time
since enrollment. The latter involved selecting patients who had
been enrolled for different durations, including baseline (to
understand initial perceptions without actual experience),
approximately 1 month (the intervention was still fresh but
patients had been using it long enough to experience benefits
and barriers to use), and approximately 6 and 12 months (to
align with questionnaire administration and assess patients’
perceptions after longer term use). Interviews were recorded
and took place in a private room during a scheduled clinic visit
or over the telephone.
Interview transcripts were analyzed by 2 independent
investigators (PW and MD) using the framework method [32].
This approach involved a first round of largely deductive
thematic analysis using an initial coding framework based on
the UTAUT2 constructs. PW and MD met to discuss results of
the first round and to agree upon subthemes within those
constructs. Next, a second round of independent coding was
done using the updated coding framework, which was followed
by a meeting to discuss contradictory codes and passages. The
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management of source documents and coding was accomplished
with the help of NVivo version 11 (QSR International).

Results
Characteristics of Study Participants
Participants of the Medly program were predominantly male
(184/232, 79.3%) and had an average age of 57.6 (SD 16.0)
years. Other demographics presented in Table 1 are
representative of the patient characteristics typically followed
in this urban heart function clinic. With regard to HF severity,
approximately half experienced relatively mild HF symptoms
daily with 48.5% (109/225) having an NYHA class of 2 or less
at the time of program enrollment and the average left
ventricular ejection fraction of patients was 32.1 (SD 13.2).
Most patients included in this analysis (201/231, 87%) used the
full kit version of the Medly system, 8.2% (19/231) used their
personal smartphone but were given peripheral devices by the
clinic, and the remaining 4.8% (11/231) used their personal
smartphone and either purchased or used their own weight scales
and blood pressure cuffs. The option for patients to use their
own equipment started approximately 1.5 years after the launch
of the program [27].

Overall and Longitudinal Adherence Rates
The average overall adherence rate for the 231 patients included
in the analysis was 73.6% (SD 25.0), indicating that the average
patient completed their prescribed morning readings 5 days per
week over the course of their enrollment in the program. When
considering days where patients took at least 1 but fewer than
all 4 morning readings (ie, including incomplete adherence),
the average rate was 80.0% (SD 21.7). Longitudinal examination
of monthly adherence rates shows a relatively high average
adherence in the first month of 81.2% (SD 23.0) with a gradual
decline to 63.1% (SD 37.0) after 12 months of enrollment (see
Figure 2). Outputs of the simple linear regression indicates that
time is a significant predictor of adherence (beta=−1.42, P<.001)
with each month since enrollment accounting for a 1.4%
decrease in adherence.
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Table 1. Characteristics of patients included in the quantitative analysis of overall and longitudinal adherence.
Characteristic

Statistics

Age (years), mean (SD)

57.6 (16.0)

Age (years; categorical), n (%)
70 or more

60 (25.9)

60-69

56 (24.1)

50-59

50 (21.6)

40-49

34 (14.7)

39 or less

32 (13.8)

Sex, n (%)
Male

184 (79.3)

Female

48 (20.7)

Ethnicity, n (%)
White

115 (66.0)

Black

14 (8.0)

Asian

21 (12.1)

Other

24 (13.8)

Rurality, n (%)
Urban

100 (58.1)

Suburban

49 (28.5)

Rural

23 (13.4)

Place of birth, n (%)
Canada

85 (48.9)

Elsewhere

89 (51.1)

Highest education achieved, n (%)
Less than high school

13 (7.5)

High school

34 (19.5)

College or university

127 (73.0)

Income in Can $, n (%)
<$15,000

26 (15.1)

$15,000-$49,999

57 (33.1)

>$50,000

58 (33.7)

Preferred not to answer

31 (18.0)

Work, n (%)
Working full time

35 (20.2)

Working part time

17 (9.8)

Retired

87 (50.3)

Unemployed/homemaker

14 (8.1)

Other

20 (11.6)

Supplementary health insurance, n (%)
Yes

104 (60.8)

No

67 (39.2)
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Statistics

New York Heart Association functional classification, n (%)
2 or less

109 (48.5)

2-3

48 (21.3)

3 or more

68 (30.3)

Left ventricular ejection fraction, mean (SD)

32.1 (13.2)

Have a smartphone, n (%)
Yes

119 (70.4)

No

50 (29.6)

Comfort with smartphone, n (%)
Not comfortable

5 (4.0)

Somewhat comfortable

24 (19.2)

Comfortable

47 (37.6)

Very comfortable

49 (39.2)

Equipment used by patients, n (%)
Full Medly kit

201 (87.0)

Patients used personal phone and were provided with peripherals

19 (8.2)

Patients used all personal equipment

11 (4.8)

Figure 2. Average full adherence rates compared with adherence rates which include incomplete adherence over time.

Quantitative Results Explaining Adherence
Multivariate Regression
Random effects multivariate regression with cluster-robust
standard errors was performed as described in the Methods
section. The results, presented in Table 2, confirm a significant
effect of time on adherence with each passing month starting
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after the second month of program enrollment. Patient age was
a significant predictor of adherence (P=.04); the positive
coefficient indicates that adherence rates were higher with each
increasing age category such that older patients maintained
higher adherence over time. Figure 3 shows adherence rates
over time with regard to the age groups included in the
regression model. Disease severity (NYHA class) and sex were
not significant predictors of adherence.
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Table 2. Random effects multivariate regression with cluster-robust standard errors (SE) showing the effect of time, sex, New York Heart Association
(NYHA) class, and age on average adherence.

a

Variables

Coefficient (beta)

SE

P value

Intercept

87.57

4.03

<.001

Month 1

Ref

Month 2

a

b

—

—

-1.27

1.98

.52

Month 3

-5.63

2.36

.02

Month 4

-8.21

2.80

.004

Month 5

-9.84

2.85

<.001

Month 6

-12.65

3.05

<.001

Month 7

-15.87

3.33

<.001

Month 8

-12.45

3.32

<.001

Month 9

-13.71

3.63

<.001

Month 10

-15.11

4.20

<.001

Month 11

-19.55

4.84

<.001

Month 12

-20.98

5.13

<.001

Sex

-2.33

5.61

.68

NYHA class

-0.34

2.60

.90

Age

3.49

1.68

.04

Month 1 is the reference category to which all other levels of the time variable (months 2 to 12) are compared in the multivariate regression model.

b

Not applicable.

Figure 3. Average adherence rates over time by age group showing higher adherence over time for older age groups.

Patient Questionnaire
Results from the patient questionnaires show that a clear
majority of patients perceived value in using the Medly system
after 6 months with 90.6% (87/96) agreeing or strongly agreeing
with the statement that the TM system is important for managing
their HF and 87.4% (83/95) agreeing with the statement that it
would be useful for them to continue using the system (Table
3). The percentage of patients who agree with these same
http://mhealth.jmir.org/2019/2/e13259/
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statements increased to 95.8% (46/48) and 93.9% (46/49) after
12 months, respectively. Responses related to effort expectancy
at 6 months similarly show a high level of agreement with 92.7%
(89/96) of patients agreeing with the statements that the TM
system was easy to use and to learn how to use it. Perceptions
of ease of use remained consistent with 89.4% (42/47) and
91.8% (45/49) agreeing with these same statements at 12
months.
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Table 3. Patient perceptions of the benefits and effort of using the Medly TM system at 6 and 12 months postenrollment.
Item in questionnaire

Agree or Strongly agree, n (%)
6 months

12 months

The monitoring system is important for managing my heart failure

87 (90.6)

46 (95.8)

I think using the monitoring system improved my health

65 (70.7)

36 (75.0)

It would be useful for me to keep using the monitoring system

83 (87.4)

46 (93.9)

Learning to operate the monitoring system was easy for me

89 (92.7)

45 (91.8)

I found the monitoring system to be easy to use

85 (92.4)

42 (89.4)

Taking my blood pressure at home was easy

93 (96.9)

47 (95.9)

Taking my weight was easy

93 (96.9)

47 (95.9)

Performance expectancy

Effort expectancy

Table 4. Classification of reasons for patient offboarding.
Reason for offboarding

Statistics, n (%)

Clinician–initiated offboarding
Received heart transplant or surgical repair of the heart

14 (22.9)

Switched to more invasive form of remote monitoring (eg, CardioMEMS)

5 (8.1)

Patient recovered ventricular function

4 (6.5)

Significant change in health status (eg, shift to palliative care)

6 (9.8)

Patient was not compliant with taking readings or with following clinician instructions 3 (4.9)
Patient–initiated offboarding
Not interested in participating or a belief that the benefits are not worth the effort

5 (8.1)

Stress caused by taking daily readings

4 (6.5)

Life circumstances (eg, shift work and sick relatives)

2 (3.2)

Poor eyesight

1 (1.6)

Other (eg, unknown, moved provinces)

5 (8.1)

Mortality

12 (19.6)

Qualitative Results Explaining Adherence

the offboarding were because of patient death. These deaths
were attributed to the severity and natural progression of HF.

Reasons for Offboarding

Interview Findings

Of the 61 patients who left the Medly program during the study
period, 52% (32/61) were offboarded because a change in their
HF condition made it such that the Medly program would no
longer be a beneficial part of their care plan. A total of 3 patients
were offboarded because they were not adhering to taking
measures or following clinician instructions (Table 4). A further
28% (17/61) of patients chose to leave the program because of
a lack of interest or a feeling that the benefits of enrollment
were not worth the effort, that daily monitoring was causing
stress, and for other unknown reasons. Finally, 20% (12/61) of

Interview Participant Characteristics
The interviewed participants (n=24) largely matched the
distribution of age and sex of the larger patient sample as shown
in Table 5. The patients interviewed had overall adherence rates
ranging between 22.2% and 98.6% and were interviewed at
various times since program enrollment. This included 17% of
patients (4/24) being interviewed the day they were onboarded
and 2 patients who agreed to participate after deciding they
wanted to leave the program.
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Table 5. Participant characteristics for semistructured interviews.

a

Participant ID

Sex

Age at enrollment (years)

Time of interview since enrollment (month) Average adherence rate (%)

HFpro009

M

76

12

92.2

HFpro011

M

72

12

80.0

HFpro018

M

60

6a

90.0

HFpro019

M

46

3

30.3

HFpro027

M

59

6

82.3

HFpro028

M

67

6

93.1

HFpro037

F

62

0

90.3

HFpro038

M

63

6

97.5

HFpro048

M

44

1a

96.7

HFpro052

M

83

6

70.3

HFpro059

M

76

6

54.2

HFpro060

F

81

6

96.3

HFpro061

M

62

6

45.0

HFpro064

M

45

6

67.9

HFpro089

M

57

9

72.2

HFpro091

F

61

12

94.4

HFpro107

M

54

6

62.8

HFpro109

M

41

1

68.3

HFpro129

M

22

1

22.2

HFpro131

F

71

0

87.0

HFpro154

M

50

1

96.1

HFpro157

F

45

0

98.6

HFpro158

F

52

0

82.4

HFpro168

F

65

6

90.6

Interview conducted after offboarding.

Interview Themes
Interview themes were classified according to UTAUT2
constructs of performance expectancy,effort expectancy,
facilitating conditions,social influence, and habit; no statements
related to hedonic motivation or price value were identified by
the coders. No overarching patterns emerged in the themes based
on patients’ age, sex, or time since enrollment. Therefore, the
themes and representative quotes discussed in the following
sections predominantly help distinguish between high and low
adherers.
Performance Expectancy
This theme refers to the perceived benefits, both expected and
experienced, of being part of the Medly program. Subthemes
included (1) self-management support, (2) peace of mind, (3)
relationship with care team, and (4) lack of context.
Self-Management Support
The most commonly mentioned benefit of the Medly program
is that it supports patients in their ability to self-manage their
HF. Participants discuss how the system, by enabling them to
http://mhealth.jmir.org/2019/2/e13259/
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take daily readings, keeps them accountable and provides
guidance in their self-care tasks:
I rarely ever took my weight which was a big issue
getting admitted into the hospital because I retain so
much water. So yeah, it’s been helpful for monitoring
things that I normally wouldn't…It keeps me on track
and lets me know if I need to take medication that I
normally don’t have to take it...I had the expectation
that it would be helpful for me because it keeps me
on a routine and it's lived up to those expectations.
[HFpro154]
Underpinning this self-management support is the
immediateness of the patient self-care feedback which allows
patients to plan for their day around the results of readings they
have just taken:
I can start my day off with knowing that I’ve got to
be extra careful…I’m going to plan my day from what
Medley is telling me. That’s how it helps me every
morning, I know what to do and what not to do for
the rest of the day. [HFpro089]
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e13259 | p.256
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Peace of Mind
The automated self-care feedback works alongside clinician
monitoring to provide many patients with peace of mind. For
some, this peace of mind brings a heightened sense of
confidence when they are trying to decide if their symptoms
are bad enough to warrant a trip to the hospital.

Usability
The qualitative findings mirror those from the questionnaire
insofar as most patients found the Medly system easy to learn
and use. Furthermore, some patients were frequent travelers
and described how the portability of the system allowed them
to continue taking their readings wherever they were:

I’m very diligent...I basically rely on it. I just love the
peace of mind that it represents. When you’re as sick
as I was, it’s good to have a big brother or big sister
out there. [HFpro107]
It gives me comfort [knowing that] somebody’s
watching over me, I don’t have to go to the hospital
all the time. [HFpro052]

I’m of the age where I’m not as computer literate with
cellphones... But it was fine, it’s easy. If I can learn
it, it’s pretty easy to learn. [HFpro027]
It’s been all over Canada with me… we just throw it
in the car. I even took my weight at Tim Horton’s first
thing in the morning and that was in Edmonton. We
just left the hotel and it was in the car and…before
we left [on] the road I said I didn’t take my weight.
And my wife went out and got it, hooked it up to the
Wi-Fi at the Tim Hortons and bam, [I] took it right
there. [HFpro089]
A minority of patients described some difficulty using the
peripheral devices and the cognitive effort in trying to decide
how to accurately answer the “yes/no” symptom questions:

Relationship With Care Team
Patients who had been in the program for longer periods said
that it improved their relationship with clinical members of their
care team:
At first it didn’t bother me [that I didn’t have a lot of
interaction] but now actually you gain trust, you
know, a relationship with the person on the other
end...When [the Medly nurse] calls sometimes, we’re
talking for 20 minutes and she’s really getting a full
history of things because you just can’t get a full
history on a minute conversation. [HFpro089]
However, for some, this closer relationship helps explain lower
adherence in patients who did not like the idea of clinicians
being able to see transgressions of daily life:
There is a feeling, and it sort of upsets me or disturbs
me that they know [everything I do]. If I want to go
out on a binge and watch a soccer game or a hockey
game and eat lots …they’re going to know because
my weights going to go up and so there’s a fear of,
“Oh God, I’m going to be told off.” Will it stop me
[from] doing that? No, what will stop me doing it is
the fact that it’s bad for my health… I forget to take
my weight [laughs] because there’s a feeling that
they’re looking. [HFpro061]
Lack of Context
Patients with lower overall adherence rates expressed the
opinion that the readings, particularly the symptoms, do not
accurately capture the full context of their health status.
Consequently, some felt that the self-care feedback messages
did not always reflect how they were feeling and they eventually
learned that they should not immediately act on some alerts:
[The feedback messages] are a little bit too
alarming... because sometimes they say “have
somebody take you immediately to emergency,” and
usually it turns out it's okay, so I got used to that.
[HFpro009]
Effort Expectancy
Patient uptake and adherence can also be explained by the
perceived efforts involved in using the system. Subthemes
included (1) usability and (2) technical difficulties.
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The equipment is highly sensitive. For me I have
dizziness constantly because of my medications and
my low blood pressure and my heart condition. So,
if I sway or move on the scale, the scale has different
readings…The scale is very narrow... and I’m a very
wide guy and I need to have my feet spread apart in
order to be stable on the scale... The same with my
arm, if I move my arm a little bit or anything, (it) will
make the blood pressure monitor go into error mode
and it's frustrating [HFpro064]
With the [symptoms] questionnaire sometimes I’m
sort of on the edge because it says “Are they worse?”
Well no, they’re not any worse but sometimes I am
like a little bit short of breath. [HFpro091]
Technical Issues
The quality of the system was perceived as high across all
patients and time points. However, several patients, from various
adherence levels, recounted experiencing technical issues,
particularly related to Bluetooth connectivity between the
peripheral devices and the smartphone.
There are times when I’m not impressed, because I
weigh myself but it doesn’t record. And, then I get
this call saying that I didn’t do it and it throws me
off. But, generally, it’s okay. I’ve had, I think about
three times where it’s misfired sort to speak...I think,
“what did I do wrong?” [HFpro060]
Facilitating Conditions
Facilitating conditions are the resources and support available
to facilitate the use of Medly. Subthemes included (1) technical
support, (2) automated adherence calls, and (3) informal
caregivers.
Technical Support
The technical issues described did not seem to have severely
impacted adherence rates because of the easy access to technical
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e13259 | p.257
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support services. In addition, the presence of comprehensive
onboarding process helped with initial uptake:
I can’t see [a reason to not use Medly]. I mean, as
far as running into technical difficulties, you’ve given
me all the numbers, there’s people I can contact so I
don’t foresee there being that big of a problem that
I wouldn’t be able to work through it. [HFpro027]
[The training was] a piece of cake...it was private,
we were in a closed room, the information was face
to face, the equipment was right there, it had
hands-on... it was great. [HFpro018]
Automated Adherence Calls
The automated call that is sent to patients if they have not taken
their readings before 10 am, although sometimes described as
annoying, was a facilitating condition expressed by many:
[Taking my readings] is what I do first thing in the
morning before I get the phone call with the annoying
ringing… I do [appreciate the call but]...I’m also a
single dad of two kids so any opportunity that I
possibly can to rest and sleep I take it... A text would
be better than a phone call. [HFpro064]
Informal Caregivers
Although the technology is designed to support the HF patient
experience, some patients receive support from family members
who help with all aspects of HF management, including
reminding them to take their Medly readings:
I have a built-in monitor at home [laugh]...which is
very, very beneficial because if [my wife] wasn’t there
at all, you know, I’d probably be worse than I am, as
far as habits are concerned. So, having that extra
person, she polices me pretty good. [HFpro028]
Social Influence
Social influence is the degree to which individuals in patients’
lives were supportive of the use of TM. Patient responses
revealed that their family and friends overwhelmingly support
their participation in the Medly program:
Everybody knows [I use Medly]. I write about it all
the time...everybody is very envious that I’m on this
type of program and envious that I have doctors that
care about me this much. [HFpro064]
Some patients had family members who raised privacy concerns,
but this does not seem to have impacted the willingness to
participate:
Well, [my friends and family] think it’s great. There’s
a few that think it’s kind of Big Brother [saying]
“wow, they know a lot of information on you.” But
their fear of Big Brother is kind of secondary to my
doctor need[ing] to know what’s going on.
[HFpro019]
Finally, the fact that the Medly program was endorsed by a
trusted clinician also appears to have been a motivating factor
for patients:
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[My cardiologist] is always very supportive saying,
“[Medly]’s really doing a good job for you keeping
you out of emergency.” [HFpro009]
Habit
Evidence of the formation of a habit was more prominent in
patients with higher adherence rates with many describing how
taking measures eventually became a part of their delay routine.
Once a habit was established, events or conditions breaking that
routine explained why some readings were missed:
It’s part of a habit now. I don’t forget it. ...[It’s]
automatic. [HFpro038]
[When I forget] I think I can smell my wife making
the coffee... The sense of smell is very strong …and
it just beats the other senses out of my head that say
“go weigh yourself first.” The smell of fresh coffee
coming down the hallway, honestly that's the only
time I would miss it. [HFpro089]
Although the formation of a habit helps, it is not essential to
ensure high adherence. One patient described the hassle of
taking daily readings yet still maintained a high level of
adherence (90.0%) throughout their enrollment. In this example,
factors such as guilt and recognizing the importance of a
behavior may be enough to motivate daily readings even if this
behavior did not become automatic:
I don’t like doing it every day, it’s a bit of drag,
because sometimes I want to sleep in and I feel kind
of guilty because I haven’t got it done...I’m just sort
of getting old and lazy and don’t want to do anything
but that’s part of my regimen, I never miss.
[HFpro018]

Discussion
Principal Findings
This study has presented the findings of a mixed-methods study
seeking to describe and explain patient adherence rates to taking
daily prescribed home readings over a 1-year period in the
context of a mobile phone–based HF TM program offered as
part of the standard of care. Results found an average overall
adherence rate of 73.6% and an average 1.4% drop in adherence
with each passing month. The random effects model, which
enabled repeated measures of monthly adherence (effect of
time) to be included in the same regression as other demographic
variables, found a significant effect of age on monthly adherence
rates. Specifically, adherence rates were highest (and more
consistent over time) for the older age group (70 years or more)
and were progressively lower for each younger decade.
Additional methods employed could not fully explain the
temporal decline in adherence, but they did provide evidence
that patients’ perceptions of the program and other contextual
factors contribute to explaining higher and lower adherence
rates. Factors explaining patients’ motivation to adhere include
the following: (1) perceived benefits of the program
(self-management support, peace of mind, and improvement in
clinical care), (2) ease of use, (3) a positive opinion of the
program from family and friends, (4) supporting services
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(training and technical support), and (5) the ability to form a
habit. Themes explaining low and imperfect adherence included
the following: (1) technical issues, (2) life circumstances that
interfered with a formed habit, and (3) a perception that the
benefits of the program were suboptimal because of the system’s
inability to adequately capture and communicate the full context
of patients’ health state. These explanatory findings fit within
the constructs of the UTAUT2 of performance expectancy,
effort expectancy, facilitation conditions, social influence, and
habit.
There were no findings related to the UTAUT2 constructs of
hedonic motivation and price value; however, this is likely
because of the context in which this study was conducted. First,
although patients expressed numerous benefits, it remains that
the use of TM systems occurs in the context of disease
management and therefore is unlikely to be described as fun or
enjoyable. Second, Canada has a public payer health system
which means that patients did not have to pay out-of-pocket to
use the technology. In addition, those who used their own
smartphones and peripheral devices either already had that
equipment or were assessed for their ability to pay or cover the
costs through supplementation health insurance. Thus, patients
were not put in a position of having to weigh the supplemental
personal costs and benefits of being part of the Medly program.
Finally, although the principal aim of this study was to explain
adherence using a definition based on the prescribed patient
behavior needed to optimize program benefits, the finding that
the incomplete adherence rate was 6.4% higher than full
adherence should not be discounted. A certain percentage of
these incomplete morning readings are likely due to the
Bluetooth connectivity issues expressed by patients which would
have prevented taking a weight or blood pressure reading until
the issue could be fixed. Other possible explanations may
include patients not recognizing or remembering the importance
of taking the full set of readings. Alternatively, patients may
make the decision to take measures that are most relevant based
on how they are feeling (because of a high sense of self-efficacy
for self-management) and may not necessarily lead to poorer
outcomes. These hypotheses cannot be confirmed by the
explanatory data generated in this study and should be
empirically tested in future studies. The impact of adherence
rates and health outcomes will be explored in a subgroup
analysis of the upcoming impact evaluation of the Medly
program [22].

Comparison With Previous Work
Measuring Adherence
The findings from this study are in line with the literature review
by Maeder et al, which found that adherence rates in
home–based telehealth projects ranged from 40% to 90% and
tended to be higher in earlier months before dropping off over
time [16]. A recent and similar study looked at adherence to
taking vital signs in TM interventions addressing various
conditions and found an average adherence rate of 64.1% to
scheduled daily readings. However, this study also found a trend
toward increasing adherence after a steep initial drop off which
is difficult to interpret alongside our results. The authors did
not fully explain this initial drop off but hypothesized that
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patients may be encouraged to adhere only after longitudinal
values could be generated and that they have had enough time
to experience the value of the intervention [33]. In another study,
adherence to completing IVR calls was 90% in HF patients,
[34] but calls were only scheduled once per week, again, limiting
comparison to a regimen that asks patients to take readings
daily.

Explaining Adherence
The finding that older patients maintained a high level of
adherence is seen in another remote monitoring study [34] but
without explanation. The UTAUT2 proposes that the moderating
impact of age is such that the effect of effort expectancy and
facilitating conditions is strongest in older people [21]. In
addition, it has been found that after a habit has been formed
through repeated use, it becomes more difficult for changes in
one’s external environment to override that behavior in older
compared with younger people [21]. In other words, the ease
of use of the Medly system and the availability of supporting
services likely led to higher use in older patients which would
have led to the formation of a habit. A habit which, once formed,
would be more difficult to disrupt compared with younger
patients. Although this may explain some of the differences
between age groups, it is also possible that younger patients
experience more potential distractors (work and dependent
children) than older patients. Further research is required to
understand the effect of age when it comes to adherence to TM
interventions.
Factors explaining higher and lower adherence in this study
were similar to the barriers and facilitators to TM, mobile health,
and telehealth use described in the literature. With regard to
performance expectancy, the literature cites similar perceived
benefits including the degree to which the intervention improves
health management (including both self- and clinician-directed
management), peace of mind, and enhanced relationship between
patients and clinicians [3,4,19,35-41].
Often-cited factors related to effort expectancy include
user-friendliness of the equipment, technical barriers, health
literacy or language barriers, and limited answer options
[3,4,19,36-40,42]. The latter was seen in this study with patients
who struggled with the “yes/no” format of symptoms.
In terms of facilitating conditions, studies support the
availability of technical support services and features to help
with remembering as important factors in technology use
[3,19,37,38].
Similar factors related to social influence are discussed in a
systematic review by O’Connor, which cites the lack of clinical
endorsement as a barrier to patient uptake [40]. A survey study
found that the construct of social influence contributed to
explaining patients’ intention to use electronic health systems
beyond what could already be explained by performance and
effort expectancy [36]. In this study, we found overwhelming
support for the use of Medly by family, friends, and the patient’s
treating cardiologist. Thus, although social influence was likely
not a strong enough factor in isolation, it probably contributed
to higher adherence in the initial stages of enrollment.
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Barriers such as failure of daily readings to become automatic
and integrated into patients’ everyday tasks are cited in the
literature [4,40] and were categorized in the construct of habit
in our study. If an automatic habit is not created, the added
energy of taking daily readings likely contributes to user fatigue
over time.
This discussion is intended to highlight the prevalence of
UTAUT2 themes in the literature. However, it is important to
recognize that each TM intervention is different and may yield
different experiences for patients. For example, a study by
Fairbrother et al concluded that, although patients experienced
peace of mind, the TM intervention did not increase the sense
of ownership over their condition [43]. This contrasts with many
of the patients in our study who described Medly as facilitating
self-management. This is likely explained by the automated
self-care feedback messages not part of the TM system in the
Fairbrother study. This is an example of how different patient
experiences can explain some of the heterogeneity of results
across adherence studies. This study focused on patient
perceptions because it is individuals’ experiences that are most
likely to influence the degree to which they adhere to a TM
program. The evaluation of the program’s outcomes, including
quantitative measures for quality of life and self-care, is outside
of the scope of this study and will be discussed in an upcoming
publication [22].

Limitations
Several limitations related to this study’s pragmatic design
should be considered when interpreting the results. First, unlike
TM interventions in RCTs, the Medly program was adapted
over the 2-year period in which data collection occurred. As
described elsewhere [27], these changes were made such that
the essence of the intervention was maintained but it remains
that some patients may have had different experiences.
Second, because enrollment in the intervention was not
contingent on patients being part of a study, we were conscious
of not overburdening patients with interviews at multiple time
points. This decision meant that we did not collect qualitative
data of individuals as they progressed through the program.
Third, reasons for offboarding were limited to the administrative
data collected by clinicians and not all patients in the program
had consented to being approached for an interview.
Fourth, the lack of strict inclusion criteria means that, by
experimental standards, selection bias likely occurred such that
enrolled patients were more likely to be engaged and not face
language barriers. Furthermore, limiting the generalizability of
findings are the demographics of the sample and the
overrepresentation of male patients in the Medly program. This
is consistent with other studies that find an under-representation
of women enrolled in heart function clinics and clinical research
despite a similar prevalence of HF among both sexes [44,45].
Although exploring the reasons for why fewer women have
access to HF management interventions is outside the scope of
this study, there is clearly a need for research into sex- or
gender–based differences, including as it relates to uptake, use,
and adherence to TM interventions. For instance, it is possible
that the reason sex was not correlated with adherence rates in
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the regression analysis is because of a relatively small number
of female participants in this study.
Fifth, the sample size of available data got progressively smaller
with each passing month, and although this was accounted for
in the regression analyses, it is likely that patients with strong
negative opinions of the program left the program before the
12-month point (and thus did not complete the questionnaires).
Sixth, a previously published protocol [22] describes the use of
quantitative methods for measuring patient adherence and
interviews guided by the UTAUT2 to explain these adherence
rates. Other data were collected as part of this pragmatic
evaluation (ie, patient satisfaction questionnaire and reasons
for offboarding) and were reported because they offer an
opportunity to further explain patient adherence through
triangulation with patient interviews. However, because the
satisfaction questionnaire was not initially developed to explain
adherence, it only contained items related to 2 of the 7 UTAUT2
constructs. Researchers conducting questionnaire–based work
related to the UTAUT2 should consider using tools which
include the validated items for that framework [21].
Finally, we did not have data allowing us to account for periods
when patients were unable to take readings for legitimate reasons
(eg, traveling, admitted in the hospital, and system down time),
which would ideally be accounted for when measuring
adherence. This limitation likely underestimates true adherence
rates in the Medly program.

Recommendations
On the basis of the findings from this study, we agree with
recommendations from other studies that patients should receive
comprehensive training and may benefit from refresher sessions
aimed at reminding them of the proper use of the TM system,
the benefits of the TM intervention, and the process for obtaining
technical support when needed [6,16]. We also advocate for the
involvement of supportive family members in those discussions
and as part of the onboarding process. In addition, because many
HF patients receive support from informal caregivers, further
research into how best to incorporate that role within the design
of TM systems would be beneficial.
Reminders (such as adherence calls) were found to be important
in this study. Therefore, developers of TM systems should offer
a range of options (eg, phone call, text, and app notification)
that users can choose from based on their preferences such that
these reminders do not become so disruptive that they opt to
disable the feature.
Finally, study results offer important insights into how the
user-centered design of TM systems should be conducted.
Although there is value for scenario–based usability testing in
laboratory environments, new TM systems should also be piloted
in the real world with users of all age groups before full
deployment. This is needed to allow TM designers to understand
how patients use (or do not use) the system in the context of
their existing habits and personal lives. In addition, although
self-care messages can be simulated in a single usability testing
session, it is preferable to give patients the opportunity to use
a TM system over a period of time to evaluate the accuracy and
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appropriateness of self-care messages in response to fluctuations
in their health state.

Conclusions
This study has presented the results of a mixed-methods study
aimed at explaining longitudinal adherence rates of patients
enrolled in a mobile phone–based HF TM program. The study
found that, on average, patients took weight, blood pressure,
heart rate, and symptom readings for 73.6% of the days they
were enrolled in the program. Results also showed a consistent
decline in adherence over the 12 months which is further
influenced by patients’ age such that patients in older age groups
maintained higher and more consistent adherence rates

Ware et al
throughout the study period whereas the declining rate of
adherence became progressively more pronounced for younger
age groups. Finally, interview findings indicated that the
perceived benefits of the program, ease of use, social and
technical support, and ability to form a habit around taking daily
readings further explained levels of adherence. These findings
can inform the design of TM interventions that maximize patient
adherence. When implemented in the context of effectiveness
trials, interventions with high fidelity of use will enable a more
accurate evaluation of impact, and when implemented as part
of the standard of care, they will ensure the optimization of
resources and satisfaction among patient and clinician users.
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Abstract
Background: Cigarette smoking is the leading cause of preventable morbidity and mortality, excess health care expenditure,
and lost work productivity. Otherwise effective evidence-based treatments have had limited success owing to challenges with
access, engagement, and scale. Pivot is a comprehensive digital smoking cessation program that incorporates a Food and Drug
Administration–cleared carbon monoxide breath sensor, smartphone app, and text-based human coaching.
Objective: This initial evaluation of Pivot aimed to assess participant engagement, changes in attitudes toward quitting, and
changes in smoking behavior.
Methods: US cigarette smokers aged 18 to 65 years who smoked ≥5 cigarettes per day (CPD) were recruited online. Participants
completed a screening call, electronic informed consent, registration, and onboarding before beginning Pivot. Pivot includes 5
sequential stages (Explore, Build, Mobilize, Quit, and Secure), taking 14.5 to 18.5 weeks to complete. Data were collected via
app and online questionnaires. Outcomes included engagement and retention (ie, weeks of active engagement and Pivot stage
progression); attitudes toward quitting (ie, quit readiness, quit confidence, and expected difficulty maintaining quit); and smoking
behavior (ie, quit attempts, cigarette reduction, and abstinence (7- and 30-day point prevalence abstinence [PPA]).
Results: A total of 319 participants completed onboarding (intention-to-treat [ITT] sample); 272/319 participants (85.3%)
completed the end-of-Pivot questionnaire (study completer sample). Most (212/319, 66.5%) were not ready to quit in the next
30 days at baseline. On average, participants actively engaged in the program for a mean 12.4 (SD 7.1) weeks. Pivot stage
completion rates were Explore: 88.7% (283/319), Build: 57.4% (183/319), Mobilize: 43.6% (139/319), Quit: 41.1% (131/319),
and Secure: 39.5% (126/319). Repeated measures linear mixed model analyses demonstrated positive changes in attitudes from
baseline to Mobilize (pre-Quit): increased confidence to quit (4.2 to 7.4, P<.001) and decreased expected difficulty maintaining
quit (3.1 to 6.8, P<.001). The quit attempt rate (ie, those making ≥1 quit attempt lasting ≥1 day) was 79.4% (216/272, completer).
At the end of Pivot, 7-day PPA rates were 32.0% (102/319, ITT) and 37.5% (102/272, completer); 30-day PPA rates were 27.6%
(88/319, ITT) and 32.4% (88/272, completer). Moreover, 30-day PPA rates were comparable among those ready and not ready
to quit in the next 30 days at baseline. Of those not achieving abstinence, 25.9% (44/170, completer) achieved ≥50% reduction
in CPD by study end.
Conclusions: This study evaluated Pivot’s initial performance with comparable quit rates among those ready and not ready to
quit in the next 30 days at entry. The present data, considered with the program’s accessibility, innovation, evidence-based
foundation, and design for all smokers, suggest Pivot has the potential to address limitations of reach and scale and thereby
advance smoking cessation efforts.
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Introduction
Background
In the United States, cigarette smoking is responsible for
480,000 deaths annually, and more than 16 million individuals
live with a smoking-related illness [1]. Meaningful gains have
been made in smoking cessation over the last decade, with the
prevalence of cigarette smoking among US adults decreasing
from 20.9% in 2005 to 14.8% in 2017 [2,3]. Despite this
progress, smoking remains the leading cause of preventable
morbidity and mortality.
Approximately 70% of adult smokers want to quit, and a little
over half attempt to quit each year. Yet, quit rates are low, with
less than 1 in 10 quit attempts being successful. This is related,
in part, to underutilization of proven treatments, which include
behavioral counseling and pharmacotherapy [4]. Use of
behavioral counseling or cessation medications approximately
doubles quit rates with combined use being more effective than
either alone [4-6]. Even so, fewer than a third of those making
a quit attempt use any evidence-based cessation methods, and
less than 5% use the optimal approach of combination
counseling and pharmacotherapy [7,8]. There are multiple causes
of this underutilization, including health care access,
transportation challenges, time constraints, convenience,
awareness of service availability, desire to quit unassisted, and
costs. State quitlines overcome many of these barriers but, on
average, reach only about 1% of smokers annually [9]. Overall,
the end result is that otherwise effective treatments suffer limited
population reach, which ultimately undermines their impact on
smoking cessation.
Acknowledging the limitations of current treatment methods,
particularly relating to reach and scalability, the rise of
smartphone ownership presents an appealing medium for
smoking cessation treatment. As of 2017, 77% of Americans
owned a smartphone, with majority-level ownership rates across
various demographic and socioeconomic characteristics (eg,
≥75% ownership rates for varying ethnic and racial groups and
≥67% for all income groups) [10]. Research suggests smokers
are actively using smartphones in quit attempts, with 1 study
reporting an average of 779,400 downloads of Android
platform–based smoking cessation apps per month worldwide
[11]. Another study reported that a little over half of the smokers
had downloaded smoking cessation apps in the past and, of
these, three-quarters had made quit attempts using an app [12].
Despite this interest and use, quality among smoking cessation
apps is disparate. Haskins et al evaluated 158 peer-reviewed
articles addressing mobile apps for smoking cessation and
identified 177 unique apps relevant to smoking cessation in the
App Store for iPhone and 139 in Google Play for Android. They
http://mhealth.jmir.org/2019/2/e12609/
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ultimately identified only 6 apps with some level of scientific
support in the peer-reviewed literature, only 3 of which were
available in the app stores [13]. Although, to date, there has
been limited availability of evidence-based mobile smoking
cessation programs, recent assessments of such programs have
yielded encouraging results. Bricker et al evaluated a smoking
cessation app focused on Acceptance and Commitment Therapy
(ACT) in 99 adult smokers. At 2-month follow-up, 84% of study
completers were satisfied with the program, 21% had achieved
7-day point prevalence abstinence (PPA), and 11% had achieved
30-day PPA [14]. In 416 smokers, Iacoviello et al assessed a
smoking cessation app designed to deliver the essential features
of the United States Clinical Practice Guideline (USCPG) for
treating tobacco use and dependence [4]. They reported a 7-day
PPA of 45.2% and 30-day PPA of 26.2% in an intent-to-treat
(ITT) analysis [15].
Building on these efforts, Pivot is a comprehensive digital
smoking cessation program that brings together multiple
evidence-based components into a seamless solution. In addition
to delivering the USCPG through a multiphase mobile app,
Pivot includes the first Food and Drug Administration
(FDA)-cleared personal carbon monoxide (CO) breath sensor,
dedicated human coaching delivered through in-app text
messaging, and a program designed for individuals with varying
levels of readiness to quit. In line with wearable devices, the
CO breath sensor provides real-time personal biometric data to
users. This leverages the findings of several published studies
[16-19] as well as expert opinion [20,21], which suggest that
personal CO breath sample data can be educational and
motivational and may lead to changes in attitudes toward
quitting and smoking behavior. To that end, the CO breath
sensor is incorporated in the Pivot program as an engagement
tool, with the intention that users will find their expired CO
values informative and motivational. Pivot coaching incorporates
evidence-based principles of smoking cessation treatment
combined with innovation through digital delivery. Continuity
of care is achieved through a dedicated human coach who
partners with the participant for the entire Pivot journey.
Communication with one’s coach is conducted through
asynchronous text messaging within the Pivot app, allowing
the participant to initiate outreach or respond to their coach
using a modality and timeline that fits into their life. To increase
reach, Pivot has been designed to support users along the entire
spectrum of readiness to quit, from being unsure or ambivalent
to being highly motivated. Pivot does not assume participants
are ready to quit smoking at entry and, consequently, does not
start with choosing a quit date or developing a quit plan but
rather begins with self-exploration and awareness building.
A feasibility study of the first stage of Pivot (ie, Explore)
examined program engagement, changes in attitudes toward
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quitting, self-reported changes in smoking behavior, and
program acceptability [22]. Engagement rates over the 9 days
of Explore were as follows: ≥80% of participants (34 to 39 of
41) used the CO sensor ≥1 time per day and over 55% (23 to
27 of 41) used it ≥5 times per day; all 9 in-app activities had
completion rates of ≥80% (33 to 40 of 41). Furthermore,
coach-initiated contacts received response rates of ≥73% (30
to 39 of 41). Results also yielded significant positive changes
in attitudes toward quitting smoking from baseline to study exit,
including increased readiness to quit, lower perceived difficulty
quitting, and greater expectations of success. At study exit, 78%
of participants (32/41) reported that they had decreased the
number of cigarettes smoked per day since beginning the study.
They also rated program quality and satisfaction as very high.
Although these results are promising, there were some
limitations. First, this was an initial feasibility study that
examined only the first stage of Pivot: Explore. Additional
research is needed to examine longer-term engagement
throughout the Pivot program. Finally, although participants
reported decreasing cigarette smoking, this feasibility study did
not include more robust indicators of changes in smoking such
as number of quit attempts and 7- and 30-day PPA.

Objectives
This pragmatic, exploratory study is the first evaluation of the
Pivot program in the hands of its intended users. The purpose
of this study was to assess participant engagement, changes in
attitudes toward quitting, and changes in smoking behavior.

Methods
Study Design

Marler et al
meet all of the following eligibility criteria: aged 18 to 65 years,
English speaking, smoke ≥5 cigarettes per day (CPD), own and
use a compatible smartphone (iPhone 5 and above, operating
system iOS 9.0 and above, or Android 4.4 and above, operating
system Android 4.4 and above), be employed for ≥20 hours a
week, and live in the United States. Although we aim for broad
availability of Pivot through multiple channels such as private
and public insurers, direct-to-consumer, and not-for-profit
foundations, Pivot will initially be available to individuals
through their employers (self-insured employers or employee
wellness programs). As such, we applied the employment
requirement to assess Pivot in individuals closely aligned with
Pivot’s initial user population. This approach was informed by
recent reports, which indicate that 75% of US employers offer
wellness resources and/or a general wellness program with
representation across all occupational and wage groups [23-25].
In addition, in most US states, being employed 20 hours per
week or more is a requirement for benefits eligibility, including
access to wellness offerings.
Nonproportional quota sampling was employed with percentage
limits applied to age, CPD, stage of change, and sex (Table 1).
The eligibility criteria and nonproportional quota sampling were
used to achieve a study population that reflects the initial
targeted commercialized population (ie, employed adult smokers
likely to have access to a wellness benefit offering, representing
the spectrum of readiness to quit). Individuals were called on
a first-come-first-serve basis with nonproportional quota
sampling enrollment guidelines applied. Initially, Pivot was
released for iPhone only. Toward the end of enrollment, Pivot
became available for use on the Android platform, and
enrollment shifted accordingly.

This was a prospective open-label, single-arm study of Pivot
(Carrot Inc). The study was conducted as a pragmatic,
exploratory study to assess the initial performance of the Pivot
program. The study examined engagement (ie, weeks active in
the program and stage progression), changes in attitudes toward
quitting smoking (ie, readiness to quit, confidence about quitting,
and anticipated difficulty quitting), and changes in smoking
behavior (ie, quit attempts, reduction in cigarettes smoked per
day, and 7- and 30-day PPA).

Those who met the eligibility criteria and met the
nonproportional quota sampling requirements were contacted
by phone to describe the study and allow potential participants
to ask questions. Those expressing interest in study participation
were emailed a Web address where they could register and
complete the electronic informed consent. Participants did not
have to indicate intent to quit smoking as a condition of study
participation.

Consent and Ethical Approval

Upon providing electronic informed consent and completing
the online registration, participants received an email with a
link to the baseline questionnaire, which assessed demographics,
smoking history, and attitudes toward quitting (ie, readiness to
quit, confidence to quit, and perceived difficulty of quitting).
They were also mailed the CO breath sensor and instructions
to download the Pivot program onto their smartphone. Getting
started in Pivot was a self-guided process. Participants used the
provided instructions for downloading the Pivot program on
their smartphone and pairing the CO sensor to the Pivot app.
They also had access to customer service as needed. Once this
process was complete, the participant was considered to have
onboarded. After successful onboarding, they were paired with
a live, dedicated coach who provided one-on-one support over
the course of the study.

All participants provided electronic informed consent before
participation. The study was reviewed and approved by the
Solutions institutional review board (Little Rock, AR, USA)
protocol number 2017/09/22 and registered with
Clinicaltrials.gov NCT03295643.

Eligibility and Recruitment
Participants were enrolled from October 2017 to March 2018.
Potential participants were identified via advertisements on
Web media (ie, Facebook, Instagram, Twitter, Google Ads,
Reddit, and smokefree.gov), with a link to an online screening
form. Contact information and data on age, sex, smartphone
ownership, employment status, and smoking behavior were
collected. To be eligible for participation, individuals had to
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Table 1. Nonproportional quota sampling enrollment: target and actual values (n=319).
Category

Targeted enrollment values (%)

Actual enrollment values, n (%)

18-29

<20

24 (7.5)

30-60

≥70

281 (88.1)

≥61

<10

14 (4.4)

5-10

<25

68 (21.3)a

11-30

≥65

236 (74.0)

>30

<10

15 (4.7)

Intend to quit within 30 days

≥20

107 (33.5)

Intend to quit within 6 months

≥20

201 (63.0)

Not thinking of quitting

<20

11 (3.5)

Female

40-60

184 (57.7)

Age (years)

Cigarettes per day

Stage of change

Sex

a

One participant reported smoking 5 cigarettes per day at screening, then entered 4 cigarettes per day on the baseline questionnaire.

Figure 1. Pivot carbon monoxide breath sensor.

Pivot Program
Pivot is a comprehensive digital solution that includes (1) the
first FDA-cleared, over-the-counter CO breath sensor (Figure
1), which communicates with a smartphone and app via
Bluetooth; (2) the multiphase Pivot mobile app; and (3)
dedicated human coaching delivered one-on-one through in-app
text messaging. The program has been developed for
commercialization and designed for delivery in the context of
employee wellness programs and health plans. Pivot leverages
evidence-based principles and clinical best practices.
Specifically, Pivot uses the USCPG-recommended 5 As (Ask,
http://mhealth.jmir.org/2019/2/e12609/
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Advise, Assess, Assist, and Arrange), tailors on readiness to
quit [4], encourages the use of FDA-approved pharmacotherapy
[4,26-28], capitalizes on effective methods for smoking cessation
(eg, motivational interviewing, cognitive behavioral therapy,
and self-determination theory) [4,29-31], and provides
behavioral counseling through a live, dedicated coach
[4,28,32,33].
The Pivot journey consists of 5 sequential stages (Explore,
Build, Mobilize, Quit, and Secure). To advance to the next Pivot
stage, the preceding stage must be completed. Pivot begins with
Explore (9 days), which is designed for anyone who smokes,
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to raise awareness and interest in moving forward. In Explore,
users take samples with the Pivot Breath Sensor, log cigarettes,
get to know their coach, and complete daily activities to
understand their smoking patterns and explore how smoking
affects their lives. The second phase of Pivot is Build (1 day to
4 weeks), which is tailored to users’ readiness, motivation, and
confidence. Build culminates with users setting a quit date and
building a quit plan. Next is Mobilize (7 days), which provides
opportunities for users to put into practice individual elements
of their quit plan, one at a time, in preparation for quit day. The
fourth phase of Pivot is Quit (7 days), which begins on the user’s
selected quit day and continues through the first week of living
smoke-free. Quit incorporates a daily check-in feature to allow
users to track their progress and set daily goals to reinforce the
idea of quitting as a process. Secure (11 weeks) is a natural
extension of Quit and focuses on supporting users in developing
internal, sustainable motivation to stay smoke-free for good.
With continued coaching support, self-monitoring, and practice,
Secure is designed to help Pivot’s newly smoke-free users learn
to navigate the challenges that come in the first few months
after quitting. Sample screenshots from the Pivot app from
different stages are shown in Figure 2.

stages (Build lasts 1 to 28 days depending on participant
readiness and desired pace). Participants were asked to complete
electronic questionnaires in-app and online through Survey
Monkey at baseline, upon completion of each stage, and at the
end of Pivot. Participants were notified of the online
questionnaires via email with a link to the questionnaire.
Automated email reminders were sent daily until online
questionnaire completion, the emailing of the next study
questionnaire, or in the case of the final questionnaire, until the
end of the study period. Participants were compensated US $10
to US $50 per completed study questionnaire and US $50 for
returning the CO breath sensor for up to a total of US $265,
using Visa gift cards. Compensation was not associated with
use of the various components of Pivot, level of engagement,
or smoking/quitting status.

Throughout the Pivot program, participants could provide breath
samples, log cigarettes, complete in-app activities, and interact
with their coach via in-app chat. During the study, the suggested
breath sampling frequency was once per hour while awake
during Explore through Mobilize, decreasing to a few breath
samples per day thereafter. This was discussed during the
screening call with acknowledgment that breath sampling should
ultimately be undertaken in a way that works with each
participant’s schedule. Participants were also encouraged to log
all cigarettes they smoked using the in-app logging feature,
preferably as soon as possible after smoking. A daily push
notification alerted participants to their daily in-app activity
(Explore through Quit) or check-in (Quit and Secure). Finally,
participants received behavioral counseling via coaching
throughout the entire program. Coach-initiated contact included
outreach 3 times a week from Explore through the first 30 days
in Secure, once per week for the next 30 days in Secure, and
every other week for the last 30 days in Secure. Participants
could initiate contact with their coach as frequently as desired.
Coaching was undertaken through asynchronous in-app text
messaging, thus allowing participants to respond to
coach-initiated contact or to initiate contact with their coach
whenever it was convenient for them.

Outcome Variables and Measurement

Procedure
The Pivot program was designed to be 14.5 to 18.5 weeks in
duration, depending on participant navigation of the program
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Data Collection
Data were collected electronically through participant input in
the Pivot online registration form, Pivot app, and online
questionnaires. Study data were imported directly into a secure
database (PostgreSQL, PostgreSQL Global Development
Group).

Baseline Characteristics
Baseline characteristics included demographic information (age,
sex, race or ethnicity, household income, and education) and
smoking behavior data (cigarettes smoked per day, duration of
smoking, and number of quit attempts over the past 12 months).

Engagement
A total of 3 metrics of engagement were assessed: Pivot stage
completion, weeks of active engagement, and program
completion. Pivot stage completion is defined as the percent of
participants who completed each stage based on the number of
those who onboarded. Weeks of active engagement was defined
as doing at least 1 of the following: doing a breath sample,
logging a cigarette, starting or completing a daily activity,
challenge or check-in, or messaging one’s coach. Opening the
app without doing one of the aforementioned actions and receipt
of a message from one’s coach did not count as engagement.
Finally, program completion was defined as those who
completed onboarding and completed Explore through Secure.
Completing Secure was defined as (1) having been in Secure
for 11 weeks, (2) having engaged with the program at least once
during the 11 weeks of Secure as defined above, and (3)
providing smoking status (CPD and 7- and 30-day point
prevalence) in the final questionnaire.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12609 | p.269
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Marler et al

Figure 2. Sample screenshots from the Pivot app, different stages.

Attitudes Toward Quitting
Measurements assessing attitudes toward quitting included
readiness to quit/stage of change [34,35], confidence to quit,
and anticipated difficulty maintaining quit status [36,37]. These
measures were chosen to reflect a range of psychosocial
indicators that have been shown to influence the likelihood of
attempting to quit smoking and/or cessation (ie, motivation and
self-efficacy). Participants completed the readiness to quit/stage
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of change item at baseline and the end of Explore. To complete
the second phase of Pivot, Build, participants had to have
selected a quit date within the next 14 days. Therefore, it did
not make sense to ask participants the readiness to quit/stage
of change item beyond the end-of-Explore survey. Confidence
to quit and anticipated difficulty maintaining quit status were
assessed at baseline and at the end of Explore, Build, and
Mobilize. The specific items used to assess participant attitudes
are detailed in Table 2.
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Table 2. Measurements assessing attitudes toward quitting.
Question

Answer options/scale

Are you seriously thinking of quitting smoking? (stage of change)

Yes, within the next 30 days
Yes, within the next 6 months
No, not thinking of quitting

If you were to quit smoking right now, how successful would you be?

Scale 1 to 10 (1=not at all successful, 10=completely successful)

If you were to quit smoking right now, how difficult do you think it would Scale 1 to 10 (1=really hard to stay quit, 10=really easy to stay quit)
be to stay smoke-free?

Changes in Smoking Behavior
A total of 4 metrics were used to assess changes in smoking
behavior: smoking reduction, quit attempts, and 7-day and
30-day PPA. At the end of each stage, monthly in Secure, and
on the final questionnaire, participants were asked the number
of cigarettes smoked per day. Smoking reduction was evaluated
in all participants before Quit and in the subset of participants
who never achieved 7-day PPA using the following metrics:
change in CPD, percentage change in CPD, and percentage of
participants who achieved ≥50% reduction in CPD. Quit attempt
was defined as going at least 1 day without smoking cigarettes,
even a single puff. Point-prevalence abstinence (7-day and
30-day) was assessed as a primary outcome on the final study
questionnaire. We also asked PPA for secondary outcomes at
the end of Quit (7-day PPA) and monthly in Secure. Participants
were considered to have achieved 7-day (30-day) PPA if they
answered “no” to the following question: “In the last 7 (30)
days have you smoked any cigarettes, even a single puff?” As
the Pivot program has no face-to-face contact, and data
collection is achieved through remote means using the app and
electronic questionnaires, biochemical verification of smoking
status was not pursued in accordance with previous
recommendations [38].

Sample Size
Previous evaluation has shown that changes in attitudes toward
quitting are meaningful predictors of quit attempts [39]. On the
basis of a previous assessment of 41 individuals using the first
stage of Pivot (Explore), we estimated that the mean (SD)
change in ratings assessing attitudes toward quitting (confidence
to quit and expected difficulty maintaining quit) would be ≥1
(4) just before reaching Quit [22]. On the basis of these
estimates, there was 80% power to detect a significant difference
in these ratings with a sample size of 101. As this was an initial
study of the complete Pivot program, and in the context of
known high attrition rates with mobile health apps [40,41], we
applied conservative retention estimates drawn from other
similar studies. Specifically, the target enrollment of 310 was
estimated to yield at least 100 participants still engaged at the
end of Secure.

Mobilize (ie, pre-Quit); changes in cigarettes smoked per day
were assessed from baseline to the end of each Pivot stage and
the final questionnaire. Participants served as their own controls,
and comparisons were made to no change. To evaluate changes
in attitudes or cigarettes smoked per day over time, repeated
measures linear mixed model analyses were performed using a
compound symmetric correlation matrix to model the repeated
measures within subjects. As these measurements were taken
at the same Pivot stage (not necessarily the same time), stage
was used as a surrogate for time. To make specific comparisons
across time, F statistics were computed using the results from
the model. To determine whether the effects over time were the
same among subgroups, subgroup and time by subgroup
interaction terms were added to the models with time. Analyses
were conducted to calculate mean (SD) for normally distributed
variables for actual data or mean (SE) for modeled data and
median (interquartile range) values in instances of non-normally
distributed variables. Furthermore, one-sample t tests were used
for numerical data. Fisher exact or chi-square tests were used
for categorical data. McNemar test was used for 2-category
match-paired data. Cohen kappa statistic was used for 3-category
match-paired data. Analyses were conducted using SAS Version
9.4 (SAS Institute). Statistical significance was set at P<.05.
In the assessment of cessation (PPA), 2 sets of analyses were
performed. In the first, an ITT analysis, individuals who did not
respond to PPA questions were assumed to be smoking. The
ITT analysis was performed as a standard assessment with
long-standing use in traditional clinical studies. However, this
method is subject to biases in effect size estimates and may lead
to errors [42,43]. Consequently, a study completer analysis was
also performed, which only included individuals who completed
the final questionnaire. Participants were sent the final
questionnaire regardless of whether or not they completed the
Pivot program. For additional assessments performed at the end
of the study (quit attempts, CPD, and smoking reduction), a
study completer analysis was performed. This analysis approach
comports with previous reports assessing app-based digital
cessation programs [14,15].

Results

Statistical Analyses

Enrollment

Statistical analyses were conducted using all available data. For
engagement, data were collected through the Pivot app to
capture stage completion, weeks of active engagement, and
program completion. Changes in attitudes toward quitting were
assessed from baseline to the end of Explore, Build, and

From October 2017 to March 2018, 7382 online screening forms
were received; 3436 met the screening eligibility criteria, and
1435 received outbound phone calls from study staff. Most
phone calls were not answered or returned. After the phone
calls, registration links were emailed to 417 potential
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participants; 362 completed the online registration and informed
consent. A total of 319 participants completed onboarding and
comprised the ITT sample. Moreover, 85.3% (272/319) of the
participants completed the final questionnaire and comprised
the study completer sample. A total of 47 participants were lost
to follow-up or withdrew consent. Study enrollment and attrition
are depicted in the participant flow diagram in Figure 3.

Baseline Characteristics
The study sample consisted of 57.7% women (184/319), had a
mean age of 42.8 (SD 10.2) years, smoked a mean of 17.7 (SD
7.6) CPD at baseline, and had been smoking for an average of

Marler et al
26.4 (SD 10.7) years. Most study participants (294/319, 92.2%)
used iPhones.
At baseline, one-third of participants (107/319, 33.5%) indicated
they were seriously thinking of quitting smoking in the next 30
days. Two-thirds of participants (212/319, 66.5%) did not intend
to quit smoking within the next 30 days. Specifically, 63.0%
(201/319) indicated they were thinking of quitting in the next
6 months, and 3.5% (11/319) indicated they were not seriously
thinking of quitting smoking. On average, participants had made
2.1 (SD 3.3) quit attempts over the past 12 months. Study
demographic details are provided in Table 3.

Figure 3. Consolidated Standards of Reporting Trials flow diagram of participants.
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Table 3. Baseline demographics.
Demographics

Statistics

Completed onboarding, n

319

Female, n (%)

184 (57.7)

Age (years), mean (SD)

42.8 (10.2)

20-29, n (%)

24 (7.5)

30-39, n (%)

108 (33.9)

40-49, n (%)

103 (32.3)

50-59, n (%)

63 (19.7)

60-69, n (%)

21 (6.6)

Cigarettes smoked per day, mean (SD)

17.7 (7.6)

Years smoking, mean (SD)

26.4 (10.7)

Quit attempts in last 12 months, mean (SD)

2.1 (3.3)

Smartphone, n (%)
iPhone

294 (92.2)

Android

25 (7.8)

Ethnicity, n (%)
White

264 (82.8)

African American

22 (6.9)

Hispanic

15 (4.7)

Asian

5 (1.6)

American Indian or Alaska Native

4 (1.3)

Native Hawaiian or other Pacific Islander

2 (0.6)

Other

7 (2.2)

US region, n (%)
South

123 (38.6)

Midwest

73 (22.9)

West

68 (21.3)

Northeast

55 (17.2)

Highest level of education or degree attained, n (%)
Professional or doctorate degree

8 (2.5)

Master’s degree

18 (5.6)

Bachelor’s (4-year) degree

70 (21.9)

Associate’s (2-year) degree

52 (16.3)

Some college

112 (35.1)
a

High school/GED

56 (17.6)

Some high school

3 (0.9)

Annual household income (US dollars), n (%)
Less than $25,000

30 (9.4)

$25,000-$34,999

48 (15.0)

$35,000-$49,999

58 (18.2)

$50,000-$74,999

60 (18.8)

$75,000-$99,999

56 (17.6)

$100,000-$149,999

40 (12.5)
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Demographics

Statistics

$150,000 or more

17 (5.3)

Prefer not to answer

10 (3.1)

Are you seriously thinking of quitting smoking? n (%)
Yes, within the next 30 days

107 (33.5)

Yes, within the next 6 months

201 (63.0)

No, not thinking of quitting

11 (3.5)

Attitude toward smoking ratings, mean (SD)
If you were to quit smoking now how successful would you be?

4.2 (2.7)

(1=not successful at all, 10=completely successful)
If you were to quit smoking right now how difficult do you think it would be to stay smoke-free?

3.1 (2.5)

(1=really hard; 10=really easy)
a

GED: General Education Diploma.

Engagement
The proportion of participants who completed each Pivot stage
is detailed in Figure 4. As shown, after some drop-off in Build,
retention rates remained relatively stable for the remainder of
program participation. Overall, 39.5% (126/319) of participants
who onboarded completed the Pivot program.
Participants were active in the program for a mean of 12.4 (SD
7.1) weeks. Time to complete each stage varied for some from
original projections with participants taking longer in Mobilize,
Quit, and Secure (Table 4).
Beyond active engagement by week, as a secondary analysis,
we explored patterns of daily engagement to gain a more
detailed understanding of how participants interacted with Pivot
(Figure 5). Overall, participants consistently used all Pivot
components throughout their engagement with the Pivot

program. Notable use pattern variation included performance
of the highest average number of daily breath samples in
Explore, completion of the highest average number of daily
Pivot app activities in Build, and an overall decrease in daily
logging of cigarettes from one stage to the next. These use
patterns are expected. Specifically, breath sampling is
particularly salient to Explore’s focus on self-awareness and
exploration of how smoking affects one’s life. Build is a time
for learning and skill building, which are primarily accomplished
through completion of daily app activities. Cigarette logging
would decrease both as a result of actual decreases in smoking
and decreased compliance with logging during advancement in
the program. In addition, there was continued but decreased use
of all program components in Secure, consistent with an
expected decrease in need for program intensity as participants
achieve cessation.

Figure 4. Proportion of participants who completed each Pivot stage, by those who onboarded (n=319).
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Table 4. Projected and actual days spent in each Pivot stage.
Stage

Projected days

Actual days, mean (SD)

Explore

9

9.3 (4.1)

Build

1-28

19.8 (26.2)

Mobilize

7

18.0 (23.0)

Quit

7

9.1 (10.0)

Secure

77

87.3 (7.7)

Figure 5. Participant engagement with the different components of Pivot; average actions per day, by stage, for all participants who entered stage.

to quit, 66.2% (186/281) stayed the same, and 5.7% (16/281)
decreased (P<.001).

Change in Attitudes Toward Quitting
Change in readiness to quit (stage of change) was assessed at
baseline and at the end of Explore (Table 5). Readiness to quit
improved with 55.9% (157/281) of respondents indicating they
were thinking of quitting in the next 30 days at the end of
Explore compared with 33.5% (94/281) at baseline (P<.001).
At the end of Explore, 28.1% (79/281) increased their readiness

Participants’ confidence to quit and perceived difficulty of
quitting also improved (Figures 6 and 7). In repeated measures
linear mixed model analyses, end-of-stage results were
compared with baseline and each other; all changes were
statistically significant (P<.001, except for end of Build vs end
of Explore, where P=0.01 for confidence to quit).

Table 5. Change in readiness to quit from baseline to the end of Explore.
Readiness to Quit: Baseline

Readiness to Quita: End of Explore, n (%)
Yes, within the next 30 days

Yes, within the next 6 months

No, not thinking of quitting

Total

Yes, within the next 30 days

82 (29.2)

12 (4.3)

0 (0)

94 (33.5)

Yes, within the next 6 months

74 (26.3)

98 (34.9)

4 (1.4)

176 (62.6)

No, not thinking of quitting

1 (0.4)

4 (1.4)

6 (2.1)

11 (3.9)

Total

157 (55.9)

114 (40.6)

10 (3.6)

281 (100.0)b

a

Readiness to Quit assessed via stage of change question: Are you seriously thinking of quitting smoking? A. Yes, within the next 30 days; B. Yes,
within the next 6 months; C. No, not thinking of quitting.
b

283 participants completed Explore; however, 2 of these participants did not answer this question on the end of Explore questionnaire.
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Figure 6. Changes in confidence to quit. Estimate of means and standard errors based on linear mixed model.

Figure 7. Changes in perceived difficulty of staying quit. Estimate of means and standard errors based on linear mixed model.

Changes in Smoking Behaviors
Change in Cigarettes Per Day by Stage
Repeated measures linear mixed model analysis was performed,
with projected end-of-stage CPD values compared with baseline
and each other (Table 6). End-of-stage percent changes in CPD
were statistically significant (all P<.001 with P=.003 for
Mobilize vs Build), except at the end of Explore versus baseline
in those ready to quit in the next 30 days (percentage change in
CPD=−10.2%, P=.13). Among those who completed Mobilize
and provided data (n=139), CPD were reduced by 50.7% (SD
32.6) from baseline to immediately before entering Quit.

Using repeated measures linear mixed model analysis, 31.8%
of study participants were projected to reduce their CPD by
≥50% before entering Quit (Table 7). Among those who
completed Mobilize and provided data, 53.2% (74/139) reduced
their CPD by ≥50% before entering Quit. At the end of the
study, among the study completers who did not achieve at least
7-day PPA (n=170), CPD were reduced by 29.1% (SD 34.5),
and 25.9% (44/170) reduced their CPD by ≥50%. Pre-Quit
(Explore, Build, and Mobilize) there were no statistically
significant differences in CPD reduction rates or in the
proportion of participants reducing CPD by ≥50% between
those ready and not ready to quit in the next 30 days at entry.

Table 6. Average percentage change in cigarettes per day (CPD) by pre-Quit stage, repeated measures linear mixed model analysis.
Group

Pivot stage
Explore

Build

Mobilize

All, mean % (SE)

−12.6 (2.5)

−30.7 (2.9)

−44.5 (3.0)

Baseline Readiness to Quit: within the next 30 days, mean % (SE)

−10.2 (6.6)

−27.7 (7.1)

−45.1 (7.4)

Baseline Readiness to Quit: not within the next 30 days, mean % (SE)

−13.8 (2.0)

−32.1 (2.4)

−44.0 (2.5)
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Table 7. Proportion of participants who reduced cigarettes per day (CPD) by ≥50% by pre-Quit stage, repeated measures linear mixed model analysis.
Group

Pivot stage
Explore

Build

Mobilize

All

11.3 (8.1-15.6)

21.2 (16.8-26.4)

31.8 (26.6 -37.5)

Baseline Readiness to Quit: within the next 30 days, estimated percentage (95% CI)

14.9 (9.0-23.6)

22.3 (15.0-31.9)

37.2 (28.1-47.4)

20.6 (15.5-27.0)

29.1 (23.1-36.0)

Baseline Readiness to Quit: not within the next 30 days, estimated percentage (95% CI) 9.5 (6.1-14.6)

Table 8. Among participants with increased motivation to stop smoking in Pivot, what was the top reason?
Reason

Statistics, n (%)

Using the sensor to measure carbon monoxide in my breath

80 (34.3)

Trying a variety of strategies to reduce or quit

61 (26.2)

Learning about the effects of smoking through daily activities

38 (16.3)

Coaching

33 (14.2)

Other

16 (6.9)

Receiving support from friends, family, and others

5 (2.1)

Total

233 (100)

Quit Attempts
Overall, 79.4% (216/272, study completers) reported making
at least 1 quit attempt during their participation in the Pivot
program. On average, study completers made 2.4 (SD 3.1) quit
attempts during Pivot. Among the participants who, at baseline,
were planning to quit smoking within the next 30 days, 89.1%
(82/92, study completers) made a quit attempt during the study.
Among the participants who, at baseline, were not planning to
quit smoking within the next 30 days, 74.4% (134/180, study
completers) made a quit attempt during the study.

Point Prevalence Abstinence (7-Day and 30-Day)
At the end of the study, 32.0% (102/319) achieved 7-day PPA
and 27.6% (88/319) achieved 30-day PPA using an ITT analysis.
Using data from study completers, 37.5% (102/272) achieved
7-day PPA and 32.4% (88/272) achieved 30-day PPA.
Subset analyses of those who were ready to quit within the next
30 days at baseline versus those who were not ready to quit
demonstrated similar cessation rates between the 2 groups.
Using an ITT analysis, among those who, at baseline, were
ready to quit smoking in the next 30 days, 32.7% (35/107)
achieved 7-day PPA and 27.1% (29/107) achieved 30-day PPA;
for those, at baseline, who were not ready to quit smoking in
the next 30 days, end-of-study 7-day and 30-day PPA were
31.6% (67/212) and 27.8% (59/212), respectively. A similar
pattern emerged for the study completer analysis. Among those
who, at baseline, were ready to quit smoking in the next 30
days, 38.0% (35/92) achieved 7-day PPA and 31.5% (29/92)
achieved 30-day PPA; for those, at baseline, who were not ready
to quit smoking in the next 30 days, end-of-study 7-day and
30-day PPA were 37.2% (67/180) and 32.8% (59/180),
respectively. None of these differences in PPA between subsets
were statistically significant.
In addition to the primary endpoint with the end-of-study
questionnaire, 7-day PPA and 30-day PPA data were also
http://mhealth.jmir.org/2019/2/e12609/
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collected as secondary outcomes periodically throughout the
Pivot program: at the end of Quit (7-day PPA only) and in
Secure at 30, 60, and 90 days (7-day and 30-day PPA). Using
all available data, 36.1% (115/319) achieved 7-day PPA and
31.0% (99/319) achieved 30-day PPA at some point during the
study.

Participant Feedback
Participants were asked to consider the various components of
Pivot. Among the participants who reported Pivot increased
their motivation to stop smoking (85.7%, 233/272), using the
breath sensor was the most common reason for the increased
motivation (Table 8). Trying a variety of strategies to reduce
or quit and learning about the effects of smoking through daily
activities were the second and third most common reasons,
respectively.

Discussion
Principal Findings
This was the initial study of the Pivot program; a comprehensive,
multiphase digital smoking cessation program that includes a
mobile CO breath sensor, the Pivot app, and dedicated human
coaching. The majority (212/319, 66.5%) of participants were
not ready to quit in the next 30 days at study entry. Overall,
39.5% (126/319) of participants completed the Pivot program.
Participants were active in the program for an average of 12.4
weeks.
There was a positive, statistically significant shift in attitudes
toward quitting, including readiness to quit/stage of change,
confidence in quitting, and perceived difficulty of staying quit.
With regard to changes in smoking behavior, 53.2% of
participants who completed Mobilize decreased CPD by at least
half just before entering Quit. Moreover, 30-day PPA was
achieved by 27.6% (88/319) and 32.4% (88/272) of participants
for ITT and study completer analyses, respectively. Notably,
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30-day abstinence rates were comparable among those who
were and were not ready to quit in the next 30 days at baseline:
27.1% (29/107) versus 27.8% (59/212; ITT), respectively.
Among the study completers who did not achieve abstinence,
25.9% (44/170) reduced their CPD by ≥50% by the end of the
study.

Readiness to Quit
This study was unique in its inclusion of individuals who were
not ready to quit smoking in the next 30 days. This study design
element reflected an overarching goal of Pivot to engage
individuals along the entire spectrum of readiness to quit.
Prochaska et al estimated that approximately 20% of smokers
are thinking of quitting smoking in the next 30 days, 35% to
40% are thinking of quitting in the next 6 months, and 40% to
45% are not seriously thinking of quitting. They noted that
cessation professionals, “approaching patients and settings only
with action-oriented programs are likely to under-serve or
misserve the majority of their target population” [44]. Despite
the fact that the USCPG provides clear guidance on how to
work with those who are ambivalent or otherwise not ready to
quit in the next 30 days [4], few programs actively recruit or
even include these individuals. Pivot had high enrollment of
individuals not ready to quit in the next 30 days and comparable
program retention and cessation rates between these individuals
and those who were ready to quit in the next 30 days. This
suggests Pivot addresses this historical shortcoming of focusing
solely on those smokers who are ready to quit in the short term
and has the potential to increase reach by effective inclusion of
a larger proportion of the smoking population.

Comparison With Prior Work
In addition to inclusion of individuals who were not ready to
quit smoking in the next 30 days, differentiating aspects of Pivot
include the mobile CO breath sensor and dedicated in-app
human coaching. These differences, along with those in program
duration and study population characteristics such as
employment status, age, and baseline CPD, limit comparability
of these programs. Acknowledging these differences, Table 9
is included to provide context for current and previous
abstinence rates from app-based cessation programs. Overall,
Pivot abstinence rates are favorable when assessed among
app-based cessation programs.
Recently, Krishnan et al assessed the use of a personal CO
breath sensor (iCO monitor, Bedfont Scientific Ltd) with the
COach2Quit app. Participants were randomized to receive brief
advice (control, n=52) or brief advice plus the iCO monitor with
the COach2Quit app (intervention, n=50). Participants in the
intervention group were sent reminders from the app to use the
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breath sensor twice per day. On the basis of the user’s CO result
after a breath sample, the app sent messages from a predefined
text library and provided a graphical display of the CO readings.
At 30-day follow-up, 1 participant in each study arm had quit
smoking. There were no significant differences between study
groups in changes in CO levels or CPD between baseline and
30-day follow-up [45]. The use of a personal CO breath sensor
was incorporated in this study and our study. However, there
were several notable differences in the programs and study
populations, including the intensity of and delivery mechanism
of counseling, suggested breath sampling frequency, the
app-delivered Pivot journey, and study population demographics
(age, employment, and education levels). These differences may
have contributed to the different outcomes.

Adherence and Attrition
Poor adherence and attrition are known problems with
technology-based treatment platforms such as apps. Ubhi et al
evaluated SmokeFree28, a 28-day app-based cessation program.
Among the 1170 participants, 470 (40.2%) used the app for 7
days or more and only 226 (19.3%) used it for 28 days or more
[40]. Iacoviello et al reported on the use of an app-based
cessation program by 416 smokers. In that program, users chose
a quit date 7 to 21 days from enrollment with study endpoint
data collected at 8 weeks. Study participants used the program
for an average of 5.3 weeks [15]. In Pivot, participants were
actively engaged with the program for an average of 12.4 weeks,
indicating durable use among participants.
Of 99 participants in a study assessing a digital cessation
program based on ACT, Bricker et al reported that at 2-month
follow-up, 24% of participants had completed the program [14].
In this study, 39.5% (126/319) of participants completed the
Pivot program. The greatest attrition occurred during the Build
stage; 64.7% (183/283) of those who started Build completed
it, in contrast to ≥76.0% for the other Pivot stages. To complete
Build and advance in Pivot, one must choose a quit date and
create a quit plan. This requirement reflects the overall linear
program flow, which requires completion of one stage before
moving on to the next. This design may deter further
advancement in those not ready to quit, and it may also hinder
engagement and data collection from individuals on the other
end of the spectrum, those who make a quit attempt before
reaching Pivot’s Quit phase. Although the overall Pivot program
completion rate is favorable in the context of published rates,
learnings from this study suggest the potential for app flow
modifications that allow more flexibility in navigation, such
that early quitters can access Quit content and those not ready
to quit can maintain a sense of progress by accessing additional
educational and motivational materials.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12609 | p.278
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Marler et al

Table 9. 30-day point prevalence abstinence (PPA) in app-based cessation programs.
Author

Program components

Study characteristics

Bricker JB et al [14]

App: applies Acceptance and
Commitment Therapy; users create
a quit plan, complete 8 core modules, use “Urge Pass” tracker and
“Anytime Coaching” (other

Single arm pilot trial (assessment 99
of program updates following pre-

ACTc-based activities)

Iacoviello BM et al
[15]

n

ITTa 30-day PPAb,
n (%)

Study completer 30day PPA, n (%)

9 (9.1)

9 (11.0)

109 (26.2)

109 (29.9)

88 (27.6)

88 (32.4)

vious RCTd); Mean age: 38 years;
Female: 78%; Employed: 70%;
CPDe: not reported, 32% smoked
≥1 pack per day; Seriously thinking of quitting in the next 30 days:
100%; Follow-up: 2 months

App: tailored quit plan of missions Single arm trial; Mean age: 36
416
and personalized messages that
years; Female: 59%; Employment
adhere to USCPGf. Includes con- not reported; CPD: 16.7; Seriously
thinking of quitting in the next 30
trolled breathing, personalized
days: 100%; Follow-up: 2 months
messaging, social engagement,
encouragement of pharmacotherapy and medication adherence, and
digital diversions

Marler JD et al (this
study)

a

COg breath sensor—user tracks
effect of smoking on breath CO;
App: applies USCPG; includes
daily activities, challenges,
cigarette logging, encouragement
of pharmacotherapy, quit plan,
practice quits, and check-ins;
Coaching: asynchronous, dedicated human coaching via in-app text
messaging, based on Cognitive
Behavioral Therapy and Self-Determination Theory

Single arm trial; Mean age: 43
319
years; Female: 58%; Employed:
100% (≥20 hours a week); CPD:
17.7; Seriously thinking of quitting
in the next 30 days: 33.5%; Follow-up: 14.5 to 18.5 weeks

ITT: intention-to-treat.

b

PPA: point prevalence abstinence.

c

ACT: Acceptance and Commitment Therapy.

d

RCT: randomized controlled trial.

e

CPD: cigarettes per day.

f

USCPG: United States Clinical Practice Guideline.

g

CO: carbon monoxide.

Participant Experience: Carbon Monoxide Breath
Sensing
Most study participants (233/272, 85.7%) indicated their
motivation to quit smoking increased while using Pivot,
reporting use of the breath sensor as the most common reason.
Breath sensor use behavior during the study supports this
preference and generally aligns with previous findings.
Participants gave an average of 5.9 breath samples per day
during Explore compared with 5.9 to 8.1 samples per day during
Explore in a previous study [22]; comparison beyond Explore
was not possible due to the shorter duration of the previous
study. Assessment by Krishnan et al of a smoking cessation
program that also utilized a personal CO breath sensor and
accompanying app reported similar findings regarding reception
of the technology; 91% of participants liked having the breath
sensor and app to help them quit smoking, and 86% reported
that using both motivated them to quit smoking [45]. Although
the use of a personalized CO breath sensor for biometric
feedback is a relatively new approach in smoking cessation
programs, the data of this study are encouraging and engender
http://mhealth.jmir.org/2019/2/e12609/

XSL• FO
RenderX

additional questions for future study regarding the optimal use
of this tool.

Indicators of Future Outcomes of Behavior
Abstinence rates are paramount in smoking cessation research,
and the abstinence rates in this study were favorable in the
context of similar programs. Nonetheless, nicotine addiction is
a disease state that rarely, if ever, exceeds a 50% cure rate per
treatment attempt with smokers making an average of 6 to 29
quit attempts before quitting successfully [46]. Accordingly,
indicators of future outcomes or behavior are of particular
interest. In this study, 28.1% (79/281) of participants progressed
from one stage of readiness to the next at the end of Explore;
this stage advancement is important because it translates to a
doubling of one’s chance of taking action in the next 6 months
[44]. Among the study completers who did not achieve
abstinence during the study, the average reduction in CPD at
the end of the study was 29.1%, and 25.9% participants
decreased their CPD by ≥50%. This behavior change is
meaningful as the rates of quit attempts or cessation itself
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significantly increase among those who reduce CPD by ≥50%
[47].

Limitations
This study has a few limitations. First, the majority of
participants (294/319, 92.2%) were iOS users. Ubhi et al
assessed 1386 users of the SmokeFree28 app and reported
differences in iOS and Android users. iOS users were more
likely to have made a quit attempt within the last 12 months
and set their quit date on the day of registration and were less
likely to have used cessation medication to support their quit
attempt compared with Android users [48]. Further study of
Pivot in Android users will inform the understanding of if and
how their outcomes differ from iOS users. Second, the eligibility
criterion of employment ≥20 hours per week may limit the
applicability of the results among the general public, particularly
in individuals with lower socioeconomic status or serious mental
health issues. Notably, despite the ≥20 hours per week
employment eligibility requirement, approximately 25% of
study participants had an annual household income less than
US $35,000. As we did not collect information on mental health,
we are unable to comment on the representation of individuals
with mental health conditions in the study population. In
addition, although we used the eligibility criterion of
employment ≥20 hours a week as a proxy for individuals more
likely to have access to an employee wellness program or
employer-provided health care, study participants were not
directly recruited from such employer-provided programs,
thereby limiting direct conclusions in these populations. Third,
although most study participants were not ready to quit in the
next 30 days, only 3.5% (11/319) of all study participants fell
into the specific category of “not thinking of quitting,” limiting
assessment in this group. Overall, the study results should be
considered in the context of the aforementioned participant
smartphone, employment, and readiness to quit characteristics,
with additional study of Pivot needed in a broader population
of smokers.
In addition, participants were compensated for their
participation. Although efforts were made to minimize the

Marler et al
influence of payments, such as keeping individual payments
under US $50, incorporating a several week delay between
questionnaire completion and payment receipt, and not linking
payment to use of program components or smoking outcomes,
we cannot exclude some influence of study payment on
participant behavior. Finally, the study was conducted in a
pragmatic fashion to assess the Pivot program as it is used in
real-world contexts. Pivot is characterized by a sequential
multistage design. These stages were created with certain time
frame estimates in mind, specifically, that it would take 9 days,
1 to 28 days, 7 days, 7 days, and 11 weeks to complete Explore,
Build, Mobilize, Quit, and Secure, respectively. However, actual
participant behavior demonstrated longer durations spent in
some stages (Mobilize through Secure), and the study was
designed to allow for this type of participant behavior. This
flexibility is valuable in that it mirrors how Pivot will be
available to and used by its initial intended users (employees
of self-insured employers or employers with wellness programs).
Nonetheless, this approach is different from the more traditional
and rigid 30- or 60-day assessments that are linked directly to
enrollment date, and this difference is worth acknowledging.

Conclusions
Pivot is a comprehensive digital smoking program, which
combines proven cessation principles derived from the USCPG
with the innovation of a mobile CO breath sensor and in-app
text-based human coaching. In this initial assessment, Pivot was
shown to be engaging and quit rates were aligned with those in
the peer-reviewed literature. This was true in both individuals
who were and were not ready to quit in the next 30 days, with
comparable retention and cessation outcomes between the 2
groups. Pivot leverages accessible and nearly ubiquitous
smartphone technology and engages individuals along the entire
spectrum of readiness to quit—something few programs have
done to date. The hope is this combination will translate to
increased reach; these initial results are encouraging. Looking
forward, this study informs the future development of Pivot.
Next steps include implementing and evaluating refinements
to the program based on present learnings and further evaluation
via a randomized controlled trial.
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Abstract
Background: The role of individual-tailored dietary recording in mobile phone health apps has become increasingly important
in management of self-health care and population-based preventive service. The development of such mobile apps for user-centered
designing is still challengeable and requires further scientific evidence.
Objective: This study aims to conduct a randomized trial to assess the accuracy and time efficiency of two prototypes for dietary
recoding utilization related to the input method of food intake.
Methods: We first present an innovative combinatorial concept for dietary recording to account for dish variation. One prototype
was a self-chosen tab app that featured choosing each food ingredient to synthesize an individual dish, whereas the other was an
autonomous exhaustive list app that provided one selection from a comprehensive list of dish items. The concept included
commercially available choices that allowed users to more accurately account for their individual food selection. The two mobile
apps were compared in a head-to-head parallel randomized trial evaluation. Young adults (n=70, aged 18-29) and older adults
(n=35, aged 55-73) were recruited and randomized into two groups for accuracy and response time evaluation based on 12 types
of food items in use of the developed self-chosen tab and autonomous exhaustive list apps, respectively.
Results: For the trials based on the self-chosen tab (53 participants) and autonomous exhaustive list groups (52 participants),
the two prototypes were found to be highly accurate (>98%). The self-chosen tab app was found to be more efficient, requiring
significantly less time for input of 11 of 12 items (P<.05). The self-chosen tab users occasionally neglected to select food attributes,
an issue which did not occur in the autonomous exhaustive list group.
Conclusions: Our study contributes through the scientific evaluation of the transformation step into prototype development to
demonstrate that a self-chosen tab app has potentially better opportunity in effectiveness and efficiency. The combinatorial concept
offers potential for dietary recording and planning which can account for high food item variability. Our findings on prototype
development of diversified dietary recordings provide design consideration and user interaction for related further app development
and improvement.
Trial Registration: ISRCTN Registry ISRCTN86142301; http://www.isrctn.com/ ISRCTN86142301 (Archived by WebCite
at http://www.webcitation.org/74YLEPYnS)
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Introduction
As part of a new direction in food service marketing [1], many
fast food chains, restaurants, and coffee and tea shops now
encourage customers to select food alternatives to meet their
special or individual needs. Programs in such places at Wendy’s
[2] and Starbucks [3] allow customers to select alternative
cooking methods and ingredient types and portions, thus helping
customers meet their individual taste and dietary preferences.
However, the diversity of foods in real-world contexts poses a
significant challenge to such services accurately accounting for
actual food intake. Recent advances in information and
communication technology have led to the development of
innovative methods for reporting dietary intake using mobile
phones in a domain referred to as mHealth [4,5]. Accurate
dietary reporting is fundamental to counting calories and
calculating nutrient intake. Examples of innovation in dietary
intake include sized photography for food portion measurement
[6], expert direct observation of photographs [7,8], using digital
images for the assessment of food intake [9], and using mobile
phone cameras to capture food images [10]. However, new
methods are still lacking to prescribe individualized food
alternatives that not only provide valid intake data, but also are
suited for different types of users. Recently, the emphasis has
trended toward providing more innovative and effective
applications in digital health interventions. Essential components
of the framework in development of mHealth solutions are
utilized to leverage the potential outcomes (ie, theory of
user-centered innovation) [11,12], mobile health user-centered
design [13-15], and a theory-driven and user-centered approach
[13]. Previous studies [14-16] have emphasized integrating
these components in a comprehensive framework.
In this study, we investigate the prototyping step of a mobile
health app. Prototypes commonly evolve from original concept
in more than one design variant (ie, divergent steps) [12]. The
usability of these design variants is subjected to systematic
evaluation and requires comparative evidence from user
interaction [17]. This research conducts a scientific evaluation
to explicate the differences of the two design variants. The
consolidated statistical results provide a better understanding
of prototype suitability. Several pilot studies have attempted to
develop and evaluate a specific design [18-20]. However, such
attempts have largely failed to consider design variants or
conduct randomized trials to evaluate efficacy.
This paper presents an innovative concept for selecting or
creating individual meals for a mobile health app. The proposed
concept is used to develop two mobile apps to help users select
a wide variety of food alternatives. The first app is a self-chosen
tab app, which allows users to choose and click each food
ingredient to synthesize a food. The second app is an
autonomous exhaustive list app, in which users scroll through
and select from a comprehensive list of combined food
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ingredients. The concept aims to help users specify the desired
food item with detailed food information (eg, sugar content,
method of preparation) and capture various food ingredient
types. The efficacies of the two methods were assessed
experimentally.

Methods
App Design
We developed our apps based on user-centered design
approaches [18,20-22]. Key development steps included a
review of the relevant literature and commercial mobile apps.
Innovative design ideas were brainstormed and then reviewed
to develop concepts for helping users of different age groups
select individual-tailored food items. A physician and two
dieticians evaluated the initial prototypes in terms of usability,
and the completeness and accuracy of dietary information. Two
alternatives were finally identified. Further, these two prototypes
were evaluated from a usability perspective in randomized trials
to compare usability in accuracy and response time to reflect
actual food items in predefined meals.

Combinatorial Concept
The combinatorial concept for customized food designation
was addressed. Foods were represented in terms of one or more
main food ingredients as well as their related choices of side
ingredients that affect the caloric and macronutrient content of
each food item. Side ingredients are named “food attributes” in
this paper. Each main food ingredient was culturally recognized
as representing a major food group. For example, the main food
ingredient of coffee mocha was the coffee part without milk,
sugar, or other additives. The food attributes of coffee mocha
included all commercially available choices, such as various
types of milk, quantities of sugar, and flavorings (eg, cinnamon
power). In this paper, mocha has up to three types of food
attributes: toppings (tapioca pearls, hsian-tsao herbal tea jelly,
ice cream, coconut konjac jelly), type of milk (whole, low fat,
fat free), and sugar quantity (regular, less, half, quarter, and
none). Other food items might involve different cooking
methods (steam, boil, stir fry, deep fry, pan fry, and salad). In
another example, a “stir-fried egg with tomatoes” consists of
two main ingredients (egg and tomatoes). Food attributes include
the method of preparation (stir frying) which determines the
quantity of oil used.
Main food ingredients are organized in subgroups in a tree-like
structure. In summary, the overall structure is presented in terms
of group, subgroup, and main ingredient. The prototypes have
14 food groups, containing 49 subgroups, which, in turn, contain
more than 1000 main food ingredients. Group and subgroup
classifications are designed with input from a senior dietitian,
and reflect widely used classification schemes. Food groups
and corresponding food attribute choices are subject to variation
depending on culture and habit. Finally, “mixed foods” in our
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10931 | p.285
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study incorporate two or more main food ingredients to account
for new food items not included in the other food groups.

Design of Prototypes
Based on the concept, two prototypes were implemented in the
Android operating system for use in mobile devices. The two
prototypes share a common interface and procedures for
selecting food groups and subgroups. The two prototypes then
differ in terms of operations used to determine corresponding
food attributes. The self-chosen tab allowed users to choose
required food attribute(s) to compose a food item. In the
autonomous exhaustive list, users scrolled through and selected
from a comprehensive list of food items including different food
attributes.
The first screen in each prototype included a scrollable list of
food groups, showing five groups at a time. In the self-chosen
tab app (see Figure 1 a), each field in the list featured a colorful
icon on the left and a textual description on the right. However,
in the autonomous exhaustive list app (see Figure 2 a), it only
provided a textual description. The background of each field
featured alternating white and gray lines for additional clarity.
The contrast of the text and the background was also considered
for better readability. The text font used was Microsoft
JhengHei. In a 7-inch display, individual characters measured
approximately 1.5 × 1.0 cm.
The second and third screens (Figure 1 b,c and Figure 2 b,c)
respectively present the subgroup and main food ingredients.
The layout design, mode of user interaction, and text features
are identical to those of the first screen.
In the self-chosen tab app (see Figure 1 d-f), the user first selects
the main food ingredient and food attributes. These choices are
then displayed in individual tabs. The user then taps a food
attribute (eg, “sugar”) and selects a descriptive characteristic
(eg, “half sugar”; Figure 1 e). Once the required food attribute(s)
is specified, the user clicks the “confirm” button (Figure 1 f) to
complete the food item (Figure 1 g). The entire operation
sequence is shown in Multimedia Appendix 1.
For the autonomous exhaustive list app, after selecting the food
group and subgroup, the user then selects the main food
ingredient (Figure 2 c) and is then presented with a scrolling
list (Figure 2 d). Each item in the list provides a textual
description of the main food ingredient and corresponding
combinations of food attributes separated by commas (eg,
“mocha, 5 points sugar, tapioca, zero fat”). This list provides
all possible combinations of side ingredients. Using coffee
mocha as an example, there are six toppings choices, five milk
choices, and five sugar quantity choices for a permutation of
150 variants (6*5*5=150). Users scroll through the list to select
the desired combination. The entire operation sequence is shown
in Multimedia Appendix 2.
Another interface is used to select mixed foods (see
Combinatorial Concept in Methods). Beginning with the “mixed
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food” option on the first screen, the user is presented with two
empty frames in the upper half of the screen (see Multimedia
Appendix 3 and Multimedia Appendix 4), which allow users
to select two of five subgroups from icons in the lower section
of the screen. This design allows users to combine two or three
main food ingredients from the following subgroups: meat,
eggs, mushrooms, vegetables, and beans. Having selected the
main food ingredients to be combined, the user then selects the
corresponding food attributes, including the method of
preparation.
In the self-chosen tab app, the user selects two subgroups that
are presented with two corresponding scrolling lists (see
Multimedia Appendix 3) from which the user then selects one
main food ingredient. The users then select the proper associated
attribute (see the lower section in Multimedia Appendix 3). The
operation of this sequence is shown in Multimedia Appendix
5.
In the autonomous exhaustive list app, after selecting two
subgroups, the user is then presented with a scrollable list
containing all possible combinations of the main food
ingredients and food attributes (Multimedia Appendix 4). The
operation sequence is shown in Multimedia Appendix 6.

Study Design and Participant Recruitment
A parallel two-group randomized trial was designed to evaluate
and compare the effectiveness of the self-chosen tab and
autonomous exhaustive list apps in terms of correct food input
accuracy and end user response time. The study protocol was
reviewed by the Ethics Committee of Chang Gung Memorial
Hospital and received approval from the Institutional Review
Board (103-2745B, ISRCTN 86142301). Participants aged 18
to 29 years and 55 to 73 years were recruited through local
colleges and hospitals, respectively. Those who had severe
diseases were excluded.
For the young adults’ recruitment, we announced and introduced
the study flowchart and contents before course start, which was
carried out by one master’s student. The participant’s contact
information was noted at the bottom of the flowchart, so they
could be reached for participation registry. Conversely, the elder
participants were introduced to this study by a research assistant
in Chang Gung Memorial Hospital. Those who were willing to
participate were noted on the list. Baseline data and informed
consent were acquired following registration.

Randomization
To ensure an even age distribution, two random number lists
were generated by SAS software [23]. Our recruitment and
implementation were performed based on the order of
randomization lists with a 1:1 ratio. Individual appointments
were then made for evaluation. Overall, there were 53 (36 young
adults and 17 older adults) and 52 (34 young adults and 18 older
adults) participants assigned to the self-chosen tab and
autonomous exhaustive list groups, respectively.
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Figure 1. The self-chosen tab interface design and operation.
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Figure 2. The autonomous exhaustive list interface design and operation.

Evaluation Outcomes
App usability was assessed in terms of accuracy and response
time as the primary endpoint in the task of reporting the food
items. Accuracy was defined as the number of correct counts
divided by the overall counts. “Correct” was defined as the
participant selecting the correct main food ingredient(s) as well
as the correct food attribute(s) for each of the 12 items, given
unlimited switching among groups and/or subgroups. Response
time was recorded and embedded in apps in milliseconds for
the time elapsed from a user’s selection (clicking) of a certain
main food ingredient (see Figure 1 c and Figure 2 c) to complete
in food attribute(s) selection and to click at the “confirm” button
(see Figure 1 f and Figure 2 e).
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Assessment Procedures
The assessment was performed by a research assistant who first
administered a basic background questionnaire to analyze the
distribution of relevant experience. The questionnaire collected
participants’ self-reported baseline information, including
gender, age, body mass index (BMI), department/unit, and
experience with nutrition-related courses, health education
program, and cooking. The research assistant then demonstrated
the use of both apps through one meal with four food items
(steamed sweet potato, boiled goose meat, stir-fried mushroom,
fried tofu, and apple juice) to familiarize participants with app
operation. After the demonstration, each user was allowed to
practice app operation for 3 minutes to warm up. Each
participant was asked to observe two actual meals and to record
each item in one prototype. Each meal represented a typical
lunch or dinner meal. The meals (see Multimedia Appendix 7)
were prepared with real food in appropriate portions and
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10931 | p.288
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presented consistently on a plate throughout the experiment.
All food items were accompanied by clearly visible and
comprehensible labels to prevent errors due to misidentification.
All the measures, including onscreen responses and time
durations, were automatically collected within the mobile app.
The assessment period was from June 2014 to January 2015.
No harm or unintended effects were seen in either group.
The first meal featured Chinese steamed bread, a fried chicken
drumstick, cold tofu with preserved eggs, stir-fried eggs with
shredded carrot, stir-fried napa cabbage with bacon, and green
tea. The second meal featured boiled rice, fried pork chop,
stir-fried shredded pork with green pepper, stir-fried egg with
tomatoes, stir-fried bitter melon with salted duck eggs, and milk
tea.
Participants were given 3 minutes to complete each task. Having
completed the first meal, the participant continued to label the
second meal without taking a rest. All participants completed
the assessment.
In the self-chosen tab group, each participant first observed the
meal on the table. They then scrolled through first screen (ie,
food group list) and selected the appropriate entry for each
group. This then launched the second screen (ie, the subgroup
list), followed by the third screen (ie, main food ingredient list).
If the participant was unable to find the desired main food
ingredient, he/she could click the “back” button at the top left
of the screen to return to the previous screen for reselection.
After choosing the desired main food ingredient, the participant
then selected the corresponding food attributes by switching to
the other tabs. After selection was complete, the participant
clicked the “confirm” button to complete the selection.
Having selected the staple food, main course, and beverage
dishes, the participant then clicked the “mixed food” item on
the first screen. On the mixed food screen (see Multimedia
Appendix 3), participants were allowed to select two subgroups.
In the main food ingredient screen (see Multimedia Appendix
3), the participant scrolled through the menu to find and select
the desired main food ingredient, and then confirmed the
selection. Once the desired main food ingredients had been
selected, the participant clicked the desired method of
preparation.
In the autonomous exhaustive list group, participants followed
the same operations as self-chosen tab for the first and second
screens. However, in the third (mixed food) screen, the app
presented a comprehensive list of foods from which the
participant would select the desired food item.

Analysis
For the baseline questionnaire information, the dichotomous
variables (eg, gender, unit, and experience) were demonstrated
by count for both the self-chosen tab and autonomous exhaustive
list groups. The continuous variables were also collected by
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numeric value with individual level and analyzed by each group,
such as age and BMI for baseline, and time consumed in
seconds. We conducted a chi square test and t test for
dichotomous and continuous variables for proportion and mean
examination of two-group comparisons, respectively. When the
difference in duration of task completion (measured in seconds)
was used as a continuous variable, we used the independent t
test to compare the two groups based on the intention-to-treat
principle. All statistical tests were two-tailed, and P values less
than .05 were considered statistically significant. All statistical
analyses were performed using SAS software version 9.4.
As for the determination of sample size, our primary outcomes
were both based on the accuracy and time consumed of reporting
food items. Estimating the required sample size was based on
a previous study [6]. Given a statistical power of 80% and a
two-tailed alpha level of 5%, between the self-chosen tab and
autonomous exhaustive list approaches, the sample size
requirement for each arm was determined to be 50 participants
under 10% accuracy difference and 37 participants assumed 4
seconds mean difference with standard deviation of 6 seconds.
Therefore, a minimal sample size with 50 participants was
required for each arm.

Results
Characteristics of the Participants
A total of 105 participants completed the tests, including 70
university students recruited from Chang Gung University
(18-29 years) and 35 older adults recruited among volunteers
at Chang Gung Memorial Hospital (55-73 years). The
participants were assigned at random to the self-chosen tab (53
participants) and autonomous exhaustive list groups (52
participants), with source populations in each group represented
in proportion to the overall population (see Figure 3) for an
overall mean age of 35 (SD 19.50) years. Experience and
expertise in nutrition, general health education, and cooking
did not differ significantly between the two groups. The baseline
information distributions did not reveal significant differences
among the two groups, thus confirming the random allocation
by chance (see Table 1).

Completion Accuracy and Trial and Error
Table 2 summarizes the response accuracy for all 12 food items.
The self-chosen tab and autonomous exhaustive list groups
achieved respective overall accuracy levels of 97.77%
(1228/1256) and 98.53% (1214/1232). The most frequently
mislabeled food items in self-chosen tab group were green tea
and stir-fried shredded pork and green pepper; green tea was
the most frequently mislabeled item in autonomous exhaustive
list. In the self-chosen tab group, 10 of 12 items were mislabeled
zero or one time. In the autonomous exhaustive list group, 11
of 12 items were mislabeled zero or one time.
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Figure 3. App evaluation flow using randomized design.
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Table 1. Distribution of characteristics among the self-chosen tab and autonomous exhaustive list groups.
Variable and classification

Total (N=105)

Self-chosen tab (n=53)

Autonomous exhaustive list (n=52) P value

Participants, n (%)

.78

Young

70 (67)

36 (68)

34 (65)

Senior

35 (33)

17 (328)

18 (35)

Gender, n (%)

.78

Male

35 (33)

17 (32)

18 (35)

Female

70 (67)

36 (68)

34 (65)

Overall

34.70 (19.50)

33.68 (18.94)

35.75 (20.18)

.59

Young

21.19 (2.09)

20.92 (1.90)

21.47 (2.26)

.27

Senior

61.74 (5.01)

60.71 (3.85)

62.72 (5.85)

.24

22.00 (3.57)

21.61 (3.31)

22.39 (3.80)

.27

Age (years), mean (SD)

Body mass index (BMI)
Unit, n (%)

.81

Hospital

35 (33)

17 (32)

18 (35)

Medical and others

20 (19)

12 (23)

8 (15)

Industrial design

28 (27)

13 (24)

15 (29)

Information management

22 (21)

11 (21)

11 (21)

Experiences of nutrition-related courses, n (%)

.85

Yes

21 (20)

11 (21)

10 (19)

No

84 (80)

42 (79)

42 (81)

Experience of health education program, n (%)

.18

Yes

15 (14)

10 (19)

5 (10)

No

90 (86)

43 (81)

47 (90)

Experience in cooking, n (%)
Yes

53 (50)

27 (51)

26 (50)

No

52 (50)

26 (49)

26 (50)
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Table 2. Accuracy comparison among self-chosen tab and autonomous exhaustive list groups.
Types of food

Self-chosen tab
Correct/Incorrect

Autonomous exhaustive list
Error description

Correct/Incorrect

Error description

Single
Chinese steamed bread
Overall

53/0

51/0

Young

36/0

33a/0

Senior

17/0

18/0

Overall

53/0

51/1

Young

36/0

34/0

Senior

17/0

17/1

Overall

48/5

46/6

Young

33/3

Did not select “nondairy
creamer” (n=2); did not select
“no topping”

32/2

Selected “pudding” instead of
“no topping”; selected incorrect
sugar quantity

Senior

15/2

Did not select “nondairy
creamer”; did not select “no
topping”

14/4

Selected incorrect sugar quantity; selected incorrect milk type
(n=3)

Fried chicken drumstick

Selected “deep fried” instead
of “stir fried”

Green tea

Boiled rice
Overall

52/1

52/0

Young

36/0

34/0

Senior

16/1

Selected “boiled” instead of
“steamed”

18/0

Fried pork chop
Overall

50/1

50/0

Young

35a/0

32b/0

Senior

15a/1

Did not select “stir fried”

18/0

Tea with milk
Overall

50/1
b

51/1

Young

34 /0

34/0

Senior

16/1

Did not two food attributes (ie, 17/1
“pudding” and “low-fat milk”)

Overall

53/0

51/0

Young

36/0

33a/0

Senior

17/0

18/0

Selected incorrect milk type

Mixed food
Cold tofu with preserved eggs

Stir-fried eggs with shredded carrot
Overall

53/0

49/1

Young

36/0

31b/1

Senior

17/0

18/0

Selected “deep fried” instead
of “stir fried”

Stir-fried Napa cabbage with bacon
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Self-chosen tab
Correct/Incorrect

Autonomous exhaustive list
Error description

Correct/Incorrect

Overall

52/1

52/0

Young

36/0

34/0

Senior

16/1

Did not select “stir fried”

Error description

18/0

Stir-fried shredded pork and green pepper
Overall

47/4

52/0

Young

34/2

Did not select “stir fried”; selected “stir fried” instead of
“deep fried”

Senior

13a,c/2

Did not select “stir fried” (n=2) 18/0

34/0

Stir-fried egg with tomatoes
Overall

53/0

51/0

Young

36/0

33a/0

Senior

17/0

18/0

Stir-fried bitter melon with salted duck eggs

a

Overall

50/1

Young

34a/1

Senior

16a/0

51/0
Selected “stir fried” instead of
“deep fried”

33a/0
18/0

One participant did not pass the entry criteria and was not counted.

b

Two participants did not pass the entry criteria and were not counted.

c

One participant was not counted due to log data error.

In the self-chosen tab group, 11 of 13 incorrect answers were
that the participant did not select “no toppings” (n=2), did not
select method of preparation (n=5), did not select “nondairy
creamer” (n=3), and did not select two food attributes (n=1).
The rest of the incorrect answers were selecting the wrong
method of preparation (n=2). In the autonomous exhaustive list
group, all nine incorrect answers were due to incorrect selection
of food attributes; none resulted from the user neglecting to
select an attribute.
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Time Needed to Complete the Operation for Efficiency
Evaluation
Table 3 summarizes the time participants needed to select
attributes for the 12 food items. The self-chosen tab group
significantly outperformed the autonomous exhaustive list group
on all but one food item (boiled rice). The young participants
in the self-chosen tab group had a significant time advantage
over their counterparts in the autonomous exhaustive list for all
but three items (Chinese steamed bread, fried chicken drumstick,
and boiled rice). Senior participants in the self-chosen tab group
had a significant time advantage over their autonomous
exhaustive list counterparts for all but fried chicken drumstick
and boiled rice.
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Table 3. Time duration for operating assessment.
Type, food, and age group

Response time (seconds), mean (SD)

t value for difference

P value

Self-chosen tab

Autonomous exhaustive list

All

3.01 (1.23)

4.84 (4.29)

–2.49

.02

Young

2.48 (0.75)

3.19 (2.64)

–1.30

.20

Senior

4.67 (0.90)

8.28 (5.09)

–2.41

.03

All

3.40 (2.48)

6.04 (6.12)

–2.43

.02

Young

2.60 (1.77)

4.05 (3.91)

–1.71

.10

Senior

5.90 (2.81)

10.20 (7.83)

–1.75

.10

All

12.40 (8.13)

26.15 (14.90)

–4.93

<.001

Young

8.92 (2.53)

17.78 (6.82)

–6.14

<.001

Senior

23.22 (10.08)

43.58 (11.60)

–4.20

<.001

All

2.71 (1.90)

3.63 (2.94)

–1.61

.11

Young

1.91 (0.56)

2.47 (1.32)

–1.98

.06

Senior

5.19 (2.47)

6.06 (3.87)

–0.59

.56

All

3.09 (1.37)

4.71 (2.67)

–3.29

.002

Young

2.60 (0.75)

3.34 (1.11)

–2.89

.006

Senior

4.63 (1.73)

7.57 (2.73)

–2.82

.01

All

11.76 (4.99)

26.04 (17.27)

–4.83

<.001

Young

9.77 (3.47)

17.26 (7.70)

–4.47

<.001

Senior

17.95 (3.79)

44.34 (17.50)

–5.07

<.001

All

6.15 (2.83)

31.36 (25.78)

–5.91

<.001

Young

5.02 (1.55)

20.38 (13.00)

–5.87

<.001

Senior

9.67 (3.09)

54.24 (31.01)

–4.95

<.001

All

5.46 (2.13)

32.74 (27.59)

–6.00

<.001

Young

4.63 (1.24)

20.56 (16.85)

–4.71

<.001

Senior

8.05 (2.29)

58.13 (28.82)

–5.99

<.001

All

5.90 (2.19)

27.49 (18.34)

–7.11

<.001

Young

4.89 (1.08)

19.15 (11.54)

–6.16

<.001

Senior

9.03 (1.75)

44.87 (17.98)

–6.86

<.001

5.09 (1.52)

38.20 (25.03)

–8.03

<.001

Single
Chinese steamed bread

Fried chicken drumstick

Green tea

Boiled rice

Fried pork chop

Tea with milk

Mixed food
Cold tofu with preserved eggs

Stir-fried eggs with shredded carrot

Stir-fried napa cabbage with bacon

Stir-fried shredded pork and green pepper
All
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Response time (seconds), mean (SD)

t value for difference

P value

Self-chosen tab

Autonomous exhaustive list

Young

4.58 (1.07)

26.76 (13.24)

–8.35

<.001

Senior

6.70 (1.67)

62.02 (27.40)

–6.98

<.001

All

5.01 (1.93)

24.31 (15.12)

–7.70

<.001

Young

4.12 (0.89)

16.56 (7.90)

–7.83

<.001

Senior

7.77 (1.64)

40.47 (13.79)

–8.14

<.001

All

5.73 (1.90)

32.66 (21.47)

–7.60

<.001

Young

4.96 (0.91)

21.52 (6.74)

–12.20

<.001

Senior

8.13 (2.20)

55.86 (23.25)

–7.07

<.001

Stir-fried egg with tomatoes

Stir-fried bitter melon with salted duck
eggs

Discussion
Based on a combinatorial concept in dietary recording, we
developed two prototypes and assessed and compared their
efficacies through randomized trials including both young adults
and seniors. Assessment focused on accuracy, time efficiency,
and the method’s potential.

Accuracy
Both the self-chosen tab and autonomous exhaustive list groups
demonstrated high accuracy results (Table 2) for reporting food
items in two different meals regardless of age group.
Errors in the self-chosen tab group occurred because the user
did not select the appropriate attribute in a certain category or
because the user selected the wrong attribute within the category.
These two error types would lead to the incorrect calorie nutrient
intake calculation. Senior participants had a relatively higher
rate of incorrect responses, possibly due to reduced vision or
cognitive ability. Among the wrong answers, 11 occurred
because the participant did not select the appreciate food
attributes. These errors could possibly be due to interface or
training issues and they could be addressed by future
improvements to the user interface and training protocol.
The autonomous exhaustive list group was more likely to make
attribute selection errors than the self-chosen tab group, possibly
because of the large number of lists with similar food
descriptions. However, the autonomous exhaustive list group
did not produce any instance of failing to select the appropriate
attribute because the autonomous exhaustive list design
automatically presented a comprehensive list of all possible
food items.

Time Efficiency
The self-chosen tab app was found to be more efficient than the
autonomous exhaustive list app, with 11 of 12 food items
requiring less time to complete (boiled rice being the only
exception). During input, the self-chosen tab users spent time
selecting each appropriate attribute from the tab menu and then
switched to the next tab to select a certain attribute. The overall
mean time spent for each selection ranged from 2.7 seconds
http://mhealth.jmir.org/2019/2/e10931/
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(SD 1.90) for boiled rice to 12.4 seconds (SD 8.13) for green
tea. However, the autonomous exhaustive list required
participants to browse multiple lists to locate specific
combinations of food items, taking between 3.6 seconds (SD
2.94) for boiled rice and 26.2 seconds (SD 14.90) for green tea.
However, input tasks for mixed foods in the self-chosen tab app
took between 5 to 6 seconds per attribute, with beverages being
the most time-consuming items to classify because the
participants needed to select three attributes from each tab menu,
whereas the other food items only required selecting a single
attribute. The input operations for mixed foods are inefficient
in the autonomous exhaustive list app. In the autonomous
exhaustive list app, boiled rice takes the least time to input
because the option list only includes five items.
Additionally, inputting the second meal required less time than
the first meal for both groups and apps, likely because the first
meal familiarized participants with the system operation.

Combinatorial Concept Potential
To accurately describe actual food intake, the mobile app allows
users to select meal customization to correctly describe food
alternatives when the current database is unable to describe the
actual food item. Food composition databases can be
time-consuming and difficult to maintain given constant updates
and new recipes [24]. Incomplete databases can negatively
impact the dietary recording accuracy. The proposed concept
provides an advantage in that it can derive a broad range of food
alternatives from a small number of known elements, ensuring
that users can supplement incomplete food databases to account
for their actual food intake. The food list is generated by
combinatorial algorithms of elements (both main ingredients
and food attributes) in the database. For example, a mixed food
with three main food ingredients, each of which has 10 choices,
will create a permutation of 1000 (10*10*10=1000)
combinations. One potential issue is that the system will produce
many combinations which are highly unlikely to be consumed
in real life. This list will be displayed in the autonomous
exhaustive list interface, which will significantly slow searching
and selecting. Furthermore, the user might have difficulty in
selecting from among similar food variants that differ only in
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10931 | p.295
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terms of a single ingredient or attribute. This is not an issue in
self-chosen tab app because it does not provide an exhaustive
permutation of food item attributes.

The results of such efforts will help determine whether this
mixed food idea can be used to effectively replace a food
database including all food items.

Limitations and Future Research

Conclusion

The experiments described here were conducted under
laboratory conditions using a predetermined list of food items,
the participants were recruited from the college and the hospital,
and the data collected does not explain the reasons for incorrect
selections. As for participant recruitment in this study, only
participants aged 18 to 29 years and 55 to 73 years were
included; therefore, the results cannot be applied for external
validity. A large cohort with a full age range would be helpful
for further explanation.

A wide range of mHealth apps have been developed with diverse
innovative designs, but the effectiveness in user interaction of
such developed prototypes can be difficult to evaluate
rigorously. This research demonstrates the application of design
innovation in implementing a concept in individual-tailored
dietary recording and using randomized trials with two target
groups. Experimental results show that the two developed apps
achieve a high degree of accuracy in describing a wide variety
of food items among target users in two distinct age groups.
The self-chosen tab app performs better both in terms of
accuracy and time response. Furthermore, the concept has
potential to account for a broader diversity of foods in
customized dietary recording. The concept and the results in
user interaction provide a scientific evidence for the continued
development of related dietary recording apps.

Future research should focus on improving both prototypes,
and the development of new apps designed for use in actual
dining contexts. Further work also needs to consider additional
aspects and variables (including food portion sizes and
combinations of more than two food items). The list of foods
and the combinations require further evaluation in other cultures.
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Abstract
Background: Although smartphone apps might support physical activity (PA), engagement with them tends to be low.
Objective: This study aimed to examine potential users’ needs and preferences regarding their engagement with PA apps during
a first exposure to a never-used PA app and after 2 weeks’ usage.
Methods: A longitudinal, one-arm qualitative study was conducted with potential PA app users. At baseline, participants (N=20)
were asked to explore 1 of 3 randomly allocated PA apps while thinking aloud. Semistructured interview techniques allowed
participants to elaborate on their statements. After 2 weeks, follow-up interviews explored participants’ (n=17) lived experiences
of real-world app use. Verbal reports from both time points were analyzed using inductive thematic analysis.
Results: Features that promote a fair and simple user experience, support users’ self-regulation skills, and address users’ exercise
motives were considered important for engagement both during a first exposure and after a 2-week use of PA apps. Features that
support users’ need for relatedness as well as those that facilitate users to implement their intentions were expected to be important
for engagement mainly during a first exposure to PA apps. Proactive and tailored features that integrate behavioral, psychological,
and contextual information to provide adaptive exercise plans and just-in-time support were considered relevant to sustain
engagement over time.
Conclusions: App features that address users’ exercise motives, promote self-regulation, and fulfill users’ need for relatedness
might promote engagement with PA apps. Tailored and proactive features were expected to promote sustained engagement.
(JMIR Mhealth Uhealth 2019;7(2):e11636) doi:10.2196/11636
KEYWORDS
physical activity; smartphone apps; engagement; person-based approach; longitudinal qualitative study; thematic analysis

Introduction
Background
Regular physical activity (PA) is associated with a reduced risk
of mortality caused by cardiovascular disease, diabetes, obesity,
and some forms of cancer [1,2]. Nevertheless, worldwide, a
third of adults do not meet the recommended PA guidelines [3].
Hence, the development and promotion of effective behavior
change interventions that target PA is a public health priority.
http://mhealth.jmir.org/2019/2/e11636/
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A range of different behavior change interventions to increase
PA have been found to be effective [4] and there is evidence
supporting their cost-effectiveness [5]. However, most of these
have been delivered in face-to-face settings and are hence
unsuitable for targeting large, geographically diverse populations
and for supporting behavior change in real time. Mobile phone
technology has the potential to deliver effective PA interventions
[6,7] and constitutes an economically viable tool to reach large
populations [8]. Thus far, evidence suggests that Web- and
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mobile phone–based interventions have moderate effects on PA
[8,9]; however, effect sizes are heterogeneous and have been
found to vary depending on study design, mode of delivery,
intervention components, outcome measures, and study length.
It has, therefore, been argued that we should err on the side of
caution when interpreting and generalizing early evidence from
digital PA interventions [8].
It is assumed that some level of engagement with digital
behavior change interventions is a precondition for their
effectiveness [10]. Engagement with digital behavior change
interventions has been conceptualized both as a behavior and
as a subjective experience, involving dimensions of interest,
attention, and affect [11].
Engagement as a behavior refers to the extent (eg, amount,
frequency, and duration) of usage of a digital intervention over
time. Evidence shows that digital behavior change interventions
typically suffer from low usage and high abandonment rates.
For example, it has been estimated that 26% of commercially
available health and fitness apps are downloaded and used only
once by each user and that 74% of such apps are abandoned
after their tenth use [12]. The most frequently reported reasons
why users abandon health apps include a lack of desired features
and having abandoned one’s health goal [13]. As results from
a meta-analysis of PA internet-delivered interventions found a
negative relationship between early attrition and intervention
effectiveness, researchers have argued that it is important to
promote sustained engagement with digital PA interventions
[9]. In regard to usage, a PA mobile health study has shown
that although the number of user log-ins declined throughout
the intervention period, it was not associated with PA behavior
[14]. It has been, therefore, proposed that focusing just on broad
summative usage metrics does not enable to adequately
characterize and evaluate engagement with digital interventions
[11,15].
Engagement as a subjective experience refers to the interaction
with a digital intervention and involves feelings of interest,
enjoyment, and attention [11]. By exploring this particular aspect
of engagement, researchers may better understand how and why
users interact with specific intervention content and design
features and help explain different usage patterns [10]. For
example, a review of health and fitness apps found a positive
association between engagement and the inclusion of interactive
features such as behavioral tracking and semi-automated options
[16]. However, little attention has been paid to potential PA app
users’ subjective experiences of such features. Furthermore,
given that psychological factors, such as motivation, have been
found or hypothesized to influence both engagement with digital
behavior change interventions and the effect of specific behavior
change techniques (BCTs) on engagement [11], it appears vital
to explore users’ psychological needs and preferences with
regards to PA app engagement.
According to the person-based approach to intervention
development, it is important to elicit and address the needs,
perspectives, and experiences of potential users during the
design process to develop apps that promote individual
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engagement [17]. To this aim, the use of mixed-methods
research designs with a specific focus on qualitative
methodologies (eg, focus groups, interview with open-ended
questions, and think-aloud studies) has thus been recommended
[17,18]. Previous research targeting different health-related
behaviors in diverse populations has used existing commercial
apps as stimuli to elicit users’ thoughts about factors that are
expected to be important for engagement in real life [19-21].
Indeed, through the exploration and use of existing apps,
potential users are prompted to reflect on their attitudes toward
particular app features and how these might act as facilitators
or barriers to uptake and adoption of the app.

Objectives
The aim of this study was to guide the selection of design
features to implement in PA apps for nonclinical, adult
populations. Through a combination of think-aloud methodology
and in-depth interview techniques, this study examined (1) what
features potential users expect to be important for engagement
with PA apps during first exposure to never-used, randomly
allocated, and commercially available PA app and (2) what
features are judged to be important for supporting engagement
and satisfactory experiences after 2 weeks’ usage of the same
PA app.

Methods
Study Design
This study used a longitudinal, single-arm design with a 2-week
follow-up using think-aloud methodology and semistructured
interview techniques. Since 74% of health apps are abandoned
after their tenth use [12] and their usage tends to vary between
a few times per week to twice per day [22], a 2-week period
was considered to be sufficient to examine relevant changes in
engagement with PA apps. Think aloud is a method that requires
participants to verbalize their thoughts and impressions while
performing a task [23]. The benefit of using think-aloud
methodology is that it directly captures participants’ ongoing
thought processes during a specific experience and, when
applied to digital interventions, it allows researchers to observe
and analyze users’ reactions to every element of the intervention
[17]. In this study, participants were asked to verbalize their
impressions, thoughts, and feelings while downloading and
exploring a specific, never-used PA app randomly allocated
from a pool of 3 apps identified by the researchers according
to specific criteria (for more details about these criteria see the
section “Mobile Apps”). Overall, 3 different apps were included
as this allowed us to (1) expose participants to a greater number
of intervention components (ie, BCTs) as shown in Table 1,
and (2) obtain more valid conclusions and to be more confident
in generalizing current results to other PA apps. Semistructured
interviews were subsequently used to retrospectively investigate
(1) statements made during the think-aloud task at baseline and
(2) users’ thoughts and impressions after a 2-week period of ad
libitum use of 1 of the 3 randomly allocated apps. The ethical
permission for the study was granted before data collection by
the ethics committee of the University of Milan-Bicocca.
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Table 1. Behavior change techniques implemented in the selected physical activity (PA) apps, coded using the behavior change technique taxonomy
(v1).

a

Behavior change techniques

Runtastic Running & Fitness
Tracker

Endomondo - Running &
Walking

Runkeeper - GPS Track Run
Walk

1.1. Goal setting (behavior)

✔a

✔

✔

1.3. Goal setting (outcome)

—b

—

✔

1.4. Action planning

—

—

✔

1.9. Commitment

—

✔

—

2.2. Feedback on behavior

✔

✔

✔

2.3. Self-monitoring of behavior

✔

✔

✔

2.4. Self-monitoring outcomes of behavior

✔

✔

✔

2.7. Feedback on outcomes of behavior

✔

✔

✔

3.3. Social support

✔

✔

✔

4.1. Instruction on how to perform the behavior ✔

—

—

5.1. Information about health consequences

✔

—

—

5.4. Monitoring of emotional consequences

✔

—

✔

6.2. Social comparison

✔

✔

✔

9.1. Credible source

✔

—

—

10.5. Social reward

✔

✔

✔

✔ indicates BCT is present.

b

— indicates BCT is absent.

Participants
Participants were recruited to represent a subsample of the
Italian, adult, nonclinical population not meeting the PA
guidelines and interested in using an app to increase PA.
Participants were recruited in the Italian county of Lombardy
and were eligible to take part in the study if they (1) were aged
between 30 and 50 years (a more narrow age range was preferred
to a wider one to prevent collecting data from a heterogeneous
sample characterized by too varying motivations and subjective
experiences); (2) did not have any pre-existing health conditions
that would impede on the ability to engage in PA (eg,
cardiovascular diseases, heart failure, and pulmonary
conditions); (3) did not have a diagnosis of a clinical condition
that would benefit from doing PA (eg, hypertension and
diabetes) as clinical populations were likely to have different
motivations compared with the intended users (ie, healthy
adults); (4) reported PA behavior not in line with the
recommended PA guidelines (ie, 150 min of moderate PA or
75 min of vigorous PA per week); (5) were willing to increase
PA and interested in doing so using an app; and (6) owned an
Android or iOS smartphone.

Sampling
Participants were recruited through social media (eg, Facebook),
snowball sampling methods (ie, each participant was asked to
ﬁnd another participant), and posters placed in a large university
campus. The aim of the study and the eligibility criteria were
specified in the recruitment materials. Recruitment into the
study was discontinued when no new insights and novel themes
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were identified in the interviews (ie, when theoretical saturation
was achieved) [24].

Procedure
Interested participants filled out a Web-based screening
questionnaire to verify study eligibility. Eligible participants
were contacted to schedule the baseline session and were asked
to provide written informed consent before taking part in the
study. Of them, 1 of 3 PA apps was randomly allocated to each
participant before the baseline session. The baseline session
included a pretask interview, a think-aloud task, and a
semistructured interview (see Multimedia Appendix 1). After
taking part in the baseline session, participants were asked to
use the app for 2 weeks. No specific instructions were provided
in terms of app use (eg, frequency or duration of use) to avoid
influencing users’ engagement with and experiences of the app.
Participants were, however, encouraged to use the app to
increase their PA according to their own goals. Participants
were contacted after 1 week to verify if they were using the app
and to ask if they were willing to continue using the app for
another week. The participants took part in a telephone interview
2 weeks after the baseline session using an interview schedule
as guide (see Multimedia Appendix 1).
During the recruitment, each participant was given a unique
code. A separate file in which codes were linked to personal
identifiers (eg, name and contacts) was created, and any personal
identifiers in the data file were removed and replaced with the
codes. The de-identified data files and the file with personal
identifiers were stored separately in secure locations, with access
restricted to the study personnel.
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Measures
In the online screening questionnaire, participants were asked
to report information about (1) age; (2) gender; (3) physical
conditions that prevent participants from being physically active
(eg, chronical back pain and acute cardiovascular disease); (4)
physical conditions associated with a lack of PA behavior (eg,
hypertension and obesity); (5) PA during leisure time, measured
using the Global Physical Activity Questionnaire [25], with
consequent assessment of whether PA was in line with the
recommended guidelines; (6) intention to increase PA assessed
through a 6-point Likert scale ranging from 1 (I do not intend
to increase my PA level) to 6 (I intend to increase my PA level
by the next month); (7) interest in increasing PA with the aid
of a mobile app (yes vs no); and (8) ever use of a PA app. The
screening questionnaire was hosted by Qualtrics software
(Qualtrics, Provo, UT) [26].

Mobile Apps
The PA apps identified for the study were Runtastic Running
& Fitness Tracker, Endomondo - Running & Walking, and
Runkeeper - GPS Track Run Walk (henceforth, Runtastic,
Endomondo, and Runkeeper). The researchers have no
association with the development or marketing of these apps.
The inclusion criteria for the app selection were as follows: (1)
their main goal was to increase PA among healthy adults, (2)
they were freely available both on iTunes and Google Play, (3)
they incorporated many BCTs (see Table 1 for a description of
the BCTs incorporated in the selected apps, coded using
behavior change technique taxonomy (v1) [27]) that are common
among top-ranked publicly available PA apps [28], and (4) they
had received high user ratings (ie, 4.5 stars), which is considered
to be an indicator of positive user experiences with PA apps.
Finally, it should be noted that all the selected apps contained
advertisements and in-app purchases.

Data Analysis
Quantitative data from the online screening questionnaire were
analyzed using descriptive statistics with SPSS version 22 [29].
Qualitative data were audio-recorded and transcribed verbatim.
Transcripts from the baseline and follow-up activities were
analyzed using inductive thematic analysis [30]. Thematic
analysis is characterized by 6 phases: (1) familiarizing with the
data, (2) generating initial codes, (3) searching for themes, (4)
reviewing themes, (5) defining and naming themes, and (6)
producing the report. Baseline and follow-up transcripts were
considered as 2 different datasets and were analyzed separately.
Data and repeated patterns that were considered pertinent to the
aims of the study were coded by the first author. New inductive
codes were labeled as they were identified during the coding
process and the results of the coding were iteratively discussed
with 2 researchers (SN and SB). The next stage involved
searching for themes; the first author reviewed the codes
one-by-one, organizing the findings to combine different codes
that focus on similar aspects. The ordered data were reviewed
and revised in discussion with 2 researchers (SN and SB) and
were subsequently organized into themes. Recruitment stopped
when theoretical saturation was achieved (ie, no new themes
were identified). Resolution of disagreements and agreement
on the final themes was reached through discussion among all
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coauthors. After having defined and named themes, examples
of relevant transcripts were selected to illustrate themes. Data
were analyzed in their original language to preserve original
meanings, although coding and themes were formulated in
English only. Illustrative quotes were translated by the first and
second authors.

Results
Descriptive Statistics
A total of 20 participants (55% male; mean age 39.8 years; SD
7.0) took part in the study. Overall, 35% of participants had
made an attempt to increase their PA in the past 6 months and
35% had previously used a PA app to increase their PA. Among
the 20 participants who completed the baseline session, 17
participants (17/20, 85%) completed the follow-up interview.
In total, 2 participants were excluded as they did not use the
app during the 2-week study period, and 1 participant could not
be successfully recontacted. Table 2 presents information about
app allocation, presence at follow-up, and self-reported app use
(ie, frequency and duration of use). It should be noted that use
is defined in terms of how frequently and for how long the apps
were used to track PA; however, this might not necessarily be
related to the overall duration of time spent doing PA during
the study and it might not reflect the intensity of use (eg, the
amount or depth of use per log-in).

Thematic Analysis
In total, 6 themes were developed in relation to the first research
question and were labeled: “fair and simple user experience,”
“sense of autonomy and self-regulation of behavior,” “features
that address users’ exercise motives,” “need for relatedness,”
and “tailored support and action planning.” Overall, 1 subtheme
was developed in relation to the second theme: “efficient and
reliable monitoring and feedback of PA.” Overall, 3 subthemes
were developed in relation to the fourth theme: “peer support,”
“coaching support,” and “social comparison.”
A total of 5 themes were developed in relation to the second
research question, 4 of which overlapped with themes from the
baseline interviews. Hence, the labels were retained: “fair and
simple user experience,” “sense of autonomy and self-regulation
of behavior,” “features that address users’ exercise motives,”
and “need for relatedness.” A new theme was developed,
labeled: “proactive motivational features” (see Table 3 for a
description of the themes and Multimedia Appendix 2 for
additional extracts illustrating each theme).

A Fair and Simple User Experience
Baseline
Participants emphasized the importance of PA apps being able
to promote a simple, easy, and fair interaction with its users. In
particular, participants wanted the app to be simple to use, not
cognitively demanding, or time consuming. Furthermore,
participants expressed a strong dislike for obtrusive interactions
such as inappropriate reminders or unexpected advertisements
that redirect users to external websites:
It [user interface] should be simple and intuitive
because this app is very complicated and I feel a bit
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11636 | p.302
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lost. [P16 characterizing desired user interface during
post-task interview]
Participants were particularly annoyed when they were asked
to manually enter information about themselves or their activity
levels into the apps. Rather, they reported a preference for apps
that automatically register their information:
I hate having to [manually] register everything I do!
[P2 commenting on the user interface of the given
app during think-aloud task]
Follow-Up
After 2 weeks of ad libitum use, participants still maintained
that simplicity and ease of use are essential prerequisites for

app engagement. The perceived quality of the interactions
participants had with their allocated app appeared to influence
their overall satisfaction and affect their willingness to fully
explore the app’s functionality:
I immediately understood how to use it and how to
get it up and running. [P7 commenting on the user
interface of the given app]
It’s not so easy to find information or understand how
it works. You need to spend some time playing around
with it [...] it should be organised in an easier way.
[P9 commenting on the user interface of the given
app]

Table 2. Information about app allocation to participants, presence at follow-up and self-reported usage of the app during physical activity session.
Average use during the 2-week study was 4.3 times and average time duration per use was 73.6 min.
Participant

App

Follow-upa

Self-reported usage of the app during physical activity
Frequency of use during the Average time duration per
2-week study
use (min)

a

P1

Endomondo

✔

7 times

105

P2

Runtastic

✔

2 times

31

P3

Runkeeper

—

N/Ab

N/A

P4

Endomondo

✔

6 times

65

P5

Runtastic

✔

6 times

45

P6

Runkeeper

✔

4 times

28

P7

Endomondo

✔

5 times

60

P8

Runtastic

✔

4 times

115

P9

Runkeeper

✔

7 times

75

P10

Endomondo

—

N/A

N/A

P11

Runtastic

✔

2 times

18

P12

Runkeeper

✔

2 times

30

P13

Endomondo

—

N/A

N/A

P14

Runkeeper

✔

1 time

50

P15

Endomondo

✔

5 times

35

P16

Runtastic

✔

7 times

N/A

P17

Runkeeper

✔

3 times

240

P18

Endomondo

✔

6 times

120

P19

Endomondo

✔

3 times

70

P20

Runkeeper

✔

3 times

90

Presence at follow-up is denoted by ✔ while absence is denoted by —.

b

N/A: not assessed.

http://mhealth.jmir.org/2019/2/e11636/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11636 | p.303
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Baretta et al

Table 3. Summary of themes and subthemes identified in (1) the baseline interviews and (2) the follow-up interviews.
Theme and subthemesa

Description

Baseline

✔

✔

✔

Features that support the efficient monitoring of PA (physical activity) and related ✔
parameters (eg, calories and heart rate)

✔

Features that address users’ exercise Features that focus on health, fitness, and weight loss are expected to be motivating ✔
motives
and engaging as they highlight the effects of PA on users’ individual exercise
motives

✔

Need for relatedness

Features that leverage the motivational component of social support and facilitate ✔
the interaction with human elements

✔

Peer support

Features that leverage peer support to overcome laziness, increase commitment,
and as a prompt to be more active

Coaching support

Coaching features that recommend what to do to achieve personal goals and facil- ✔
itate the receipt of emotional support

—

Social comparison

Features that allow users to share PA performance with others and to compete
against one another

✔

✔

Tailored action planning

Features that help users to implement their exercise intentions and achieve goals ✔
through tailored plans

—

Proactive motivational features

Features that prompt and stimulate users by sparking their interest and increasing —
motivation (eg, reminders and suggestions)

✔

Features that promote autonomy and Features that support users’ autonomous behavior regulation toward personal
self-regulation of behavior
goals (eg, self-monitoring, feedback, and goal setting)
Efficient and reliable monitoring
and feedback of PA

a

Follow-up

Features that enhance an easy, simple, and fair app interaction (ie, not cognitively ✔
demanding or time consuming)

A fair and simple user experience

b

✔

—c

Subthemes are denoted by italics.

b

✔ indicates theme is present.

c

— indicates theme is absent.

Features That Promote a Sense of Autonomy and
Self-Regulation of Behavior
Baseline
During baseline assessment, participants perceived monitoring,
feedback, and goal-setting features as fundamental
self-regulation components to build the entire app around, as
these features were expected to support users’ autonomy and
help regulate behavior toward their personal goals. Participants
expected PA apps to include features that highlight their progress
and failures; thus, clearly illustrating discrepancies between
their current behavior and goals:
Looking at the percentage of achieved goals and
getting a notification with relevant feedback saying:
“You’re below average, above average, you are
achieving your goal or not...” Well, it might be a way
to remind me of my commitment and verify the
percentage of accomplishments. [P15 commenting
on existing and desired features during post-task
interview; discrepancy between current behavior and
goal and feedback on PA]
Follow-Up
Participants maintained that self-regulation features such as
monitoring, feedback, and goal setting had a positive effect on
their engagement with the app. In particular, participants
reported appreciating the possibility to monitor their progress
over time and, consequently, regulate their behavior and effort:
http://mhealth.jmir.org/2019/2/e11636/
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I have to admit that it’s stimulating to be able to log
all of my walks, how many calories I’ve burnt, the
hydration I have lost, the average pace [...]. To me,
[these features] are quite engaging, they make me
more prone to open [the app] and log what I’ve done.
[P1 commenting on existing features; self-monitoring
of PA, feedback on PA, self-monitoring of outcome
of PA, and feedback on outcome of PA]
Participants also reported the need for autonomy and having an
active role in the regulation of their behavior:
The goal shouldn’t be imposed [by the app] because
in that case I won’t achieve it. The goal needs to come
from inside - I don’t want to do X km because the app
says so, but because I want to. [P8 commenting on
existing features; goal setting]

Subtheme: Efficient and Reliable Monitoring and
Feedback of Physical Activity
Baseline
Participants expressed the desire for an app that efficiently
monitors PA and related variables (eg, calories and heart rate).
It was, therefore, considered important that the app could
distinguish between specific types of PA and that it would
provide tailored and reliable monitoring and classification of
PA:
The app should be accurate, particularly the GPS!
In order for me to use an app, it has to provide me
with precise and not generic information, otherwise
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11636 | p.304
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it is not worth using. [P8 characterizing desired
features during post-task interview; self-monitoring
of PA]
Follow-Up
In line with the baseline interviews, monitoring features were
considered to be important as they allow the collection of
reliable information about PA and health-related parameters,
hence enabling users to regulate their behavior:
It looks like there’s no possibility of assessing heart
rate...in some apps, similar to this one, you can assess
your blood pressure on your own with a
blood-pressure monitor and verify your minimum and
maximum blood pressure on a daily basis. [P1
characterizing desired features; self-monitoring of
behavior and self-monitoring of outcome of PA]

Features That Address Users’ Exercise Motives
Baseline
Participants reported an interest in apps that address their
specific exercise motives. Health- and fitness-related
participation motives were repeatedly reported as the main goals
for being physically active. Specifically, participants expressed
a preference for features that highlight fitness and weight loss.
Hence, apps that allowed users to set calorie- and energy
expenditure-related goals and monitor progress toward such
goals were highly appreciated:
The fact that you can specify a training plan and, at
the same time, control your heart rate and nutrition
and figure out how these things interact...Well, in my
opinion, these are the kinds of things that make an
app engaging. [P1 characterizing existing and desired
features during post-task interview; action planning,
self-monitoring of PA, and nutrition]
[The app] could, for example, be complemented by
nutritional aspects...calories burnt, calorie intake.
[P15 characterizing desired features during pretask
interview; self-monitoring of PA and nutrition]
Follow-Up
After 2 weeks of use, participants reaffirmed their positive
attitudes toward features that take account of their personal
motives for doing PA. In particular, nutrition suggestions,
feedback about calories intake and consumption, and weight
loss were thought to support engagement with PA apps:
If it was complemented and integrated with other
things, such as calories, a diet, suggestions about
nutrition – things that aren’t present in this app or
that are paid – it would probably be more engaging.
Otherwise people get bored after a while. [P15
characterizing desired features; feedback on outcome
of PA and instruction on how to perform a
behavior—nutrition]

Baretta et al

Need for Relatedness
Baseline
Participants highlighted the motivational aspect of human
elements. According to most participants, PA apps should
provide opportunities for social interactions, mostly conceived
of as a way to obtain human, empathic support, thus fostering
a higher level of commitment to one’s personal PA goal:
For me, it should be...I don’t know how to explain...a
bit more human. [P14 characterizing desired features
during pretask interview; social support—emotional]
Follow-Up
After having used the app for 2 weeks, participants still
highlighted the importance of app features that foster a sense
of relatedness by creating a digitally enabled social environment
that is supportive and nonjudgmental:
In my opinion, the app starts being
enjoyable/entertaining when you have “group use.”
[P16 characterizing desired features [social
support—unspecified]
However, different from the baseline interviews, the need for
relatedness was mostly mentioned in relation to features that
support social comparison. Hence, this constitutes the only
subtheme.

Subtheme 1: Peer Support
Baseline
Opportunities for interacting with and doing PAs with peers
were perceived as a way to boost one another’s motivation and
to leverage social commitment through the organization of group
activities. Indeed, users described peer support as a way to
overcome laziness. They also expected that peer support would
make exercise more enjoyable and that it would function as a
prompt to be more active:
I believe that [doing PA with friends] is stimulating,
it’s like when you go to the gym alone or with a friend,
it’s the same idea, you can support each other. [P16
commenting on existing features during post-task
interview; social support—emotional]

Subtheme 2: Coaching Support
Baseline
Participants held positive attitudes toward the possibility of
interacting with coaching features embedded into the app, as
these were expected to provide practical exercise suggestions
and to facilitate the receipt of emotional support:
The best way to attain a goal is to have a person that
helps you...the app should be a substitute for a
personal trainer. [P2 characterizing desired features
during post-task interview; social support—practical]

Subtheme 3: Social Comparison
Baseline
Most participants believed that sharing information about PA
with one’s wider social network through an app is inappropriate
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and expressed the desire to avoid social comparison and
maintain focus on their own goals:
I don’t like sharing...because I would come across as
trying to brag, wouldn’t I?...when I do a specific thing
it’s just for me, I don’t like to involve too many
people. [P11 commenting on existing features during
post-task interview; social comparison]
However, some participants expressed a desire for more
competitive features, contingent on competition being framed
as a friendly way to support each other rather than competing
against other users:
The opportunity to compete is great - everyone can
set their goal and support each other! [P3
commenting on existing features during post-task
interview; social comparison, goal setting, and social
support—emotional]
Follow-Up
Most participants had not shared personal results with other
users when such features were available, as social comparison
features were thought to expose users to others’ judgmental
evaluations:
I’m not interested in sharing my runs and my results.
I’m not a “social” person, so why would I start
sharing the embarrassing results about my runs. [P2
commenting on existing features; social comparison]
Although generally perceived as inappropriate, some participants
mentioned that social incentives and challenges might make
PA apps more engaging. Specifically, features that promote
healthy competition were considered as a potential trigger to
motivate users and make their exercise more enjoyable:
It would be interesting to get a group of friends
together and say: “Let’s compete and see who’s
training more, who’s burning more calories.” This
would make [the app] more interesting. [P16
characterizing desired interaction with features; social
comparison]

Tailored Action Planning
Baseline
Features that help users to implement their PA intentions and
achieve goals were judged to be important for engagement with
PA apps. Participants expected PA apps to provide action plans
to achieve individual goals:
They give you a training plan and you achieve your
goals, that’s great! [P4 commenting on existing
features during think-aloud task; action planning]
When developing action plans, participants wanted the PA app
to provide a step-by-step guide and provide users with
suggestions and advice about how to exercise:
Something that gradually guides you towards your
goals, step-by-step, perhaps also suggesting what
kind of physical activity to do and providing advice.
[P15 characterizing desired features during pretask
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interview; action planning and instruction about how
to perform PA]

Proactive Motivational Features
Follow-Up
Some participants expressed skepticism toward the app’s ability
to boost motivation and to provide novel features that would
spark their interest. According to these participants, the app was
considered to be a functional tool rather than a trigger for
initiating exercise:
I wasn’t particularly engaged, perhaps because it
didn’t have additional functionalities to the other one
that I had already used. This app didn’t stimulate me
to search for information, look at my stats or to train
more. [P8 commenting on the given app; general]
Other participants who had enjoyed their app experience
expressed positive attitudes toward proactive features such as
reminders and suggestions that served as triggers both for doing
PA and for supporting engagement with the app:
It provides suggestions about how much activity to
do per week, how to increase it, etc. That’s what I
liked a lot. [P1 commenting on existing features;
instruction on how to perform PA and action
planning]
Moreover, some participants experienced a lack of proactive
features and expressed their desire for a more interactive and
prompting app:
I would have preferred it to remind me to exercise,
like: “You are lazy, you should go out for a walk”
[...] This app is too quiet, it’s not stimulating. [P11
characterizing desired features; prompts or cues]

Discussion
Summary of Main Findings
This study examined what PA app features potential users expect
to influence app engagement during first exposure to never-used,
commercially available PA apps and after 2 weeks of app use.
Participants’ thoughts and impressions were elicited through
observing direct experiences of PA app use in the laboratory
and through asking participants to report on their experiences
of app use in their everyday lives to obtain ecologically valid
insights. Thanks to the longitudinal study design, it was possible
to compare what PA app features were considered important
for engagement at different time points. A key advantage of the
longitudinal qualitative study design was the ability to gain a
more in-depth understanding of factors influencing users’
engagement with PA apps both initially and over a period.
At baseline and follow-up, participants expressed the desire for
PA apps that are simple to use, intuitive, and not cognitively
demanding. Our findings suggest that PA apps should be easy
to use, avoiding confusing and inadequate user experiences, as
these constitute barriers to engagement. This finding supports
previous research, which highlights the importance of observing
how users interact with apps in real time to assess their ease of
use and how they fit within users’ everyday lives [18].
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11636 | p.306
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
Participants in this study also highlighted the need for features
that support the self-regulation of behavior to achieve personal
exercise goals (eg goal setting, monitoring, and feedback), which
supports previous findings [19]. The positive effect of personal
goal attainment on individual well-being has been largely
recognized [31] and the goal regulation process has been
specifically described by Carver and Scheier [32] as a
discrepancy-reducing feedback loop in which individuals are
motivated to self-regulate their actions according to feedback
to achieve a specific goal. Our findings suggest that the
availability of self-regulation features might allow users to
self-organize their experiences and behavior and hence, as
proposed by self-determination theory [33], foster experiences
of autonomy. Our findings, corroborated with results from recent
reviews and qualitative studies, indicate that app features that
support self-regulation are expected to increase engagement
[11,16], are appreciated by users [34], and are associated with
PA intervention effectiveness [4,35]. This suggests that
self-regulation features should be considered as core components
of PA apps.
Addressing users’ PA participation motives emerged as a further
important aspect of engagement with PA apps. In line with
previous research [13], most participants preferred features that
focus on fitness, nutrition, and weight loss as these were the
main reasons for engaging in PA. For instance, some participants
were strictly interested in suggestions about how to lose weight
and wanted to track relevant parameters (eg, weight loss and
calorie intake). Although intrinsic exercise motives, relative to
more controlled ones (eg, body-related motives), have been
shown to be positively associated with PA [36], some forms of
less autonomous regulation (eg, identification with the outcomes
of PA) are expected to regulate short-term behavior [37] and
constitute an important motivational component of exercise
[38]. Hence, app features that address users’ exercise motives
might be leveraged as a trigger for engagement with PA apps
as well as for boosting motivation in the early stages of behavior
change.
Users expressed varying types and levels of needs relating to
the connectedness with other users. Some participants believed
that opportunities for connecting with peers might help to
develop a climate of social commitment that increases
motivation and makes exercising a more enjoyable activity.
However, the subtheme labeled peer support was not identified
during the follow-up interviews. This might be because of the
fact that participants, in spite of their initial inclination to seek
support from peers, were unwilling to connect with strangers
or because they were worried by social comparison.
The motivational aspect of human support was also mirrored
by users’ preferences for coaching features directly embedded
into PA apps. These results support those from a focus group
study about preferred PA app features [19], which found that
coaching features were thought to be as an advantage in PA
apps. Moreover, these findings are consistent with previous
research suggesting that the desire to continue working with a
digital behavior change intervention is higher when supported
by the presence of human relational skills (eg, empathy and
social dialog) designed into a computer interface, as this fosters
the therapeutic working alliance [39]. Moreover, findings from
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a scoping review of Web-based interventions highlighted the
potential for supportive virtual coaches to counteract low
adherence in digital behavior change interventions [40]. It is
worth noting that this subtheme was not identified during the
follow-up interviews. A plausible explanation for this is that
coaching features, which were mentioned as desirable by
participants during the baseline interviews, were completely
lacking from the selected PA apps.
Consistent with previous research into different behaviors
[20,34], potential users of PA apps were reluctant to share PA
information with their social networks. In our study, most
participants thought that social comparison features would
hinder their motivation to exercise because of exposure to
others’ negative judgments. However, some participants wanted
to take part in social challenges, contingent on these being
friendly, thus facilitating the receipt of mutual social support.
An additional theme labeled tailored action planning emerged
only during the baseline interviews and relates to the role of the
app in supporting users to implement their intentions and to
achieve their goals. Users expressed their desire to be provided
with tailored PA plans and suggestions based on their goals and
current progress. This highlights the crucial role of action
planning features in PA apps to facilitate goal attainment [41].
This theme was not identified as important during the follow-up
interviews. A possible explanation is that action planning is a
volitional rather than a motivational variable [41]. Hence,
although action planning may help individuals to implement
their intentions, it does not motivate and nudge PA app users
to engage with the digital behavior change intervention itself
over time.
After having used the app for 2 weeks, participants expressed
the desire for PA apps with proactive features that boost their
motivation. Participants who enjoyed their allocated app
mentioned their liking of proactive features (eg, suggestions
and reminders), and these were also mentioned as a point for
improvement by participants who were not satisfied with their
allocated apps. Hence, the development of a proactive app that
is able to tailor the intervention content and timing according
to individual differences is hypothesized to be a key element
for supporting engagement with PA apps. These results are in
line with recent advances in intervention design aimed at the
development of adaptive interventions (eg, just-in-time adaptive
interventions) that integrate behavioral, psychological, and
contextual information to deliver more tailored and potentially
effective strategies to increase PA [42,43]. Proactive features
may actively support users’ self-regulation skills, reducing
users’ responsibility for the behavior change process. Although
this theme was not identified during the baseline interviews, it
represented a key issue in the follow-up interviews when
participants were prompted to reflect on their actual app use.
This finding provides support for the argument that sustained
engagement with PA apps cannot simply rely on users’
motivation. Instead, motivation to continue engaging might be
the result of moment-to-moment engagement that is triggered
by motivational and proactive app features.
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Implications
Thanks to the longitudinal design, this study facilitated the
development of a comprehensive picture of potential users’
needs and preferences regarding PA apps, with clear
implications for the development of future, or modification of
existing PA apps for physically inactive adults.
The findings that potential users are interested in self-regulatory
features supported current design practice in PA apps; however,
some improvements can be introduced. First, users should be
able to monitor and assess the PA they perform in a more
reliable and efficient way. Second, features that enable users to
draw their attention to how their PA progresses and to any
discrepancy between PA behavior and goals may help to guide
their self-regulation and efforts.
As potential users are likely to practice PA to improve fitness
and lose weight, PA apps should (1) deliver suggestions about
what exercises to do and how to exercise to achieve specific
health-related goals, (2) provide nutritional advice and
opportunities for monitoring food intake, (3) monitor and
provide feedback on health-related progress (eg, weight loss,
waistline reduction, and blood pressure), and (4) permit users
to estimate the daily and weekly difference between calorie
intake and consumption.
While interacting with PA apps, simplicity and usability
influenced users’ perception of the app. Indeed, simple apps
were seen as more easy to use and, thus, more immediate and
useful. In particular, users expected that apps should not be
cognitive demanding or time consuming. Therefore, developers
should focus on designing PA apps that assure immediate and
efficient use, avoiding poor user experiences that constitute a
barrier to engagement and behavior change. To this end, design
and implementation phases should be characterized by a constant
and iterative evaluation of the user experience in real-world
settings.
Further findings suggested that the design of PA apps may be
improved by providing opportunities to connect users to one
another and to easily arrange for social PA events. As pointed
out, there may also be merit in designing PA apps that interact
with users in the same way as a personal coach. Hence,
developers may consider the opportunity to characterize PA
apps by the presence of human relational skills or components
(eg, virtual coaching, empathy, and social dialog).
Finally, proactive features (human support, tailored PA plans
and suggestions, and context aware prompts) constitute one of
the main gaps of commercial PA apps. This is a crucial point
because, as emerged in this study, the development of a
proactive app that is able to tailor the intervention content
according to individual differences and diverse circumstances
is hypothesized to be a key element for supporting effective and
sustained engagement with digital interventions. To this end, a
close collaboration between behavioral and computer scientists
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is required for developing machine learning techniques that can
help understanding, predicting, and meaningfully addressing
users’ needs.

Limitations
This study also has a few limitations. First, participants’
heterogeneous levels of digital literacy might have influenced
the quality of the experience with the apps. For example, it is
possible that some participants had difficulties with their
allocated apps because of low digital literacy. We tried to
minimize such limitations as far as possible by only including
top-ranked apps, thus preventing participants from interacting
with low-quality user interfaces. Second, we asked participants
to use the app for 2 weeks to preserve the ecological validity of
the study findings but did not specify amount and frequency of
use. However, it is possible that the accuracy and depth of
participants’ answers in the follow-up interviews was influenced
by the amount and frequency of app use during the 2 weeks.
Moreover, 3 freely available apps were chosen for this study as
stimuli to elicit participants’ needs and preferences. Although
the choice of these apps was based on criteria aiming to provide
participants with high-quality apps, it is possible that a greater
number of apps might have elicited different and even more
generalizable insights. However, we believe that our findings
may generalize to other commercial apps as the selected ones
were characterized by most of the BCTs generally implemented
in PA apps [28]. Finally, the 2-week longitudinal study design
was aimed at understanding what and why particular app
features sustained engagement over time. The second time point
was defined on the basis of statistics suggesting that 74% of
health apps are abandoned after their tenth use [12] and their
usage mainly varies from a few times each week to 2 times each
day [22] and, consequently, assuming that abandonment may
occur around the end of the second week of use. Our results
confirmed previous statistics [22]; however, none of the
participants used the app for more than 7 times. Therefore,
findings from this study cannot answer the question what and
why design features influence engagement with PA apps over
a longer period.

Conclusions
Our findings suggest that designers of PA apps may benefit
from taking into account users’ exercise motives (ie, fitness and
weight loss) and supporting users with self-regulation features
such as monitoring, feedback, and goal setting. As participants
expressed a desire for features that foster the sense of
relatedness, features that leverage the motivational aspects of
relational and emphatic support in the behavior change process
should be considered in the design of PA apps. Similarly,
preferences for tailored action planning and proactive features
drew attention to the need for the active role of the app as a
complement to other features that support users’ self-regulation
skills.
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Abstract
Background: Obsessive-compulsive disorder (OCD) is a disabling condition with a wide variety of clinical presentations
including contamination fears, fear of harm, and relationship-related obsessions. Cognitive behavioral models of OCD suggest
that OC symptoms result from catastrophic misinterpretations of commonly occurring intrusive experiences and associated
dysfunctional strategies used to manage them. OCD-related maladaptive beliefs including inflated responsibility, importance and
control of thoughts, perfectionism, and intolerance for uncertainty increase the likelihood of such misinterpretations.
Objective: Considering accumulating evidence suggesting that mobile health (mHealth) apps based on cognitive-behavioral
principles may lead to significant reductions in psychopathological symptoms, we assessed the effectiveness of a novel cognitive
training app (GGRO) designed to challenge OCD-related beliefs.
Methods: A total of 97 students were randomized to groups undertaking immediate-use (iApp) or delayed use (dApp) of GGRO.
All participants were requested to complete Web-based assessments, with questionnaires relating to maladaptive beliefs, mood,
and OC symptoms at baseline (T1), 15 days from baseline (T2), and 30 days from baseline (T3). Participants in iApp group started
using the app at baseline and continued using the app for 15 consecutive days. They were then requested to stop using the app
until T3. Participants in the dApp group were requested to wait for 15 days and only then start using the app (crossover) for 15
consecutive days.
Results: All participants used the app for a mean of 14.07 (SD 1.41) days with 2.94 levels per day. Consistent with previous
findings, app use was associated with medium-large effect size reductions in both iApp (n=51) and dApp (n=46) groups. In the
iApp group, all effects remained significant during the 15 days of follow-up. Analyses focusing on the first two assessment
occasions revealed significant treatment × repeated measures interactions on maladaptive beliefs, several OC symptom measures,
and self-esteem.
Conclusions: This study provides further evidence for the efficacy of GGRO as a mobile-delivered training exercise that is
useful for reducing OCD-related beliefs and symptoms.
Trial Registration: ClinicalTrials.gov NCT03571464; https://clinicaltrials.gov/ct2/show/NCT03571464 (Archived by WebCite
at http://www.webcitation.org/7675sYPsH)
(JMIR Mhealth Uhealth 2019;7(2):e11443) doi:10.2196/11443
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Introduction
Obsessive-compulsive disorder (OCD) is a disabling disorder
that causes impairment in multiple areas of patients’ lives [1,2].
OCD is characterized by the presence of repetitive unwanted
and disturbing intrusive thoughts, images or urges (obsessions),
or ritualistic and repetitive acts (compulsions) [3]. The content
of OCD is heterogenic, comprising themes as scrupulosity [4],
repugnant obsessions [5], moral and physical contamination
fears [6], cleaning compulsions, obsessional doubts, and
relationship-related obsessions [7].
Cognitive behavioral therapy (CBT) combined with exposure
and ritual prevention is the first choice of psychological
treatment recognized by the National Institute for Clinical
Excellence [8]. CBT models of OCD postulate that catastrophic
misinterpretation of intrusive thoughts or images and urges and
the use of counterproductive cognitive and behavioral strategies
to manage them lead to their escalation into chronic obsessions
[9-11]. A number of maladaptive beliefs have been found to be
associated with this catastrophic misinterpretation: inflated
responsibility, overimportance of thoughts, desire to control
one’s thoughts, overestimation of threat, and need for certainty
and perfectionism [12,13].
Many individuals, however, have great difficulties in accessing
CBT therapy, either because of their high cost, the stigma
associated with treatment, or the lack of available trained
professionals [14,15]. Information and Communication
Technologies including mobile apps and internet-based
interventions have been suggested to increase accessibility and
availability of CBT-based interventions [16-18]. Such alternative
CBT-delivery systems are consistent with the stepped-care
approach for OCD [8]. Clients with OCD may begin with
low-intensity interventions (eg, self-help materials) and, if
needed, gradually receive more intense and expert interventions
[19].
Information and Communication Technologies have been
implemented to a significantly smaller extent in the treatment
or prevention of OCD symptoms than in that of other mental
disorders. Most studies assessed the efficacy of video-conference
or telephone therapy used in exposure and response prevention
[20-22]. In addition, most existing CBT-based mobile apps
translate internet-delivered desktop treatment programs into
mobile apps without exploiting the special advantages of the
mobile app platform. These programs often have a long duration
(eg, more than 20 min per interaction) and involve tasks
requiring high internal motivation, a long attention span, and
high persistence from users (eg, enter a significant amount of
free text) [23].
Recently, an exploratory study evaluated a brief, game-like
training exercise for challenging OCD beliefs delivered via a
mobile app platform named “GGRO - GG relationship doubt
and obsessions V1.1” [24]. GGRO is one of various mobile
apps designed by GGApps (Herzliya, Israel) to challenge beliefs
associated with a range of psychological difficulties (eg,
depression, body image distress, and low self-esteem). GGRO
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was specifically designed to challenge maladaptive beliefs that
underlie common OCD symptoms (eg, contamination and
repugnant thoughts) as well as relationship obsessions (eg,
obsessive preoccupations regarding the suitability of the
relationship or the relationship partners) [7,12,25]. The platform
was designed to help users learn to respond to statements that
challenge OCD-related beliefs by embracing them (ie, pulling
them down toward themselves) and rejecting statements that
are consistent with beliefs underlying OCD symptoms and low
self-esteem (ie, throwing them upward, away from themselves;
see Methods section). Following CBT principles, statements
challenging OCD-related beliefs include alternative, more
adaptive interpretations of thoughts, emotions, and events as
well as statements encouraging approach behavioral strategies
(eg, tolerance of negative feelings and acceptance of thoughts).
Increasing accessibility to such statements is expected to reduce
adherence to OCD-related beliefs and associated symptoms.
The results of this study, which included 20 participants from
a nonclinical population, suggested that training for 3 min a day
for a period of 15 days was associated with significant, large
effect-size reductions in the levels of OCD-related beliefs
measured by the Obsessive Beliefs Questionnaire (OBQ) - Short
form [24]. Participants also showed significant pre-post training
decreases in the levels of OCD symptoms, measured by the
Obsessive-Compulsive Inventory - Reduced (OCI-R) [26],
including relationship-related OCD symptoms measured using
the Relationship Obsessive-Compulsive Inventory (ROCI) [27]
and the Partner-Related Obsessive-Compulsive Symptoms
Inventory (PROCSI; R Moulding, GD, unpublished data, 2019).
Moreover, pre-post changes in the levels of OCD-beliefs were
associated with a reduction in OCD symptom levels.
The aim of this study was to further evaluate the efficacy of
GGRO in reducing OCD-related maladaptive beliefs and OCD
symptoms. Specifically, a randomized controlled trial with
crossover design was carried out in a nonclinical student
population to assess pre-post changes in the levels of
OCD-related maladaptive beliefs and OCD symptoms, including
relationship OCD (ROCD) symptoms, self-esteem, and
depression symptoms following 15 days of GGRO use. Our
main hypothesis was that students using GGRO immediately
following baseline assessment (immediate-use App group, iApp)
would exhibit greater declines in obsessive compulsive–related
beliefs than students who did not use GGRO in this phase of
the study (delayed-use App group, dApp; Figure 1). Consistent
with previous research showing an association between OCD
symptoms and self-esteem [28,29], we expected a decrease in
OCD and ROCD symptoms and an increase in self-esteem in
students in the iApp group relative to the students in the dApp
control group. Following crossover (T2), we expected that user
gains in the iApp group would be maintained in T3. In this
phase, we anticipated that students starting to use GGRO (dApp)
would show statistically significant reductions in OCD-related
maladaptive beliefs and symptoms and an increase in self-esteem
from T2 to T3 assessments. Consistent with a previous study
using GGRO in a student population [24], we did not expect a
significant reduction in depression symptoms.
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Figure 1. Study design with both groups. iApp: immediate-use App; dApp: delayed-use App.

Methods
Participants
Participants were recruited from the University of Valencia
during the first semester of the 2016/2017 course from nine
classes at the Psychology Faculty. The students were invited to
voluntarily participate in a study about beliefs, self-talk, mood,
and relationships. Participants interested in participating were
informed of their rights and provided online informed consent
in accordance with university Institutional Review Board
standards. The study received the approval of the University of
Valencia ethics committee (H-1488382719361). Inclusion
criteria included native Spanish speaking, experience of at least
one stable romantic relationship, and possession of a mobile
device capable of installing GGRO (available for download via
Google Play or the App Store).
Consistent with common practice in OCD-related research, the
sample used in the present study comprised nonclinical
participants [30]. Like individuals who are clinically diagnosed
with OCD, nonclinical participants tend to engage in compulsive
behaviors to alleviate distress [31]. Furthermore, taxometric
studies of OCD [32] have found that OCD symptoms and
obsessive compulsive–related beliefs are best conceptualized
as continuous dimensional rather than categorical.
All participants volunteered and were included in a draw for a
prize of a dinner for two (valued at 30€). A total of 98 students
attended a recruitment seminar wherein they were explained
the general procedure of the research. They were then asked to
download that app and complete the pretreatment evaluation
(Time 1, T1) on Qualtrics [33], which is a secure online survey
platform. Emails with the corresponding survey links were sent
to participants at Time 2 (T2) and Time 3 (T3). From the 98
students who wanted to take part in the study, one was excluded
because he did not have a stable partner in the present or past.
The final 97 participants (79 women, 81.4%) were second- and
third-year students in the Bachelor of Arts program, with ages
ranging from 18 to 65 years (mean 21.56; SD 7.07). The
majority (61.9%) reported having a medium socioeconomic
status (28.9% below average and 9.3% above average). More
than half of the participants (56.3%) were in a romantic
relationship at the time of the study (median length, 33 months).
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Study Design
The study was a randomized controlled trial with a crossover
design (Figure 1). The intervention was a mobile-delivered
cognitive training using GGRO. Participants were randomized
to an App first group (iApp, n=51) or a wait list crossover group
(dApp, n=46). Participants in the iApp group started using the
app immediately (T1) for a period of 15 consecutive days (until
T2). They were then requested to stop using the app until the
end of the trial. Participants randomized to the dApp group were
requested to start using the app at T2 (15 days after the iApp
group). They were then requested to use the app (crossover) for
the following 15 days. In both groups, participants were
instructed to complete 3 levels a day (approximate 3 min a day).
The CONSORT-EHEALTH checklist is presented as
Multimedia Appendix 1.

Randomization
Randomization was carried out in a 1:1 ratio and based on a
prespecified computer-generated randomization list [34]. Group
assignment was performed onsite using the next available
number on the randomization list.

Intervention
GGRO was developed by the author GD, an expert in OCD and
related disorders, in collaboration with Gur Ilany, a mobile
platform developer. This app consists of training exercises
intended to help people increase accessibility to functional
self-statements that facilitate adaptive interpretations of
thoughts, emotions, and events associated with OCD (Figure
2). Users are presented with “blocks” featuring statements such
as “I take things as they come” or “Everything can end in a
catastrophe.” Users then have to respond to these statements by
either embracing them (ie, pulling the “blocks” downwards
toward themselves) or rejecting them (ie, throwing the “blocks”
upward away from themselves).
Users progressively completed 45 levels dedicated to
OCD-related maladaptive beliefs (3 levels per belief) such as
dealing with threat, importance of thoughts, and overcoming
perfectionism. In this way, the user is exposed to alternative
interpretations of the relevant maladaptive belief in each stage,
increasing accessibility to functional self-statements that
encourage adaptive interpretations for thoughts, emotions, and
events (eg, the occurrence of distressing doubts) associated with
OCD. For instance, statements challenging perfectionism may
include “Mistakes teach me to overcome my fears” and
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“Imperfect[ion] is human.” Users are also encouraged to adopt
approach behavioral strategies (rather than avoidance) including
tolerance of negative emotions by responding to statements
such as “I can tolerate doubts.”
Following the completion of each level, the user receives
feedback, depending on the length of time it took them to
complete the level (0 to 3 stars). A short memory-evaluation
screen (ie, memory boost) follows this feedback. In this screen,
three statements are presented to the user. The user has to recall
which of the statements appeared in the level he/she just
completed. The correct response results in a “Correct!” message,
and an incorrect response is followed by “You’ll get it next
time” feedback message. The two types of feedback increase
attention to the training and encourage engagement.
The user then progresses to the next level. Three levels address
a specific maladaptive belief. Before dealing with a new belief,

Roncero et al
a screen is presented with the rationale for challenging the
specific maladaptive belief. For example, before learning to
challenge overestimation of threat, users are presented the
statement, “The world can be dangerous, but the tendency to
look for danger all the time increases fears and anxieties. Let’s
learn to reduce this tendency!” Following completion of six
levels pertaining to two beliefs (eg, importance of thoughts and
overestimation of threat), users may see an encouraging
statement such as “Excellent! Now you’ve learned how to better
deal with your thoughts and to better recognize the way you
overestimate threat.” Push notifications remind users to use the
app each day. Following the completion of 3 levels on a given
day, a screen prompting users to stop using the app for that day
appears. Users are also advised to train once a day at a preset
time rather than in response to distressing thoughts or events.
GGRO requires a mobile device with an operating system iOS
7 or above or android 4.2 or above.

Figure 2. GGRO screenshot.
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Measures
The Obsessive-Compulsive Inventory - Reduced
The OCI-R [26,27] is a self-report inventory composed of 18
items ranked on a 5-point Likert scale, ranging from 0 (not at
all) to 4 (extremely), which assess OCD symptoms. The OCI-R
possesses good internal consistency for the total score (alphas
ranging from .81 to .93 across samples) [26]. In our study, the
internal consistency for the total scale (Cronbach alpha) was
.84 at T1, .83 at T2, and .83 at T3.

The Obsessive Beliefs Questionnaire - Short Form
The OBQ-20 [12] is the abbreviated version of the 44-item OBQ
- Revised [12]. The OBQ-20 is a self-report questionnaire
assessing pan-situational cognitions associated with OCD. It is
composed of 20 items ranked on a 7-point scale, ranging from
1 (disagree very much) to 7 (agree very much). The OBQ-20
has shown satisfactory psychometric properties [35,36]. The
internal consistency of the scale as a whole in our sample
(Cronbach alpha) was .88 at T1, .93 at T2, and .94 at T3.

The Relationship Obsessive-Compulsive Inventory Short Version
The ROCI - Short version (S) is a shortened version of the ROCI
[37], a 12-item measure assessing three dimensions of
relationship-centered ROCD symptoms: love for the partner,
the “rightness” of the relationship, and the partner’s love for
the participant. The ROCI-S consists of 6 items, of which 2
items assess each of the three abovementioned relationshipcentered ROCD dimensions (the 2 items showing the highest
average loaded on the two original ROCI validation studies; R
Moulding, GD, unpublished data, 2019). In an independent
sample (n=714; 302 women; mean age 38.73 years; SD 12.65
years), the mean of these six items (ROCI-S total score) showed
good reliability (Cronbach alpha=.85) and correlated very highly
(r=.97) with the total ROCI total scores. In the current study,
the internal consistency (Cronbach alpha) of the mean of all
ROCI items was .80 at T1, .83 at T2, and .79 at T3.

The Partner-Related Obsessive-Compulsive Symptoms
Inventory - 6-Item Version
The PROCSI - 6-item version (Si) (R. Moulding, G.D.,
unpublished data, 2019) is an abbreviated version of the
PROCSI [38], a 24-item measure assessing partner-focused
ROCD symptoms. The PROCSI-Si consists of 6 items. The
items selected showed the highest correlation of a single item
with the relevant subscale in one-half of a randomly split sample
(n=356; 151 women; mean age 38.58 years, SD 12.55 years).
The mean of these six items (PROCSI-Si total score) showed
good reliability (Cronbach alpha=.90) and correlated very highly
(r=.98) with the total PROCSI total scores in this sample. The
PROCSI-Si total score also showed good reliability scores
(Cronbach alpha=.92) and correlated highly (r=.98) with the

http://mhealth.jmir.org/2019/2/e11443/

XSL• FO
RenderX

Roncero et al
PROCSI total scores in the independent half of the sample
(n=356; 151 females; mean age 38.88 years; SD 12.79 years).
The internal consistency of PROCSI-Si (Cronbach alpha) in the
current sample was .78 at T1, .83 at T2, and .77 at T3.

The Depression, Anxiety, Stress Scale - Short Version
The short version of the Depression, Anxiety, Stress Scale
(DASS) [39-42] is a self-report questionnaire that evaluates
negative emotional symptoms (depression, anxiety, and stress).
The short version consists of 21 items rated on a 4-point scale,
ranging from 0 (did not apply to me at all) to 3 (applied to me
very much or most of the time). In this study, only the depression
scale (7 items) was used. The DASS scales have been shown
to have high internal consistency [42]. The internal consistency
of the depression scale (Cronbach alpha) in the current sample
was .90 at T1, .90 at T2, and .91 at T3.

The Single-Item Self-Esteem Scale
The Single-Item Self-Esteem Scale (SISE) [43] is a self-report
measure that determines the extent to which the sentence “I
have a high self-esteem” describes participants on a 9-point
scale, ranging from 1 (not very true for me) to 9 (very true for
me). The SISE has been found to have high test-retest reliability,
criterion validity coefficients above .80 (median=.93 after
correcting for unreliability) with the Rosenberg Self-Esteem
Scale, and a similar pattern of construct validity coefficients as
the Rosenberg Self-Esteem Scale with 35 different constructs
[43]. Using longitudinal data, Robins et al [43] estimated the
reliability of the SISE to be .75.

Statistical Analysis
Statistical analyses were performed using Statistical Package
for the Social Sciences (SPSS Inc, Chicago, IL). In order to
avoid overoptimistic estimates of the efficacy of the training
[44],
an
intention-to-treat
analysis
using
the
last-observation-carried-forward method was used [45].
Descriptive statistics were used to report means, SDs, and
frequencies. In addition, t and χ2 tests were performed to assess
differences between groups and in age, relationship duration
(in months), sex, socioeconomic level, belief, and symptoms
measures (OBQ-20, OCI-R, PROCSI-Si, ROCI, DASS, and
SISE). A series of repeated measures analysis of variance with
Bonferroni adjustments was performed to evaluate pre-post
scores in both study groups. The Effect Size Determination
Program [46] was used to calculate Cohen d values.

Results
Principal Findings
A total of 97 participants met the inclusion criteria and
participated in the study. Mean scores for outcome measures
and characteristics of the two groups did not differ significantly
at baseline (Table 1).
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Table 1. Descriptive statistics and comparisons between immediate-use App (iApp) group and delayed-use App (dApp) group in sociodemographic
variables and outcome measures at baseline.
Characteristics

iApp (n=51)

dApp (n=46) t / χ2

df

P value

Cohen d

Age (years), mean (SD)

22.88 (9.23)

20.09 (2.73)

1.97

95

.05

0.4

Men

25.5

10.9

3.42

1

.06

0.37

Women

74.5

89.1

Low

3.9

2.2

3.64

3

.30

0.15

Medium-low

31.4

19.6

Medium

52.9

71.7

Medium-high

11.8

6.5

Relationship duration (months), mean (SD)

45.37
(86.96)

19.30
(14.78)

2.00

95

.05

0.4

OCI-Ra (score), mean (SD)

1.79 (0.57)

1.78 (0.40)

0.09

95

.92

0.02

OBQ-20b (score), mean (SD)

3.24 (0.96)

3.08 (0.84)

0.84

95

.40

0.17

ROCI-S (score), mean (SD)

1.76 (0.69)

1.73 (0.61)

0.24

95

.81

0.05

PROCSI-Sid (score), mean (SD)

1.66 (0.57)

1.62 (0.69)

0.29

95

.77

0.06

DASS-De (score), mean (SD)

1.74 (0.67)

1.53 (0.49)

1.74

95

.08

0.35

SISEf (score), mean (SD)

3.12 (1.09)

3.37 (0.97)

-1.20

95

.23

0.24

Gender, %

Socioeconomic status, %

c

a

OCI-R: Obsessive-Compulsive Inventory - Reduced.

b

OBQ-20: Obsessive Beliefs Questionnaire-20.

c

ROCI-S: Relationship Obsessive-Compulsive Inventory - Short version.

d

PROCSI-Si: Partner-Related Obsessive-Compulsive Symptoms Inventory.

e

DASS-D: Depression, Anxiety, Stress Scale - Depression.

f

SISE: Single-Item Self-Esteem Scale.

At 15 days (T2), 79 of 97 participants (81.4%) completed the
study and 62 of 97 (65.1%) completed the 15-day follow-up
(T3). Participants who dropped out during the study period did
not differ in age (t95= 0.58, P=.56), gender (χ21=3.3, P=.79),
relationship duration (t95= 0.04, P=.97), or socioeconomic
status (χ23=3.3, P=.34) compared to participants who did not
drop out (Figure 3).
Tables 2 and 3 present the means and SDs for iApp and dApp
participants, respectively, on all measures and testing occasions.
All participants used the app for a mean of 14.07 (SD 1.41)
days, with a mean of 2.94 (SD 0.37) levels per day. Additionally,
the mean of the highest level completed by participants was
40.93 (SD 10.20) levels of the 45 levels. There were no
significant differences between the two groups with regard to
days used, mean of levels per day, and highest level achieved.

Between-Group Differences (iApp Group Versus dApp
Group)
Analyses of the first two assessment occasions (T1 and T2)
revealed significant treatment × repeated measures interactions
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in OBQ (F1,95=17.06, P<.001, d=0.84, PROCSI-Si (F1,95=4.28,
P=.04, d=0.42), and SISE (F1,95=4.36, P=.04, d=0.42). These
results indicated that students in the iApp group exhibited fewer
OCD-related beliefs, fewer partner-focused ROCD symptoms,
and higher self-esteem than their waiting list counterparts on
the second assessment occasion (Figure 4).

iApp Group Within-Group Effects and 15-Day
Follow-Up Effects
In the iApp group, we expected pre-post reduction in
OCD-related beliefs and symptoms as well as retention of these
effects in the follow-up period. Thus, pre-to-final changes were
specifically examined via repeated measures analysis of variance
between T1 and T3 and between T2 and T3. A significant
decline in pre-to-final changes was found in the OBQ, OCI-R,
PROCSI-Si, ROCI-S, and SISE scores. Further, the differences
found between T1 and T2 were maintained in T3. Moreover,
the only statistically significant difference found was in the
PROCSI-Si scores that indicated an additional significant
improvement between T2 and T3 (Table 2).
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Figure 3. CONSORT flow diagram of participants through the trial.

Table 2. Descriptive statistics and comparisons among periods for the immediate-use App (iApp) group.
Scale

T1 (points), mean
(SD)

T2 (points), mean
(SD)

T3 (points), mean
(SD)

T1 vs T3
F 1,50

P value

d

F 1,50

P value

d

1.79

1.59

1.59 (0.49)

10.87

.002

0.65

0.00

.99

0

(0.57)

(0.50)

OBQ-20b

3.24 (0.96)

2.66 (1.10)

2.57 (1.18)

51.39

<.001

1.42

1.20

.28

0.21

ROCI-Sc

1.76 (0.69)

1.60 (0.62)

1.58 (0.63)

5.65

.02

.47

0.07

.79

0.05

PROCSI-Sid

1.66 (0.57)

1.49 (0.55)

1.39 (0.48)

30.00

<.001

1.109

5.98

.02

0.48

DASS-De

1.74 (0.67)

1.62 (0.64)

1.69 (0.69)

0.53

.47

0.14

3.84

.06

0.39

SISEf

3.12 (1.09)

3.31 (1.14)

3.33 (1.21)

7.13

.01

.53

0.11

.74

0.06

OCI-Ra

a

T2 vs T3

OCI-R: Obsessive-Compulsive Inventory.

b

OBQ-20: Obsessive Beliefs Questionnaire - Short form.

c

ROCI-S: Relationship Obsessive-Compulsive Inventory - Short version.

d

PROCSI-Si: Partner-Related Obsessive-Compulsive Symptoms Inventory - Six item version.

e

DASS-D: Depression, Anxiety, Stress Scale-Depression subscale.

f

SISE: Single-Item Self-Esteem Scale.
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Table 3. Descriptive statistics and comparisons among periods for the delayed-use App (dApp) group.
Scale

a

T1 (points), mean
(SD)

T2 (points), mean
(SD)

T3 (points), mean
(SD)

T1 vs T2

T2 vs T3

F 1,45

P

d

F 1,45

P

d

OCI-Ra

1.78 (0.40)

1.66 (0.36)

1.54 (0.32)

7.28

.01

0.56

9.09

.004

0.61

OBQ-20b

3.08 (0.84)

3.02 (1.03)

2.48 (1.04)

.41

.53

0.13

27.52

.001

1.07

ROCI-Sc

1.73 (0.61)

1.66 (0.62)

1.43 (0.38)

1.70

.20

0.27

12.52

.001

0.72

PROCSI-Sid

1.62 (0.69)

1.60 (0.72)

1.38 (0.50)

.10

.75

0.06

9.41

.004

0.62

DASS-De

1.53 (0.49)

1.52 (0.50)

1.44 (0.37)

.00

.96

0

2.35

.13

0.32

SISEf

3.37 (0.97)

3.35 (1.01)

3.61 (0.91)

.07

.78

0.05

6.75

.01

0.53

OCI-R: Obsessive-Compulsive Inventory.

b

OBQ-20: short form of the Obsessive Beliefs Questionnaire.

c

ROCI-S: Relationship Obsessive-Compulsive Inventory - short version.

d

PROCSI-Si: Partner-Related Obsessive-Compulsive Symptoms Inventory - 6-item version.

e

DASS-D: Depression, Anxiety, Stress Scale-Depression subscale.

f

SISE: Single-Item Self-Esteem Scale.

dApp Group Within-Group Effects
In the dApp group, we expected that crossover (ie, use of the
app) would be associated with a significant decrease in OCD
beliefs and symptom measures. Indeed, within-group differences
between T2 and T3 following the crossover indicated significant
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reductions in the OBQ, PROCSI-Si, ROCI-S, and SISE scores.
No differences were found in the DASS scores.
Unexpectedly, participants showed a significant decrease in
OCD symptoms (OCI-R) between T1 and T2. Nevertheless,
additional significant reduction in OCI-R scores was found
between T2 and T3 (Table 3).
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Figure 4. Graphs of the measures across T1, T2, and T3 for iApp and dApp groups. iApp: immediate-use App; dApp: delayed-use App; DASS:
Depression, Anxiety, Stress Scale - Short version; OBQ: Obsessive Beliefs Questionnaire; OCI-R: Obsessive-Compulsive Inventory; PROCSI-Si:
Partner-Related Obsessive-Compulsive Symptoms Inventory - 6-item version; ROCI-S: The Relationship Obsessive-Compulsive Inventory - Short
version; SISE: The Single-Item Self-Esteem Scale.

Discussion
Mobile apps based on CBT principles have unique advantages
including wide reach, continuous availability, appeal to young
people, very low cost, and progress monitoring. Accumulating
evidence shows that such apps can lead to significant reductions
in psychopathological symptom and maladaptive behaviors
[47-49]. The present randomized control study evaluated the
efficacy of a mobile app platform named GGRO, which was
designed to challenge OCD-related maladaptive beliefs.
Consistent with a previous exploratory investigation [24], our
results indicated that 15 days of brief daily training using GGRO
led to significant reductions in OCD-related beliefs. Moreover,
reductions in OCD-related beliefs were maintained for a
follow-up period of 2 weeks. These results provide support for
the stepped-care approach for OCD [8], suggesting that
OCD-related beliefs and symptoms can be reduced using
alternative, low-intensity modes of treatment delivery.
Relative to the waitlist control group in our study, individuals
using GGRO for 2 weeks showed fewer OCD-related beliefs,
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fewer ROCD symptoms, and higher self-esteem. Moreover, the
change after the training was stably maintained after 15 days
(follow-up). Once our waiting list group started using GGRO
(after crossover), participants in this group showed a reduction
in OCD-related beliefs, OCD, and ROCD symptoms.
Interestingly, an exception was partner-focused OC symptoms,
which showed further improvements at follow-up, indicating a
generalization of results and suggesting that the maladaptive
beliefs targeted in GGRO may be particularly relevant to this
ROCD presentation. Indeed, GGRO includes levels related to
partner-value contingency of self (ie, self-esteem that is overly
dependent on the partner’s perceived value [50]), which may
be particularly pertinent to partner-focused ROCD symptoms
[51]
Unexpectedly, OCD symptoms declined in both the iApp and
dApp groups during the initial 2 weeks. Fluctuations in the
intensity of student requirements/evaluations may have
coincided with the time period of our study and attenuated
participants’ OCD symptoms in the waitlist group. Indeed, most
of the student data were collected during the mid-semester, a
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period when students have fewer exams and other evaluations.
Importantly, however, the use of GGRO was associated with a
further reduction in OCD symptoms following the crossover,
thus supporting the efficacy of GGRO in reducing OCD
symptoms.
Consistent with a previous study [24], the levels of depression
did not show any statistically significant change. Indeed, GGRO
was specifically designed to target OCD-related beliefs and
symptoms. GGRO was not designed to challenge
depression-related maladaptive beliefs per se (eg, hopelessness
and helplessness) and therefore does not include content
designed to challenge depression-related beliefs. Considering
that participants’ depression levels were relatively low, this may
explain why the depression symptoms did not show a significant
reduction.
Our findings are consistent with those of previous research
showing the efficacy of CBT-based apps in cognitive and
behavioral change [52,53]. According to these models,
commonly occurring intrusive experiences escalate into
obsessions due to their catastrophic misinterpretations [12].
Strongly held maladaptive beliefs such as perfectionism,
exaggerated importance attributed to the content of thoughts or
their occurrence, and low tolerability for uncertainty increase
the likelihood of such catastrophic interpretations.
The GGRO app evaluated in this study was designed to
challenge maladaptive beliefs associated with OCD. By
introducing users to interpretations that are inconsistent with
their OCD-related beliefs, adherence to such beliefs was
expected to weaken. This, in turn, was expected to reduce
catastrophic interpretations of intrusions and decrease OCD
symptoms. Indeed, previous findings showed that a change in
OCD belief levels among users of GGRO was associated with
a reduction in OCD symptoms further from the OCD symptom
levels before using GGRO [24]. Consistent with this finding,
the results of our study suggest that daily training, which
involved active response from users to catastrophic
interpretations of intrusions and their alternatives, was shown
to lead to a significant reduction in maladaptive beliefs and
associated symptoms.
Although the findings of our study are consistent with the
expectations, our study has some important limitations. The
sample used in our study comprised mainly female students
from the general population. Indeed, the prevalence of OCD
has been observed to be equal between men and women, or
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slightly higher in women [3]. Recent reviews support the utility
of nonclinical participants in OCD-related research [31].
Moreover, initial evidence suggests that the use of the GG
platform with individuals presenting with OCD [54] may reduce
OCD-related beliefs and symptoms. Nevertheless, clinical
populations may be different from nonclinical participants in
symptom-related impairment; the lack of such symptom-related
impairment in nonclinical participants may facilitate reduction
in OCD-related beliefs and symptoms compared to a clinical
population. In addition, the absence of mental disorders was
not confirmed by clinical interviews. Future studies may benefit
from evaluating the usefulness of GGRO in individuals with
OCD.
Previous research using similar methodologies showed dropout
rates comparable to ours [55,56]. We also performed
intention-to-treat analysis with the last observation carried
forward method [45] to prevent overestimation of treatment
effects. Nevertheless, care should be taken in the interpretation
of our results. Future studies may benefit from the use of
additional dropout-reduction strategies (eg, monetary or course
credit compensation).
A great majority of mobile apps designed for OCD are oriented
toward self-applied therapy and track or guide exposure and
response prevention [57,58]. However, their efficacy has not
been empirically demonstrated with controlled studies [23,59].
In this regard, this randomized control study furthers our
knowledge about the efficacy of alternative CBT-delivery
systems for OCD.
GGRO was designed as a brief and easy training platform to
challenge maladaptive beliefs and associated interpretations of
thoughts and events. As such, this platform could complement
traditional CBT interventions as an intersession work or
relapse-prevention tool; thus, it is an instrument at the service
of the therapist, and not a way to replace CBT. Moreover, this
cost-effective and accessible mobile platform could be used in
populations at risk of OCD and related disorders to reduce levels
of maladaptive beliefs. Future studies should assess the
usefulness of similar apps for other symptoms such as body
image distress and depression. Indeed, reducing the levels of
maladaptive beliefs in at-risk populations using cost-effective,
accessible mobile platforms such as the one used in this study
may increase resilience to a wide variety of psychological
disorders. Furthermore, such a platform may be useful for
relapse prevention following treatment.
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Abstract
Background: Providing financial incentives has gained popularity as a strategy to promote weight loss, but questions remain
about how best to utilize them. A promising mobile health strategy provides users with near-real-time financial incentives based
on both the process of weight loss (behavioral modification) and actual weight loss. To maximize the impact of this strategy, a
methodology is needed to close the gap between the desired behavior and the financial incentive. Leveraging mobile health
tools—such as mobile phone apps, cellular body weight scales that transmit data to physicians and researchers, and text messaging
for instructions and encouragement—has the potential to close this gap.
Objective: This study aimed to describe the development of an innovative technology-based solution and lessons learned from
a feasibility trial—Log2Lose—that encouraged individuals to lose weight by providing near-real-time financial incentives for
weight loss and/or dietary self-monitoring.
Methods: We recruited participants (N=96) with a body mass index greater than or equal to 30 kg/m2 for a 24-week weight
loss trial. Participants received a behavioral intervention of biweekly, in-person group sessions and were instructed to log a
minimum number of daily calories in MyFitnessPal and to step on the BodyTrace cellular scale at least twice per week. In a 2×2
design, participants were randomized into 4 groups to receive financial incentives for the following: (group 1) weekly weight
loss and dietary self-monitoring, (group 2) dietary self-monitoring only, (group 3) weekly weight loss only, or (group 4) no
financial incentives. Diet and weight data from the devices were obtained through application programming interfaces. Each
week, we applied algorithms to participants’ data to determine whether they qualified for a monetary incentive (groups 1-3). A
text message notified these participants of whether they met weight loss and/or self-monitoring requirements to earn an incentive
and the amount they earned or would have earned. The money was uploaded to a debit card.
Results: Our custom-engineered software platform analyzed data from multiple sources, collated and processed the data to send
appropriate text messages automatically, and informed study staff of the appropriate incentives. We present lessons learned from
the development of the software system and challenges encountered with technology, data transmission, and participants (eg, lost
connections or delayed communication).
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Conclusions: With consistent and constant validation checks and a robust beta test run, the process of analyzing data and
determining eligibility for weekly incentives can be mostly automated. We were able to accomplish this project within an academic
health system, which required significant security and privacy safeguards. Our success demonstrates how this methodology of
automated feedback loops can provide health interventions via mobile technology.
Trial Registration: ClinicalTrials.gov NCT02691260; https://clinicaltrials.gov/ct2/show/NCT02691260
(JMIR Mhealth Uhealth 2019;7(2):e11972) doi:10.2196/11972
KEYWORDS
weight loss; diet; cell phone; mobile phone

Introduction

Methods

Background

Study Design and Overview

More than one-third of the US population has obesity [1]. There
are significant physical, psychological, and financial
ramifications to this epidemic, including increased risk of type
2 diabetes mellitus, hypertension, and depression and medical
cost burden [2]. Weight loss of at least 5% improves functional
status, decreases blood pressure, and can reduce the incidence
of diabetes by more than 50% over 3 years [3]. Although many
weight loss interventions yield an average weight loss of at least
5%, many individuals still struggle to adhere to such
interventions, reducing the proportion of individuals who
achieve clinically significant weight loss.

This study was approved by the Duke University Medical Center
Institutional Review Board (ClinicalTrials.gov: NCT02691260).
To evaluate feasibility of study processes [11], we recruited
participants (N=96) through community advertisements with a
body mass index greater than or equal to 30 kg/m2 for a 24-week
weight loss feasibility trial in North Carolina, United States.
We sequentially enrolled 3 cohorts (n=34, n=31, and n=31),
each consisting of 4 randomized groups: group 1 received
incentives for dietary self-monitoring and weight loss, group 2
received incentives for dietary self-monitoring only, group 3
received incentives for interim weight loss, and group 4 received
weekly text messages but no incentives. Each group had a mean
of 8.75 participants across the 3 cohorts.

Several efficacious interventions have encouraged weight loss
by offering incentives. However, a key issue that remains is
whether individuals should be offered financial incentives for
weight loss, weight loss behaviors, or both. Few studies have
examined these questions in the context of weight loss [4]. The
few studies that have evaluated incentives for weight loss
provided incentives at the end of the study instead of providing
incentives for weight loss achieved throughout the program in
near real-time when behaviors are being performed [5-9]. This
has led to a considerable gap between health behaviors
performed and receipt of incentives. Furthermore, previous
studies that incented weight loss or dietary self-monitoring did
so during in-person sessions that required individuals to turn in
self-monitoring records and weigh in [4]. This is logistically
feasible but ties the reward to attendance of a specific meeting
[10].

Objectives
On the basis of our hypothesis that rewards need to be proximal
to the reward-winning behaviors and that they should not be
tied to in-person attendance, our team developed an innovative
technology solution—Log2Lose. This mobile health tool
encourages individuals to lose weight by providing
near-real-time financial rewards for weight loss and/or dietary
self-monitoring. This study describes how we approached
developing Log2Lose and refined the technology over time
based on lessons learned. This information can assist others
who are creating similar scalable interventions.
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Participants received a group-based behavioral intervention
focusing on either carbohydrate (cohorts 1 and 3) or calorie and
fat (cohort 2) restriction. Each group met with a registered
dietitian for 1.5 hours every 2 weeks over 24 weeks. All
participants were instructed to record at least 1000 calories
(female) or 1200 calories (male) daily via the MyFitnessPal
mobile phone app 5 or more days per week, including 1 weekend
day, and to weigh themselves at least twice per week on a
cellular digital scale (BodyTrace) that transmitted weights to
researchers. The rationale for the caloric threshold is as follows.
The goal of self-monitoring is to illuminate the discrepancy
between goals and actual behavior so that people can make
changes to align their goals and behaviors [12]. By tracking at
least 1000 or 1200 calories daily, participants will have enough
information about their dietary patterns to inform dietary
modifications. This threshold is slightly lower than the caloric
goal for most people seeking weight loss and allows for small
lapses in tracking. The rationale for weighing at least twice per
week is that there needs to be enough weight data to calculate
weight loss.
Participants in the 3 incentive conditions did not know how
much money they could win in any given week. The maximum
they could receive over the course of the study was US $300,
with a range of US $0 (or $2 in cohort 3) to US $28 weekly. At
the end of each week, we sent a text message notifying each
participant whether she/he had earned an incentive and, if so,
how much. The money was uploaded to a MasterCard debit
card via ClinCard, a payment system for clinical trials [6].
Participants in the no-incentive condition also received a weekly
text message, which encouraged them to self-weigh and log
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their dietary intake in MyFitnessPal. During cohorts 2 and 3,
we sent an additional text message twice a week to participants
with words of encouragement or skill-building tips for weight
loss.

Commercial Software and Hardware Utilized
It is beneficial to utilize commercially available hardware and
software to maximize the potential for scaling weight loss
programs as well as positively affect adoption of interventions.
Using existing solutions allows researchers to capitalize on
work already done by designers, front-end software engineers,
and hardware manufacturers instead of having to design and
develop their own systems. To that end, we utilized products
already on the market to deliver the Log2Lose intervention.
To read and analyze data, we used Prompt (Figure 1) [13], an
integrated digital health platform that can test and disseminate
evidence-based health solutions and improve participant
engagement in clinical and observational studies. Prompt is
designed to send and receive data via multiple modalities (text
message, interactive voice response, email, or application
programming interface [API]). It operates as an interactive,
automated tool to help users self-monitor behaviors; receive
automated, tailored feedback based on performance; and/or
communicate with interventionists. Prompt extends the ability
of clinicians and researchers to design and test innovative
behavioral interventions and to improve participant engagement
in clinical studies. It utilizes tools on Twilio, Heroku, and
Amazon S3 and a range of third-party APIs to send, receive,
and store data. For this study, Prompt aggregated data via APIs
from a dietary app and cellular scale. In addition, it analyzed
data per Log2Lose specifications to perform validation checks
and to compose Log2Lose text messages.
To retrieve near-real-time diet data, we asked all participants
to download the MyFitnessPal and Fitbit dietary tracking apps
on their mobile phones. We chose to use the MyFitnessPal app
for participant tracking because it provided the appropriate
carbohydrate counting interface needed for this study in addition
to calorie tracking, whereas Fitbit did not. During the study
period, MyFitnessPal did not have an open API (ie, it did not
offer an open connection to other software apps). However,
MyFitnessPal could share data with the Fitbit app. As a
workaround to obtain MyFitnessPal data, we accessed the
needed data from the Fitbit API. Study staff helped each
participant link his or her MyFitnessPal and Fitbit accounts to
each other (linking is a feature on each mobile phone app).
Participants added their personal profiles to Prompt, and study
staff connected their Prompt profiles to their Fitbit accounts
using Open Authorization, a secure authorization protocol.
To retrieve body weight measurements, we provided each
participant with a BodyTrace digital scale. These scales transmit
readings via cellular service to researchers. We then connected
the scale ID to participants’ Prompt profiles. The BodyTrace
scale, which connects to a cloud-based database, was chosen
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for use in this study because (1) it does not require a complicated
setup (ie, does not need to be manually connected to a Wi-Fi
network); (2) broadband access is not yet ubiquitous across
semirural and rural parts of North Carolina, making it possible
to use the scale throughout the state; (3) BodyTrace has an open
API and provides research staff access to a back-end database,
which enables direct collection of data from BodyTrace servers;
and (4) it allowed staff to investigate any issues using the
BodyTrace back-end database. Although participants were told
to weigh themselves at least twice per week (preferably at the
beginning and end of each week to maximize weight differences)
to permit calculation of weekly weight loss, they were
encouraged to weigh daily because individuals who weigh daily
tend to lose more weight than those who weigh less frequently
[14]. Prompt collected weights daily via the BodyTrace API
and time stamped and stored them in a database. Of note,
participants could game the system on their home BodyTrace
scale by having someone else weigh in for them or by not
putting all their weight on the scale. Therefore, our software
algorithm detected weights in a single day with a difference
greater than 10% and removed those weights to provide some
assurance that the measurements came from the same person.
Study staff received access to a multi-factor authentication and
password-protected user interface (UI) specifically designed
for Log2Lose. This UI allowed staff to view participant
information, a list of participants who met the study criteria, a
list of participants who earned incentives each week, and the
incentive amounts. Although the system automatically analyzed
the data and determined who qualified for incentives, because
of institutional protocols, study staff had to request money
transfers, and a financial administrator had to approve them.
This created a delay of approximately 1 day between notification
of incentive via text message and receipt of the money on the
debit card. Research staff instructed participants on how to use
MyFitnessPal and the BodyTrace scale. Participants received
tip sheets to help them resolve common error messages that
might appear on the digital scale. Research staff were trained
to troubleshoot the devices.

Development of Algorithms to Capture Data
The study design required customized algorithms to collect and
analyze data from disparate sources. More than 100 individual
algorithms were developed and run automatically, which
addressed 2 streams of data (diet app and scale) used differently
across 4 randomized groups and differences in payments every
week for 24 weeks. Incentives were calculated each week based
on the following criteria: (1) whether the participant was
sufficiently active based on his or her transmission of data that
week; (2) the study week, which determined the incentive
amount; (3) the group to which the participant belonged; and
(4) whether the participant met the applicable criterion (Table
1).
As 1 validation check, at the end of each week, Prompt reviewed
all active participants who were due for an incentive calculation.
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Figure 1. The custom-engineered software platform known as Prompt.

Table 1. Incentive requirements.
Data source

Requirement for incentive

MyFitnessPal

Log at least 1200 calories for men and 1000 calories for women 5 or more days per week, including 1 weekend day

BodyTrace

Any amount of weight loss, which is calculated as the difference between the first and last weight on the previous 7 days

Prompt

Participant status=active

For each participant, Prompt read the incentive schedule, the
group assignment for that participant, and the diet and/or weight
loss results for that week. Prompt then displayed on the UI
whether each participant who was due for an incentive qualified
for one and, if so, how much. As a second validation check,
study staff reviewed the UI at the end of each week to ensure
participants qualified or did not qualify for an incentive. They
then edited, approved, or did not approve an incentive. Within
24 hours (longer over holidays), the research assistant then
scheduled payment of the incentive.
The weekly messages—written and scheduled before the study
launched—corresponded with all possible scenarios a participant
could face each week. For example, in groups 1-3, participants
who met the criteria for an incentive in a particular week
received the following message: “Great job on [logging your
food and/or losing weight] this week! $[XX] will be added to
your debit card. Keep up the good work!,” whereas participants
who did not meet the criteria for an incentive in a particular
week received the following message: “You did not [log your
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food or lose enough weight] this week. If you had, you would
have earned $[XX]. Please log your food and lose weight for a
chance to earn money.” The message to participants who did
not meet the criteria emphasized loss to enhance loss aversion
[15]. Information in brackets was tailored by week and by the
group to which participants belonged. These messages were
160 characters or less so that they appeared in a single message
instead of breaking into 2 messages on mobile phones. They
were loaded into Prompt and matched to the incentive
requirement thresholds. We performed quality assurance testing
to validate the message content and timing before the study
began.
Participants also received a text message reminder to attend
their in-person group session via Prompt. Study staff also sent
a message to participants to let them know if there was a
cancellation or class rescheduling because of weather. All
participants in each condition received the same reminders.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11972 | p.329
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Results
Technical Issues Encountered by the Research Team
Log2Lose successfully and consistently automated analysis of
incoming data, applied algorithms to those data, and composed
and sent text messages on a predetermined schedule. Study staff
maintained weekly logs of the technical assistance they provided
to participants. From enrollment to completion, technical
assistance was needed in screening participants for the
appropriate cell phone, aiding with the devices and apps, and
running Prompt. Many of the technical issues involved not
receiving data from the software apps or devices or being unable
to connect to third-party software servers to collect data.
One challenge we encountered was that the cellular scale could
only transmit data where a cellular signal existed. Thus, we
could not know if data would transmit until after participants
enrolled in the study and placed the scales in their homes.
Fortunately, this only affected a handful of participants, who
were able to move the scale to other locations in their homes
for the scales to work.
Another challenge we encountered is that, by the time cohort 3
began, cellular service companies began shutting down 2G
networks. A few of our scales were still transmitting on the 2G
network, and we had to exchange them for new models.
Nevertheless, similar issues could have occurred if we used
Bluetooth- or Wi-Fi-enabled scales. As technology evolves, it
is a challenge to predict when older technology will be phased
out. This unanticipated cost delayed incentives for some
participants by a couple of weeks. One lesson learned is that,
if technologies are going to be used over a period of time, then
they should be bought in batches rather than during study
start-up. A couple of participants also stated that they did not
like the design of the scale in that they had to turn it on by
tapping it before stepping on. This was necessary to tare the
scale.
There were also a handful of issues with message formatting.
Several times, messages were sent out on different days and at
different times than indicated in the protocol because of human
error by a member of the research team or a participant. A full
description of challenges and solutions is presented in Table 2.

Patient Acceptability of Technology Solution
Following the intervention, we asked participants to complete
a survey regarding their experiences with the technologies.
Table 3 describes the questions we asked regarding the diet app
and scale. According to self-report, more than half of
participants tracked their diet and weight loss over the 6-month
study, although participation decreased over time. Participants
also reported reading the incentive text messages, and, for the
most part, immediately upon receipt.
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When comparing follow-up survey responses with the
corresponding app data, we found that self-reports generally
were consistent. Among the 77 participants for whom follow-up
survey responses were available, 18 (18/77, 23%) had no
recorded diet app data (Table 3), 14 (14/77, 18%) overestimated
the timeframe during which they tracked their diet on the app,
and 15 (15/77, 19%) underestimated it. The 46 (46/77, 60%)
participants who reported using the BodyTrace scale “every
day” averaged 5.4 days per week (SD 1.6) according to the
cellular data, the 28 (28/77, 36%) who reported “more than once
a week, but not every day” averaged 3.5 days/week (SD 1.5),
and the 2 (2/77, 3%) who reported “less than once a week”
averaged 1 day a week (SD 1.3). These data suggest high but
decreasing adherence to instructions to weigh regularly (at least
twice per week) and to log food and drink in MyFitnessPal.
After the study, we interviewed a subset of participants (n=33)
from each cohort to ask about their experiences. We
purposefully selected individuals who had lost at least 5% of
their body weight and those who did not. When asked about
their experiences using the cellular scale, most participants
stated satisfaction with the scale throughout their use or after a
period of adjustment. A few participants said they did not like
the scale and did not trust the weight readings because they
varied too much day to day. Other individuals reported that the
scale was difficult to use at first but that they got used to it.
Another complaint was that the scale had to be kept on an even
surface. If the scale was placed on an uneven surface, such as
carpet, weights were inaccurate. We instructed participants at
baseline to place the scale in a place with even surfaces, yet this
was still a challenge at times. Furthermore, 1 participant had to
exchange a scale 2 times because of unknown issues; these were
returned to the manufacturer. Regarding the self-monitoring
process, participants mentioned weighing less frequently because
they did not enjoy daily weighing or that they became
unmotivated when not seeing significant weight loss.
We also asked participants about their experiences using
MyFitnessPal. Although 1 individual chose to use paper instead
(which would have eliminated them from an incentive for
recording food), most participants stated that they liked
recording in the app. The most common feature that participants
liked was the ability to use the bar scan for commercially
available products. However, that was not always possible. If
participants went to a restaurant or someone else cooked, they
did not always know what ingredients were in the food, making
it challenging to record in the app. Complaints from participants
who did not use the app were as follows: did not need to use
the app because they already knew the calorie content of food,
did not like the design of the app, and too many food choices
in the app made scrolling difficult.
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Table 2. Log2Lose software troubleshooting.
Issue type

Example of issue

Potential problem

No data

No diet data; no weight data; and
Participant has a previous account
incentive text messages do not pop- and could not remember the passulate in Prompt
word; participant is not tracking or
weighing; data are not transmitting
from the device or app to server;
data are not transmitting from server
to Prompt; user accounts are not
connected correctly; and programming bug in Prompt

Retrain participant on correct tracking methods; check connection between device/app and third-party
server; check APIa and Prompt
connections; reconnect user accounts; and check and resolve bugs
in Prompt

Incorrect information sent to partic- Minor formatting errors in text
Bugs in algorithms and bug in
ipants
messages; incorrect incentive
Prompt
amount listed in text message; messages sent out at different days/times
than indicated in the protocol; and
text messages do not populate in
Prompt

Fix/edit original protocols and implement change in Prompt code; manually override information and manually edit and send text messages;
and fix bug in Prompt and test fix

Prompt user interface unavailable

Staff entering incorrect password
and bugs in Prompt

Reset passwords and fix bug, test,
and implement

Prompt reported an error retrieving
data from cellular scale and/or Fitbit
APIs; participant not tracking; errors
appear on the scale; and bugs in
Prompt

Check connection between device/app and server; check APIPrompt connections; and resolve
bugs in Prompt and test fixes and
implement fixes

Staff unable to log in to user interface

Connection error (device/app to the Participant tracks in MyFitnessPal,
third-party server, to the API, or to but data are not viewable in Fitbit
Prompt)
server, and participant says that
she/he weighs, but weight does not
show up in server
a

Solution or solutions implemented

API: application programming interface.

Table 3. Postintervention survey questions.
Question (n=77)

a

Count, n (%)

Count, n (%)

Count, n (%)

Count, n (%)

Count, n (%)

Count, n (%)

For how long did
1 month or less, 6
you track what you (7%)
ate and drank during this study?

Up to 2 months, 9
(11%)

Up to 3 months, 4
(5%)

Up to 4 months, 9
(11%)

Up to 5 months, 6
(7%)

All 6 months, 43
(55%)

I tracked it (diet)
Never, 2 (2%)
with the MyFitnessPal app on my cell
phone

Rarely, 5 (6%)

Sometimes, 9
(11%)

Often, 11 (14%)

Always, 50 (64%)

—a

I tracked it (diet)
Never, 70 (90%)
with a different app
on my cell phone

Rarely, 1 (1%)

Sometimes, 3 (3%) Often, 2 (2%)

Always, 1 (1%)

—

How often did you Every day, 46
use the BodyTrace (59%)
scale to weigh
yourself during the
study?

More than once a
Less than once a
week but not every week, 3 (3%)
day, 28 (36%)

—

—

—

Indicates there were no answers to select from.

Discussion
Principal Findings
Innovative methods are needed to assist individuals in losing
weight and maintaining weight loss. As weight loss is a daily
undertaking, interventions that reward individuals closer in time
to when weight loss behaviors occur are more likely to be
effective than those that delay rewards [16]. Incentivizing
individuals based on their weight loss behaviors in their daily
environments is possible via use of mobile phone technology.
This study demonstrates that it is feasible to engage in regular
incenting for diet and weight loss in individuals’ daily
http://mhealth.jmir.org/2019/2/e11972/
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environments. Although our team incentivized participants with
money, many other types of incentives could be transmitted
through software systems, including, but not limited to, coupons,
discounts, or home delivery of products. In addition, other types
of streaming data could be collected from wearable sensors,
phone-tethered devices, and sensors placed in the environment.
Our system was sophisticated in its ability to analyze data from
multiple sources, to collate and process data to put into
appropriate text messages, and to inform study staff of the
appropriate incentives. In this development phase of our
research, staff spent time monitoring incentives weekly and
approving payments. Through our experiences and lessons
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learned, we anticipate that future versions of the software will
be more automated. If the software can apply incentives
securely, appropriately, and automatically, then it can reduce
the potential for human error as well as costs.
We approached this feasibility study from a developmental
standpoint, anticipating frequent corrections to the algorithms
and technology platforms. Despite the need for validation checks
and test runs, we were able to develop this system in only 4
months. We quickly recognized the importance of having
processes in place to help participants resolve bugs and other
issues. One of the most important lessons learned is that
although we were not able to process incentives immediately
because of institutional requirements for processing payments,
our system enables this to be achieved in environments with
less restrictions. Thus, we have created a methodology that will
allow for widespread scaling and dissemination.

Limitations
First, because this intervention required in-person group
meetings, participation was limited to individuals who live close
to the medical center. Although research indicates interventions
with in-person contact are more efficacious for weight loss [17],
requiring continuous in-person contact may affect dissemination
potential. Second, because this intervention required a mobile

Shaw et al
phone with a data plan, access was limited to individuals with
a mobile phone and financial means. More than 77% of
Americans own mobile phones, and ownership is greater among
racial minorities [18]. Third, this study required participants to
use diet apps that only work on certain brands of mobile phones,
eliminating individuals with less common models of phones
(ie, Jitterbug). Fourth, participants may not have recorded dietary
intake accurately. As we are focusing on the process rather than
the content of recording dietary intake, we believe that incenting
this behavior will result in improved outcomes [4]. Finally,
because the maximum value of incentives was the same in all
3 incentive conditions, participants in the combined incentive
group received half the reward for each singular behavior than
the other 2 groups that only rewarded one behavior.

Conclusions
The study design allowed us to evaluate the feasibility and
acceptability of incentivizing dietary self-monitoring on a mobile
phone app. These results provide the foundation for a
comprehensive, randomized controlled trial to evaluate the
impact of incentivizing dietary self-monitoring and weight loss.
Due to the proliferation of mobile phones [18] and the increased
availability of wireless scales at a more affordable price, this
approach looks promising to aid individuals trying to lose weight
or maintain weight loss.
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Abstract
Background: While widely used and endorsed, there is limited evidence supporting the benefits of activity trackers for increasing
physical activity; these devices may be more effective when combined with additional strategies that promote sustained behavior
change like motivational interviewing (MI) and habit development.
Objective: This study aims to determine the utility of wearable activity trackers alone or in combination with these behavior
change strategies for promoting improvements in active and sedentary behaviors.
Methods: A sample of 91 adults (48/91 female, 53%) was randomized to receive a Fitbit Charge alone or in combination with
MI and habit education for 12 weeks. Active and sedentary behaviors were assessed pre and post using research-grade activity
monitors (ActiGraph and activPAL), and the development of habits surrounding the use of the trackers was assessed postintervention
with the Self-Reported Habit Index. During the intervention, Fitbit wear time and activity levels were monitored with the activity
trackers. Linear regression analyses were used to determine the influence of the trial on outcomes of physical activity and sedentary
time. The influence of habits was examined using correlation coefficients relating habits of tracker use (wearing the tracker and
checking data on the tracker and associated app) to Fitbit wear time and activity levels during the intervention and at follow-up.
Results: Regression analyses revealed no significant differences by group in any of the primary outcomes (all P>.05). However,
personal characteristics, including lower baseline activity levels (beta=–.49, P=.01) and lack of previous experience with pedometers
(beta=–.23, P=.03) were predictive of greater improvements in moderate and vigorous physical activity. Furthermore, for individuals
with higher activity levels at the baseline, MI and habit education were more effective for maintaining these activity levels when
compared with receiving a Fitbit alone (eg, small increase of ~48 steps/day, d=0.01, vs large decrease of ~1830 steps/day, d=0.95).
Finally, habit development was significantly related to steps/day during (r=.30, P=.004) and following the intervention (r=.27,
P=.03).
Conclusions: This study suggests that activity trackers may have beneficial effects on physical activity in healthy adults, but
benefits vary based on individual factors. Furthermore, this study highlights the importance of habit development surrounding
the wear and use of activity trackers and the associated software to promote increases in physical activity.
Trial Registration: ClinicalTrials.gov NCT03837366; https://clinicaltrials.gov/ct2/show/NCT03837366
(JMIR Mhealth Uhealth 2019;7(2):e10988) doi:10.2196/10988
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Introduction
Wearable technology remains popular [1], with industry experts
projecting continued growth of the consumer sector [2,3].
However, despite widespread use, the utility of wearable activity
trackers for improving physical activity (PA) is equivocal as
highlighted in several reviews [4-6]. Thus, an important
behavioral consideration is to determine how to optimally use
the feedback from these monitors to most effectively facilitate
behavior change.
Reportedly, activity trackers may be more effective when
combined with additional behavior change strategies [7]; several
studies have explored this possibility by testing the added
benefits of education-based counseling and goal setting [8], as
well as by integration with short message service text messaging
and incentives through mobile health apps [9-11]. However,
these strategies have not markedly enhanced the effectiveness
of trackers. While a variety of additional strategies may be able
to address this need, a recent review [12] concluded that
monitors are more likely to be effective if they are accompanied
by coaching or counseling from personnel with expertise in
promoting behavior change.
This study aims to evaluate this recommendation by assessing
the utility of a low-dose health coaching intervention to enhance
outcomes associated with the use of wearable trackers. A
low-dose coaching format was chosen as this would be more
cost-effective and, thus, more suitable for broader translation
through mobile health apps. The health coaching was based on
the principles of motivational interviewing (MI). The use of MI
offers advantages for clinically based health coaching, as it is
designed to help build intrinsic motivation for behavior change
[13]. In addition, MI has been widely used to positively
influence behavior with notable apps for PA in several large
intervention trials [14,15] and has been shown to improve
adherence to and retention of health behaviors when combined
with other behavior change strategies [16]. A novel aspect of
our evaluation is in assessing whether MI-based coaching can
promote more effective behavior change, incorporating the use
of activity trackers. We hypothesized that those receiving health
coaching along with their tracker would have greater
improvements in PA and sedentary behavior than those receiving
the tracker alone.
In concert with the MI-based approach, we also used
contemporary theories of habit formation to promote and
evaluate participants’ adoption and use of the trackers and the
relationship of these behaviors to PA and sedentary time. A
habit has been defined as “a goal-directed sequence of actions
that becomes automatic in response to learned, contextual cues”
[17]. Though evidence has demonstrated that the development
of habits can be involved in adoption and adherence to PA
behaviors [18-21], studies, to date, have not specifically used
habit theory to understand or promote PA along with activity
tracker usage. The development of habits surrounding the tracker
and associated app, such as regular wear of the monitor and
https://mhealth.jmir.org/2019/2/e10988/
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checking data at a time where PA could be performed (eg,
during the lunch hour), could lead to more consistent use and
promote sustained improvements in activity levels.
Existing theory and empirical findings from observational
studies showed that behavior change occurs in 2 distinct action
phases—a motivational phase, which results in the formation
of a behavioral goal or intention, and a volitional phase, which
results in the enactment of behavior once a goal or intention is
formed [22-25]. MI in combination with habit formation may
enhance both initial motivation and the completion of the
volitional phase of behavioral action (ie, carrying through with
one’s intentions, over time). Thus, as a secondary hypothesis,
we anticipated that individuals receiving health coaching would
establish stronger habits than those receiving an activity tracker
alone and that greater habit development would be associated
with the more consistent use of the tracker and more positive
outcomes. The systematic evaluation of strategies to enhance
the utilization of wearable trackers is an essential step in the
more effective use of these devices in behavioral research.

Methods
Participants
All procedures were approved by the relevant Institutional
Review Board. Participants were recruited from the campus
community using electronic mailing lists. The inclusion criteria
were as follows: aged 24-65 years; regular access to a computer
or smartphone; and a willingness to wear an activity tracker for
the study duration. The exclusion criteria were we as follows:
current use of an activity tracker; the presence of health
conditions that prevented safe engagement in PA; current
participation in a structured exercise program; or self-reported
activity levels sufficient to meet the aerobic component of PA
guidelines of 150 minutes of moderate or 75 minutes of vigorous
activity per week.

Procedures
This study was designed as a feasibility trial [26] to refine
methods prior to implementation in larger clinical trials. The
protocol involved 3 laboratory visits and 2 phone calls over 3
months (Figure 1). Data were collected in 5 cohorts, ranging
from 15 to 20 participants each. The first 3 began in summer,
and the fourth and fifth began in the fall. No cohorts started or
finished within 1 week of a major holiday. Prior to data
collection, participants read and signed the informed consent
document and completed the Physical Activity Readiness
Questionnaire [27] to assess eligibility. Participants then
completed a demographic questionnaire, and the International
Physical Activity Questionnaire [28] was given in interview
format to further determine eligibility. Participants who
self-reported being sufficiently active to meet guidelines (n=2)
were excluded from remaining study procedures.
To characterize the sample, blood pressure and heart rate were
assessed with an automated blood pressure monitor (Omron
HEM712C; Omron Healthcare, Inc, Hoffman Estates, IL, USA).
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Figure 1. Timeline of study procedures.

While height was measured using a standard stadiometer, weight
and body composition were estimated using bioelectrical
impedance (InBody 720; InBody, Cerritos, CA, USA). Two
research-grade activity monitors (described below) were then
provided for participants to wear for 1 week to obtain baseline
measures of PA and sedentary behaviors. Participants were
verbally encouraged to behave as usual during this baseline
assessment, and visits were rescheduled if participants indicated
that the week would likely be unrepresentative of their typical
behavior patterns owing to travel, illness, or other obligations.
Following the baseline monitoring period, participants were
randomly assigned to receive a Fitbit alone (FB) or in
combination with MI and habit education provided by a trained
health coach (FB+). The FB group was intended to be
comparable to a real-world setting wherein individuals purchase
and utilize activity trackers on their own. Regardless of group
assignment, all participants received a Fitbit Charge wrist-worn
activity monitor and were instructed to use it at their discretion
for the duration of the 3-month intervention. The study staff
assisted participants in setting up a Web-based Fitbit account
and demonstrated features of the Fitbit itself and the associated
computer software and app (eg, logging food, dashboard
displays, and alarms). In addition, participants assigned to the
FB+ group discussed their self-determined goals regarding PA
and principles of habit formation with a trained staff member.
Habit education included a brief definition of habits and their
relevance for sustained behavior change, followed by working
with participants to determine salient cues to remember to wear
their Fitbit and regularly check their data on the Fitbit itself and
through the app at a time when PA was feasible. During the
3-month intervention, behaviors were monitored through
Fitabase software (Small Steps, Inc; San Diego, CA, USA) as
a measure of implementation, including metrics for Fitbit wear
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time and use and to track PA behaviors (eg, steps/day)
throughout the intervention.
During the fourth and eighth weeks of the study, all participants
were contacted by phone for a brief (~10-30 minute)
conversation regarding their experience using the Fitbit; this
included likes, dislikes, and any technical difficulties they were
experiencing. In addition, individuals in the FB+ group revisited
their self-selected PA goals and motivation for change. After
12 weeks, during which participants still had access to their
Fitbits, the same research-grade PA monitors were distributed
to assess behavior change. Participants then returned to the lab
for their final visit, repeating all baseline assessments and
completing a measure of habit strength surrounding the use of
the Fitbit and associated software (described below).

Measures
Evaluation of Physical Activity and Sedentary Time
Pre- and postintervention, PA and sedentary behaviors were
assessed objectively using ActiGraph GT3X+ (ActiGraph, LLC,
Fort Walton Beach, FL, USA) and activPAL3 (Physical Activity
Technologies, Glasgow, UK) activity monitors. Participants
were instructed to place the ActiGraph on the hip using the
elastic belt and the activPAL on the midline of the thigh on
either leg. For both monitors, participants were instructed to
wear them during all waking hours, except when bathing or
swimming. To accompany the monitors, participants were given
a log sheet and asked to record time on or off for each monitor
and waking hours (eg, sleep and wake times).
The ActiGraph and activPAL data were initially processed using
proprietary software (ActiLife 6.13.3 and Performance Analysis
of Logs Analysis 7.2.32) with outputs at the 1-second epoch.
These data were then integrated through their timestamps and
further analyzed using the Sojourns Including Posture method
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[29]. The Sojourns Including Posture method has been shown
to provide a high-level validity for the full range of behaviors
from sedentary to vigorous in comparison to direct observation
and indirect calorimetry [29]. The output from this processing
method was used to calculate the primary outcomes for the
study, including average steps, minutes of moderate-to-vigorous
intensity PA (MVPA; total and in 10-minute bouts) and
sedentary time (total and in 30-minute bouts) per day. Change
scores for these metrics were calculated by subtracting baseline
scores from follow-up scores, and percent changes were then
calculated
using
the
following
formula:
[(follow-up–baseline)/baseline]×100.

Evaluation of Habit Formation
The habit development was assessed postintervention using the
Automaticity Subscale from the Self-Reported Habit Index
(SRHI) [30]. The SRHI was designed to be flexible such that
it can be used with a variety of potentially habitual behaviors
to fit study needs and has been shown to predict PA behaviors
[31]. The Automaticity Subscale includes 4 of the 12 items from
the full questionnaire and has been validated as a measure of
habitual behavior [32]; each item is scored on a 5-point Likert
scale with anchors ranging from strongly agree to strongly
disagree. Behaviors in question are used as the stems of
sentences that are followed by the 4 automaticity-related
sentence endings. The behaviors assessed in this study were
wearing the Fitbit, checking data on the Fitbit itself, and
checking data on the Fitbit software or app. Thus, participants
were asked to indicate the extent to which they agreed with
statements like “Wearing my Fitbit is something I do without
thinking” and “Using the Fitbit mobile app is something I start
doing without realizing I’m doing it.” Scores on this measure
are summed across the 4 items to create an automaticity index
for each behavior. In this study, each of the 3 behaviors noted
above was examined separately and a habit automaticity total
was also created by summing the totals from each of the separate
behaviors.

Physical Activity Behaviors During the Intervention
Fitbit wear, as well as activity levels, were monitored during
the study using the Fitabase software mentioned above. The
data from Fitabase were downloaded in 1-minute epochs and
summarized to determine the frequency for wearing the tracker,
as well as accumulation of daily steps and minutes of MVPA
averaged over each week of the intervention. A valid monitor
wear day was defined as accumulating steps during, at least, 10
hours/day, indicating that the monitor was being worn. Days
on which the Fitbit was worn for <10 hours were excluded from
analyses. Thus, metrics of interest (eg, average steps/day) were
calculated using only days with sufficient wear time.
Participants’ wear time, daily steps, and minutes of MVPA were
tracked throughout the 12 weeks to enable indicators of habit
to be directly related to the objective data.

Statistical Analyses
Descriptive statistics were used to characterize the sample with
regards to demographic variables, as well as baseline PA and
sedentary behaviors. Group differences at baseline were
analyzed using chi-square tests for categorical variables and
https://mhealth.jmir.org/2019/2/e10988/
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independent-samples t tests for continuous variables. In addition,
data from Fitabase were examined descriptively to assess
behavior and use of the monitors during each week of the study.
Data were then compared between groups using independentsamples t tests for each week of the intervention.
To examine the influence of the MI-based health coaching on
outcomes related to active and sedentary behaviors, we first
descriptively compared within- and between-groups changes
using effect size calculations (Cohen d). To examine the
influence of baseline levels of activity on the effects of the FB
or in combination with MI, the sample was also further
subdivided into high and low active with 7500 steps/day at the
baseline, serving as the cutoff point based on the established
range for being considered “active” from Tudor-Locke et al
[33]. Outcomes for steps, MVPA, and sedentary time were again
compared within these subgroups using effect size calculations.
Finally, a series of linear regression analyses were performed
for various outcomes (eg, steps, minutes of MVPA, and
sedentary time) with percent change as the dependent variable
in each analysis. Predictors were group, study cohort, age,
gender, BMI, previous pedometer use, and baseline value of
the selected outcome variable. In addition, an interaction term
between the group and baseline level of each outcome variable
was included in each analysis; values for baseline activity levels
were centered around the grand mean prior to calculation of
this term. The alpha level was set at .05 for all analyses.
To evaluate the impact of habit formation on outcomes, we first
compared group scores on the SRHI Automaticity Subscale for
each of the 3 Fitbit-related habits using independent-sample t
tests. For descriptive purposes, participants were also divided
into those with high and low habit strength based on a median
split of total Automaticity scores (across the 3 behaviors). Then,
wear time (average valid wear days/week) was plotted over the
course of the intervention. Finally, as individuals in both groups
reported developing habits surrounding their Fitbits, correlation
coefficients were calculated across all participants to examine
associations among habit formation scores (eg, Automaticity
scores for each of the 3 habits, including wearing the Fitbit,
checking data on the Fitbit, checking data on the app, and the
habit total score), FB usage averaged across the intervention
period, for example, wear time and activity (eg, steps/day), and
the active and sedentary behavior-related outcomes at follow-up.

Results
Participants were primarily white, college-educated, and
overweight. As shown in Table 1, groups were similar with
respect to basic demographic characteristics and resting heart
rate and blood pressure. In addition, groups were similar in their
active and sedentary behaviors at the baseline, as shown in Table
2.
Across the 12 weeks of the study, participants in both groups
decreased the number of days/week the Fitbit was worn, with
more notable declines in the final weeks (Figure 2). Similarly,
even on days when the Fitbit was worn, steps/day during the
intervention (measured via the Fitbit) decreased toward the end
of the intervention period. There were no significant group
differences at any time-point in any of these measures.
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Table 1. Baseline participants’ characteristics.
Characteristics

Full sample (n=91) Fitbit plus motivational inter- Fitbit alone (n=46) Group differences,
viewing and habit education
P value
(n=45)

Age in years, mean (SD)

41.7 (9.3)

41.1 (9.2)

42.2 (9.4)

.56

Male, n (%)

43 (47)

20 (44)

23 (50)

.68

Education with college degree, n (% )

87 (97)

43 (96)

44 (96)

.83

Married, n (%)

73 (80)

36 (80)

37 (80)

.77

Income>50,000/year, n (%)

79 (87)

38 (84)

40 (87)

.69

White individuals, n (%)

72 (79)

33 (73)

39 (85)

.44

Employed full-time, n (%)

88 (97)

43 (96)

46 (100)

.34

Previous pedometer use reported as yes, n (%)

36 (40)

17 (38)

19 (41)

.83

Heart rate (bpm), mean (SD)

70.5 (11.6)

70.9 (11.9)

70.1 (9.1)

.74

Systolic blood pressure (mm HG), mean (SD)

121.7 (16.5)

12.1 (17.5)

123.2 (15.6)

.37

Diastolic blood pressure (mm HG), mean (SD)

76.5 (12.5)

74.9 (13.6)

78.1 (11.2)

.24

Height (cm), mean (SD)

171.9 (8.5)

17.9 (9.13)

172.8 (7.7)

.40

Weight (kg), mean (SD)

87.8 (21.4)

82.7 (21.4)

9.5 (18.9)

.21

Body mass index, mean (SD)

29.6 (6.3)

28.7 (6.3)

3.4 (6.2)

.20

% Body fat, mean (SD)

34.8 (8.2)

34.1 (9.0)

35.5 (8.6)

.43

Blood pressure

As shown in Table 2, results comparing outcomes from pre to
post demonstrated that participants in FB+ had small
improvements in steps/day and MVPA in bouts of, at least, 10
minutes, while participants in FB had small decreases in steps
per day and MVPA. For sedentary time, FB+ had small
increases, and FB had small decreases. These changes were all
nonsignificant. Effect size calculations comparing changes
between groups showed that group differences in change over
the intervention were also small in magnitude (drange=0.13-0.29).
However, the effectiveness of the intervention was variable
among participants with some individuals improving markedly
and others decreasing activity levels over the 12-week period,
as highlighted by the large SDs for change scores shown in
Table 2.
This variability was partially explained when participants were
further subdivided into high and low active using their baseline
activity levels, as shown in Figure 3. Effect size calculations
demonstrated that participants assigned to FB, who were low
active at baseline (shown in the gray striped bars) had moderate
improvements in both active and sedentary behaviors over time
(drange=0.36-0.66). Those who were high active at baseline
(shown in the solid gray bars), however, became less active and
more sedentary across the 3 months (drange=0.18-0.95). A
comparison of these changes within the FB group demonstrated
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that activity status at baseline had a moderate to large effect
(drange=0.46-1.23) on the benefits of using FB. Differences
within the FB+ group (shown in the solid and striped black bars)
based on activity level at baseline were small in magnitude
(drange=0.02-0.46) and generally favored the lower active group
for variables related to PA and the higher active group for
variables related to sedentary time.
Table 3 presents results from the linear regression analyses.
Regressions demonstrated no significant difference in any of
the primary outcomes (all P>.05) between the FB+ and FB
groups. With respect to individual differences, lower baseline
steps/day significantly predicted increases in daily steps over
the intervention (P=.002). In addition, the interaction term
(Group×Baseline steps; P<.001) was statistically significant.
Specifically, as illustrated in Figure 3, participants with higher
steps at baseline benefited more from being assigned to the FB+
group than the FB group. For changes in MVPA, significant
predictors were previous experience with a pedometer (P=.03),
and baseline minutes of MVPA (P=.01). Participants with no
previous pedometer experience and lower levels of baseline
MVPA showed greater improvements. For changes in sedentary
time, the only significant predictor was baseline levels of
sedentary time, such that participants with higher baseline levels
of sedentary time had greater decreases in sedentary time
postintervention (P=.003).
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Table 2. Within- and between-groups comparisons of active and sedentary behaviors assessed using ActiGraph and activPAL monitors over the
intervention.
Comparisons Fitbit plus motivational interviewing and habit education Fitbit alone

Between-groups
effect size for
change (Cohen d)

Baseline,
mean (SD)

12 weeks,
mean (SD)

Changea
(post-pre),
mean (SD)

Within-group
effect size
(Cohen d)

Baseline,
mean (SD)

12 weeks,
mean (SD)

Changea
(post-pre),
mean (SD)

Within-group
effect size
(Cohen d)

Average
steps/day
(n=91)

7496.88
(2895.94)

7574.38
(3499.38)

77.50
(2293.78)

.02

7519.60
(2259.13)

7221.80
(2106.18)

–297.80
(2658.84)

0.14

0.15

Average
minutes of

68.57
(3.93)

68.91
(31.51)

.35 (3.96)

.13

75.06
(23.41)

69.93
(21.74)

–5.12
(24.40)

0.06

0.20

Average
minutes of
MVPA in
10+ min
bouts/week
(n=81)

77.99
(118.83)

93.16
(122.95)

15.17
(122.86)

.13

86.19
(78.99)

81.13
(77.55)

–5.07
(87.51)

0.17

0.19

Average
minutes of
sedentary
time/day
(n=91)

550.69
(102.74)

563.81
(106.53)

13.11
(99.68)

.14

547.96
(106.52)

529.94
(111.61)

–18.02
(112.82)

0.04

0.29

Average
minutes of
sedentary
time in 30+
min bouts
(n=91)

290.63
(128.34)

308.63
(127.37)

18.00
(88.41)

.01

279.35
(117.62)

284.22
(103.72)

4.87
(115.27)

0.23

0.13

MVPAb/day
(n=81)

a

Positive values for change scores indicate an increase from pre- to postintervention.

b

MVPA: moderate-to-vigorous intensity physical activity.
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Figure 2. Wear data and steps collected from the Fitbit via Fitabase during the 12-week intervention. FB+: Fitbit plus motivational interviewing and
habit education; FB: Fitbit alone.
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Figure 3. Within- and between-group comparisons of changes in active and sedentary behaviors measured via ActiGraph and activPAL pre-post based
on original grouping (FB+, FB) and baseline activity level. Positive values for change scores indicate an increase from pre- to postintervention. FB+:
Fitbit with motivational interviewing; FB: Fitbit alone.
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Table 3. Results from the regressions examining predictors of change in active and sedentary time measured using ActiGraph and activPAL monitors.
Independent variables

Dependent variables: percent change across the intervention
Δ Steps

a

Δ Sedentary time

Δ MVPAa

Standard beta

P value

Standard beta

P value

Standard beta

P value

Group

.01

.89

–.06

.57

–.15

.15

Cohort

–.15

.15

–.18

.10

.09

.34

Sex

–.01

.89

–.17

.11

–.14

.17

Age

.02

.83

.16

.15

–.03

.78

Body mass index

–.03

.76

–.04

.70

–.08

.41

Previous pedometer experience

–.13

.18

–.23

.03

–.02

.83

Baseline level of DVb (steps, MVPA, sedentary time)

–.79

.002

–.49

.006

–.42

.003

Group×baseline level of DV

.49

<.001

–.04

.79

–.07

.61

Overall model

R2=0.27

<.001

R2=0.27

.003

R2=0.25

.003

MVPA: moderate-to-vigorous intensity physical activity.

b

DV: dependent variable.

Table 4. Descriptive statistics (mean [SD]) for the Automaticity Subscale of the Self-Reported Habit Index.
Self-reported habit index Automaticity Subscale Full Sample (n=91)

Fitbit with motivational Fitbit alone (n=46)
interviewing (n=45)

Group differences (P value)

Wearing the Fitbit

16.3 (3.9)

16.7 (3.9)

15.8 (3.8)

.28

Checking data on the Fitbit

13.4 (4.8)

13.8 (5.2)

13.0 (4.4)

.44

Checking data using software or app

12.3 (4.9)

12.1 (5.1)

12.4 (4.8)

.78

Figure 4. Fitbit wear time in relation to habit automaticity over the intervention period by the group (FB+, FB). High versus low habit was defined
using a median split of the data. FB+: Fitbit with motivational interviewing; FB: Fitbit alone.
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Table 5. The correlation matrix showing relationships among habits associated with wear and use of Fitbits, objectively measured Fitbit wear and steps
during the intervention (data collected from Fitbits via Fitabase), and primary outcomes for active and sedentary behaviors (data collected via ActiGraph
and activPAL monitors).
Habit and Outcome Variables

Habits
Wear-

a

Fitbit (1-12
weeks), mean

MVPAb

Steps

Sedentary

Checking data
on FB

Checking data
on app

Total

Days of
wear

Steps

Total

In bouts Steps

Total

In bouts

ing FBa
Habits for wearing FB

1

N/Ac

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Habits for checking data on FB

.51d

1

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Habits for checking data on app

.41d

.62d

1

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Habit total

.74d

.88d

.84d

1

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Days of FB wear (1-12 weeks),
mean

.48d

.22e

.38d

.43d

1

N/A

N/A

N/A

N/A

N/A

N/A

FB steps (1-12 weeks), mean

.10

.27e

.35d

.30d

.21e

1

N/A

N/A

N/A

N/A

N/A

MVPA total

.02

.23e

.19

.18

.06

.78d

1

N/A

N/A

N/A

N/A

MVPA in bouts

.10

.21

.27e

.24e

.15

.67d

.86d

1

N/A

N/A

N/A

c

e

.04

.69

d

.85

d

.71

1

N/A

N/A

b

e

Steps

.02

.25

.27

.23

Sedentary total

.25a

−.06

−.11

.01

.10

−.40d

−.38d

−.24e

−.38d

1

N/A

Sedentary bouts

.11

−.18

−.17

−.12

.12

−.43d

−.47d

−.27d

−.47d

.83d

1

FB: Fitbit.

b

MVPA: moderate-to-vigorous intensity physical activity.

c

N/A: not applicable.

d

Significant at P<.01.

e

Significant at P<.05.

Groups were not significantly different with respect to
automaticity of habits surrounding the wearing and use of Fitbit,
as shown in Table 4 (all P>.05). As shown in Figure 4,
regardless of group, individuals reporting greater habit strength
regarding Fitbit use were more likely to wear the Fitbit regularly
during the second half of the intervention than those with lower
habit strength. Results from the correlation analyses, shown in
Table 5, demonstrated that habits surrounding the Fitbit were
predictive of actual Fitbit wear and steps/day during the
intervention (data from Fitabase). Postintervention, automaticity
of habits surrounding checking the data on the Fitbit itself was
most predictive of total minutes of MVPA and habit surrounding
checking the data on the Fitbit App were most predictive of
MVPA in bouts and average steps/day (data from ActiGraph
and activPAL monitors). Correlations between Fitbit-related
habits and sedentary time (total and in bouts) were largely small
and nonsignificant, except habits regarding wearing the Fitbit
being significantly associated with total minutes of sedentary
time.

Discussion
The primary purpose of this study was to evaluate the utility of
a low-dose, MI-based health coaching intervention to enhance
outcomes associated with the use of wearable activity trackers.
The results demonstrated that the effects of using FB on PA
behaviors in healthy adults were modest and highly variable.
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On average, for participants who received a Fitbit without
additional support, PA levels declined slightly from pre- to
postintervention. However, results showed that individuals who
were less active at the baseline had moderate improvements in
PA (eg, ~19% increase in steps/day); this is in contrast to those
who were higher active at baseline who showed decreases of
~17% in both steps and minutes of MVPA/day over the 12
weeks. Thus, there may be some benefits to simply providing
activity trackers to generally healthy adults who are
insufficiently active. However, these results also highlight an
important consideration in that active adults may not benefit
from these devices without additional support.
In addition, these results demonstrated that the provision of
low-dose health coaching had little effect on the sample as a
whole. On average, participants receiving coaching increased
their steps and minutes of MVPA, but the effects were small in
magnitude. However, somewhat surprisingly, health coaching
did provide an added benefit for those who were more active
at the baseline. While active individuals who received a Fitbit
without additional support had declines in their activity levels,
those who received health coaching were able to maintain their
high levels of activity throughout the intervention. Previous
research has examined the effects of wearable technology in
combination with a variety of other behavior change strategies,
including education and goal setting, short message service text
messages, and incentives. These studies found that the additional
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10988 | p.345
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strategies were ineffective for improving outcomes associated
with the provision of activity trackers [8-11].
In contrast to the additional behavior change strategies tested
previously, the MI-based health coaching used in this study
focused on the development of intrinsic motivation for behavior
change, which should theoretically be more effective than
strategies that focus on external motivators such as incentives
[34]. Our results suggest that the health coaching did have
benefits, but those were not equally distributed across
participants. Future research examining different doses of
coaching in concert with longer duration interventions will be
critical for addressing these important questions.
This study adds to the growing body of research examining the
effectiveness of wearable activity trackers and suggest that
individual factors may influence the effectiveness of these
devices for promoting increases in PA. Though there were
several early studies showing that activity trackers had promise
for increasing activity levels [35,36], there have also been larger
trials that have failed to show that they significantly influenced
behavior or health [10,37-39]. However, as described above,
our data demonstrate that some individuals benefited a great
deal from these devices, particularly those who were less active
to start and, thus, potentially stood to gain the most from
improved activity levels. Previous research in low-active
samples is equivocal with respect to this finding with some
evidence that activity trackers are beneficial [35] and other
evidence that they do not substantively improve PA [39].
However, to the best of our knowledge, baseline activity levels
have not been explicitly examined as a predictor of success with
activity monitors. In addition, data from this study suggest that
the lack of previous experience with a pedometer was also a
potentially important predictor of improvements in PA. Thus,
while these devices may not be effective for all individuals,
they do appear to have substantial benefits for some. Additional
research looking at individual differences in success with
utilizing these devices is warranted to determine the profile of
those who may benefit the most.
A possible explanation for the lack of impact in the studies
noted above is the documented decline in interest and use of
monitors over time after the novelty wears off. In line with this,
investigations of wearable abandonment have shown that
one-third of consumers discontinue the use of activity trackers
after 6 months [40]; this is highlighted by a prominent and
highly publicized study from Jakicic et al [37], which reported
limited value from the inclusion of wearable activity trackers
in standard weight loss programming. In this study, participants
were provided with monitors for 18 months (~550 days), but
the median number of days the monitor was worn was only 170,
approximately 31% of available days, and the median wear time
on the days the device was worn was 240 minutes out of a
possible 1440 (~17% of the days). Similarly, in the Le et al
study [39], monitors were only worn 19 days each month during
the first 3 months of the intervention and usage declined to 15
days each month during the subsequent 3 months. Thus, the
lack of impact in these and other studies may be attributed to
reduced interest or lack of attention given to helping participants
learn how to effectively use wearable monitors to promote
sustained behavior change; our results reflected this as well. As
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highlighted in Figure 2, the number of days the Fitbits were
worn each week declined from an average of 6.5-4.4 by the end
of the intervention.
In addition, this study suggests that the habit development
surrounding wear and regular interactions with these devices
and their associated apps may be a key factor in promoting more
sustained behavior change. Specifically, the habit development
was predictive of wearing activity trackers more consistently
during the final weeks of the intervention. Furthermore, habits,
particularly those regarding the use of the Fitbit app, were
predictive of greater levels of PA both during and following the
intervention. Based on the design of the trial, it is difficult to
determine whether habit developments played a causal role in
behavior change. For example, it is possible that developing
habits surrounding the use of the Fitbit led to improvements in
PA. However, it is equally likely that those who were more
successful at increasing PA were more likely to develop
Fitbit-related habits. In addition, it should be noted that tying
PA habits to an external device, like Fitbit, could be potentially
problematic. These devices break, get lost, and people’s
preferences for wearing them likely change over time. Moreover,
the devices and associated apps evolve with some features being
added or removed, altering the user experience. Thus, when
using activity trackers to develop PA habits, the focus should
be on establishing cues that are separate from the device itself
to promote sustained improvements in PA [41].
To the best of our knowledge, the effects of activity trackers on
sedentary behavior have not been examined. Although this study
was not specifically targeted towards sedentary time, our results
showed that in a group of generally healthy adults, this
intervention had little effect on this set of behaviors, even in
participants who improved their levels of PA; this is not
surprising as previous research has demonstrated that
interventions focusing on PA have little effect on the lower end
of the intensity continuum [42]. Furthermore, the device used
(Fitbit Charge) did not provide specific feedback on sedentary
behaviors to the wearer. Sedentary behavior is an important
contributor to health outcomes, and newer models of Fitbit and
other similar devices do include features like idle alerts, which
are designed to alert the wearer when they have been inactive
for a prolonged period (eg, 50 minutes). Future studies using
wearables with the intention of deceasing sedentary time should
explicitly target sedentary behavior and include the use of a
tracker that provides cues related to sedentary behavior and
some level of feedback specific to these behaviors.
This study has a number of limitations. The sample was
relatively small, generally healthy, and the duration of the trial
was only 3 months. As such, the generalizability is limited to
healthy adults and examination of factors predicting long-term
adherence was not possible. Furthermore, we used a single,
low-dose of health coaching; this was done purposely with an
eye towards future translatability. However, it is possible that
a higher dose of health coaching would have been more
effective. Finally, our results demonstrating that lower active
individuals improved more while individuals who were more
active became less so could be interpreted as classic regression
to the mean. However, the fact that higher active individuals
receiving health coaching maintained their levels of activity
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across the intervention makes this a less likely explanation for
these findings.
In summary, results from this study demonstrate that wearable
activity trackers may have beneficial effects on PA in healthy
adults. However, these benefits do not occur across the board
and are more likely to be observed in individuals with lower
levels of baseline activity. Furthermore, this study suggests that
to engage more active individuals, additional behavior change
strategies, like the provision of health coaching, may be needed.
In addition, this study highlights the importance of habit
development surrounding the wear and use of activity monitors

Ellingson et al
and engagement with the associated software to promote
increases in PA; this may be an important area to pursue, as
making PA habitual is critical for realizing associated health
benefits. As such, further research is warranted to determine
whether explicit efforts to develop activity monitor-related
habits can improve the effectiveness of these devices. Finally,
additional research examining the effects of these devices alone
or in combination with health coaching in subclinical and
clinical populations is needed to determine whether they can
be used in conjunction with more traditional strategies to prevent
and treat chronic health conditions.
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Abstract
Background: Mobile apps have been considered to provide active and continuous support for smoking cessation. However, it
is yet to be known whether a smoking cessation smartphone app improves long-term abstinence rates in nicotine-dependent
patients.
Objective: This study aimed to evaluate the long-term abstinence effect of a novel smartphone app, CureApp Smoking Cessation
(CASC), in patients with nicotine dependence.
Methods: In this prospective, interventional, multicenter, single-arm study, we provided the CASC app to all the participants,
who used it daily for 24 weeks. The CASC app includes features to maximize the therapeutic effect of pharmacological therapies
and counseling at outpatient clinics for smoking cessation. The primary endpoint was a continuous abstinence rate (CAR) from
weeks 9 to 24, whereas secondary endpoints were CARs from weeks 9 to 12 and 9 to 52.
Results: Of the 56 adult smokers recruited, 1 did not download the app; therefore, 55 participants constituted the full analysis
sample. The CAR from weeks 9 to 24 was 64% (35/55, 95% CI 51%-76%), whereas the CARs from weeks 9 to 12 and 9 to 52
were 76% (42/55, 95% CI 65%-88%) and 58% (32/55, 95% CI 46%-71%), respectively. These CARs were better than the results
of the national survey on outpatient clinics with regard to smoking cessation under the National Health Insurance Program and
that of the varenicline phase 3 trial in Japan and the United States. There was only 1 participant who dropped out during the 12
weeks of the treatment period. This treatment decreased the scores related to withdrawal and craving symptoms.
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Conclusions: The addition of CASC to usual smoking cessation therapies resulted in high CARs, high patient retention rates,
and improvement of cessation-related symptoms. The smartphone app CASC is a feasible and useful tool to help long-term
continuous abstinence that can be combined with a standard smoking cessation treatment program.
(JMIR Mhealth Uhealth 2019;7(2):e12694) doi:10.2196/12694
KEYWORDS
digital therapeutics; nicotine dependence; smoking cessation; smartphone application; telemedicine

Introduction
Background: Smoking Cessation Therapy
Smoking is a risk factor for cancer, respiratory disease, heart
disease, and cerebral vascular disease [1]. Quitting smoking
lowers the risk of smoking-related illnesses and can add years
to the lives of ex-smokers [1,2]. However, only 3% to 5% of
self-quitters achieve prolonged abstinence for 6 to 12 months
after an attempt to quit [3]. Although the smoking prevalence
continues to decline in Japan, according to the data of the
Ministry of Health, Labour and Welfare, the rate of smokers
among the entire Japanese population was still as high as 17.7%
(males: 29.4%, females: 7.2%) in 2017. In Japan, patients
diagnosed with nicotine dependence and those who wish to quit
smoking are eligible for treatment with varenicline or nicotine
patches under the National Health Insurance Program (NHIP)
[4]. Under the NHIP, physicians see their patients and provide
pharmacotherapy and counseling 5 times during the 12-week
treatment period according to the national guidelines (The
Standard Procedure Manual for Smoking Cessation, 6th edition,
2014) [5]. Although pharmacotherapy, which helps patients
stop smoking, has been covered by NHIP since 2006, continuous
abstinence rate (CAR) after 12 weeks has still remained low
mainly because of the high dropout rate. Only 30% of the
patients completed all 5 visits to see their physicians, and the
average number of visits per patient was 3.3 [6]. Dropouts and
the lack of visits mean that physicians cannot provide their
patients sufficient support for smoking cessation. In fact, there
was a negative correlation between the number of visits and the
patients’ CARs [6]. It is well known that insufficient support
leads to misunderstandings with regard to nicotine dependence
and side effects of varenicline and nicotine patches, which
eventually result in re-smoking [7-9]. Therefore, preventing
dropouts and maintaining a high level of motivation and
confidence to continue to remain engaged in the treatment are
essential for smoking cessation therapy.

Mobile Health and Study Objectives
Recently, mobile phone, Web-based, or smartphone apps have
been considered to provide effective and continuous support
for smoking cessation [10-17]. For example, Tweet2Quit, a
unique social networking service–based smoking cessation
Twitter program and a 12-week short message service–based
intervention for university students might be effective on
smoking cessation [13,14]. In addition, a smartphone smoking
cessation app that offers momentary ecological assessments
could be useful in providing users with timely adaptive
interventions by sending various treatment messages over a
3-week period [16]. One smartphone app for smoking cessation
helped 30% of its users abstain from smoking for 8 weeks [17].
http://mhealth.jmir.org/2019/2/e12694/
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However, it is yet to be known whether a smoking cessation
smartphone app that provides continuous evidence-based
behavioral support and personalized counseling programs
improves long-term abstinence rates among nicotine-dependent
patients. No official or evidence-based smoking cessation app
that provides advice and scientific information and offers various
alternative approaches to smokers has yet been developed in
Japan.
In this research, we performed a single-arm interventional study
to evaluate whether a novel smartphone app for smoking
cessation, CureApp Smoking Cessation (CASC), was useful
and effective for long-term abstinence in patients with nicotine
dependence.

Methods
Study Design
This was a prospective, interventional, multicenter, single-arm
study. We provided the CASC smartphone app to all the
participants, and they used it daily for 24 weeks. If they wished
to, participants could use this app during the entire research
period (52 weeks from their registration). We asked them to
keep an electronic diary regarding smoking cessation, browse
messages and tutorial videos, and report withdrawal symptoms
and cravings through a chat system with an artificial intelligence
(AI) nurse. Participants also visited their physicians’ clinics at
weeks 0, 2, 4, 8, and 12 according to the Smoking Cessation
Standard Protocol in Japan [5]. Their CAR was the primary
endpoint from weeks 9 to 24.
This study was approved by the Ethics Committee of Keio
University School of Medicine and other facilities. Written
informed consent was obtained from all the participants. This
study was registered at the University Hospital Medical
Information Network (UMIN) Clinical Trials Registry
(UMIN000020123).

Recruitment
We recruited adult smokers who visited the institutions for
nicotine dependence treatment and were eligible for nationally
insured treatment under the NHIP. Participants had to be at least
20 years of age, be diagnosed with a nicotine dependence score
of greater than or equal to 5 points on the Tobacco Dependence
Screener (TDS) [4], smoke cigarettes with a Brinkman index
at least 200 (only for those not younger than 35 years), wish to
quit smoking, own their iPhone or Android smartphone, and
provide their written consent. These criteria were the same as
those used to diagnose nicotine dependence under NHIP in
Japan. We excluded the participants who seemed to find it
difficult to use their smartphones as instructed or if their
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12694 | p.351
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physicians ruled that they could not complete the study owing
to severe mental illness.

at outpatient clinics for smoking cessation as follows
(Multimedia Appendix 1).

The registration period was from March 2016 to March 2017.
We followed up on the participants for 52 weeks from the time
of registration. In total, 5 institutions were involved in the study,
including a university hospital, 3 general hospitals, and a
primary care clinic, all of which were located near the Tokyo
metropolitan area.

Diary of Smoking Cessation (Once a Day)

“CureApp Smoking Cessation” App Software
The CASC was developed by CureApp Inc (Tokyo, Japan) in
collaboration with the Division of Pulmonary Medicine,
Department of Medicine, Keio University School of Medicine.
Smoking cessation specialists at the institution supervised the
development of the app’s content. It was compatible with iOS
and Android smartphones and met the software inspection
criteria and security requirements of Apple’s App Store and
Google Play. In outpatient clinics, physicians provided
participants the app prescription codes. The participants
downloaded the app from the App Store or Google Play using
these codes, and then input their information including their
age, sex, years of smoking, number of cigarettes smoked per
day, medication (ie, varenicline or nicotine patch), and
motivation and self-confidence regarding smoking cessation
onto their smartphones. This information was securely stored
on the cloud system, and our AI system created appropriate and
personalized counseling advice for each participant to support
their smoking cessation in accordance with the national
guidelines [5]. The text of the app was presented in English for
convenience (Figure 1).
Physicians could refer to the participants’ data on the website
through the cloud system and offer advice to the participants
during their clinic visits based on the data, as described below.
The app system comprised 4 features to maximize the
therapeutic effect of pharmacological therapies and counseling

Instead of making entries in paper diaries, participants filled in
the electronic diary within this app regarding cessation status,
physical condition, medication use, and adverse events, if any
(Figure 2).

Messages and Educational Videos to Help Users Quit
Smoking
Participants received several messages every day and watched
videos (1- to 3-min animations). A total of 20 videos were
delivered during the pharmacotherapy period (12 weeks). The
educational videos were delivered frequently in the first few
weeks, after which the frequency gradually decreased. The
timing of the delivery of messages and videos varied depending
on the drug prescribed (varenicline or nicotine patch) and each
individual participant’s life cycle. Participants could view these
videos even after week 12 or anytime they wished (Figure 3).

Counseling Chat Sessions Between the Users and the
Artificial Intelligence Nurse
Whenever the participants experienced cravings or withdrawal
symptoms, they could tap “Call” and send a message to an AI
nurse. The AI nurse would immediately reply and provide
personalized advice on how to deal with the symptoms such as
a chatbot. This nurse also provided encouraging messages for
smoking cessation to the participants at appropriate times
(Figure 4).

Advice for Physicians
The CASC displayed recommendations to physicians on the
website screen, which could be used by the physicians to offer
appropriate advice and counseling support to the participants
based on the national guidelines (Figure 5) [5].

Figure 1. Scheme of the CureApp Smoking Cessation support program system for participants with nicotine dependence.
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Figure 2. Example of the screen display for the smoking cessation diary feature.

Data Collection
We collected baseline profiles of each participant including
their age, sex, height, weight, Brinkman index, TDS score, and
Fagerström Test for Nicotine Dependence (FTND) score [18]
on their first visit. Smoking status, medication use (varenicline
or nicotine patch), exhaled carbon monoxide (CO) concentration,
as well as their scores on the Mood and Physical Symptoms
Scale (MPSS) [19], 12-item French version of the Tobacco
Craving Questionnaire (FTCQ-12) [20], and Kano Test for
Social Nicotine Dependence (KTSND) [21] were collected at
http://mhealth.jmir.org/2019/2/e12694/
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every visit (weeks 2, 4, 8, and 12). The MPSS is a validated
questionnaire that assesses the severity of participants’
withdrawal symptoms and the strength and frequency of their
urges to smoke, with scores ranging from 5 to 35. The FTCQ-12
is a valid 12-item self-report instrument that assesses tobacco
cravings based on 4 factors: emotionality, expectancy,
compulsivity, and purposefulness. The FTCQ-12 general craving
score is derived by summing all items and dividing the total by
12, yielding a score ranging from 1 to 7. The KTSND is a
method of evaluating the psychological aspects of smoking and
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12694 | p.353
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comprises 10 questions with a total score range of 0 to 30. In
these 3 scoring systems, higher scores indicate more severe
symptoms and features. We also gathered the app usage status
such as the number of days the participants updated their diaries,
the number of behaviors they actually modified as a result of
counseling, and the number of educational videos they viewed
completely. The primary endpoint was the CAR from weeks 9
to 24. Secondary endpoints were CARs from weeks 9 to 12 and
9 to 52 and changes in MPSS, FTCQ-12, and KTSND scores.

Masaki et al

Confirmation of Continuous Smoking Cessation
Self-reported continuous abstinence was confirmed if
participants recorded a breath CO concentration of less than 8
ppm during their clinic visits until week 12. Confirmation of
abstinence at weeks 24 and 52 was determined by face-to-face
or telephone interviews.

Statistical Analysis
We analyzed the primary and secondary endpoints based on the
full analysis set (FAS) and compared our data with those of the
national survey of Japan [22]. CI for the binomial proportion
was computed using the Agresti-Coull method.

Figure 3. Example of the screen display for the lecture and educative videos feature.

Figure 4. Example of the screen display for the counseling chat feature between the users and the artificial intelligence nurse.
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Figure 5. Example of the screen display feature offering advice for the physicians.

Results
Recruitment and Baseline Characteristics
We recruited 56 participants with nicotine dependence who met
the inclusion criteria. Of these participants, because 1 did not
download the app, the FAS sample comprised 55 participants.
From this FAS sample, 1 participant dropped out during weeks
0 to 12, 1 dropped out during weeks 12 to 24, and 2 dropped
out during weeks 24 to 52. These dropouts were treated as
failures. A flowchart of the study is depicted in Figure 6.
The baseline characteristics of the study participants are depicted
in Table 1. The participants’ mean age was 43.3 years and 71%
of them were male. Some of the study participants had
comorbidities, such as chronic obstructive pulmonary disease
(13%), hypertension (7%), cancer (7%), diabetes mellitus (5%),
and dyslipidemia (5%), and these comorbidities were all under
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control and in stable conditions. The mean of Brinkman index
was 486, baseline exhaled CO concentration was 20.6 ppm, and
TDS was 7.9. Varenicline was administered to 87% (48/55) of
the participants, and 13% (7/55) received nicotine patches. Of
the participants, 1 used both varenicline and a nicotine patch
sequentially, and another participant used neither varenicline
nor a nicotine patch. The mean FTND, the MPSS total score,
the FTCQ-12 general craving score, and the KTSND score at
the first visit were 5.5, 20.6, 3.2, and 16.6, respectively.

Evaluation Outcomes
Of the FAS sample, 35 participants succeeded in continuously
abstaining from smoking until the 24th week. The CAR from
weeks 9 to 24 was 64% (35/55, 95% CI 51%-76%); see Table
2). The CARs from weeks 9 to 12 and 9 to 52 were 76% (42/55,
95% CI 65%-88%) and 58% (32/55, 95% CI 46%-71%),
respectively.
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Figure 6. Flowchart depicting the selection of study participants.

The total score of the MPSS at week 12 was 13.7, which
decreased by 6.4 points from the baseline. The mean MPSS
scores related to “depressed,” “irritable,” “restless,” “hungry,”
and “poor concentration” at week 12 were 1.3, 1.4, 1.3, 2.2, and
1.7, respectively. Similarly, the mean score of the FTCQ-12
(general craving score) at week 12 was 2.5, which had reduced
by 0.6 points from the baseline. The mean FTCQ-12 scores
related to “emotionality” and “compulsivity” at week 12 were
1.2 and 1.6, respectively. They had decreased from the baseline
scores. On the other hand, the mean FTCQ-12 score related to
“expectancy” barely changed from baseline, whereas the mean
FTCQ-12 score related to “purposefulness” at week 12 was 4.7
on average and had increased from the baseline. The KTSND
score at week 12 was 10.5 and had decreased by 6.7 points from
the baseline.

App Usage
There were several indicators of the app’s usage status (Table
3). On average, the participants tapped “Like!” 26.5 times from
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weeks 0 to 12, which implied that they agreed with the advice
provided by the AI nurse. They tapped “Call,” which summoned
the AI nurse when participants had smoking impulses or side
effects, an average of 1.7 times from weeks 0 to 12. They mean
number of days on which participants made diary entries from
weeks 0 to 12 was 56.1, and 45.5% (25/55) of the participants
updated their diaries every day. The mean number of educational
videos viewed from start to finish by the participants was 12.6.

Adverse Events
In total, 3 participants, all of whom took varenicline reported
3 adverse events. Skin eruptions appeared in 1 participant and
mild nausea appeared in another. Both of these participants
could continue to take varenicline. Depressive symptoms
appeared in 1 participant in the 9th week, and the physician
decided to stop the varenicline treatment for this participant.
On the basis of their judgment, the physicians concluded that
these adverse events were caused by the drugs rather than by
the app.
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Table 1. Baseline characteristics of study participants (N=55).

a

Participant characteristics

Statistics

Age (years), mean (SD)

43.3 (10.5)

Males, n (%)

39 (71)

Body weight (kg), mean (SD)

63.1 (10.7)

Body mass index (kg/cm2), mean (SD)

23.3 (3.4)

Years of smoking, mean (SD)

23.6 (10.8)

Number of cigarettes smoked per day, mean (SD)

19.9 (7.3)

Brinkman index, mean (SD)

486 (329)

Number of lifelong cessation attempts, mean (SD)

1.1 (1.2)

Exhaled COa concentration (ppm), mean (SD)

20.6 (15.9)

FTNDb, mean (SD)

5.5 (1.9)

TDSc, mean (SD)

7.9 (1.4)

KTSNDd, mean (SD)

16.6 (4.3)

MPSSe total, mean (SD)

20.6 (4.7)

FTCQ-12f general craving score, mean (SD)

3.2 (0.7)

Varenicline, n (%)

48 (87)

Nicotine patch, n (%)

7 (13)

No pharmacotherapy, n (%)

1 (2)

CO: carbon monoxide.

b

FTND: Fagerström Test for Nicotine Dependence.

c

TDS: Tobacco Dependence Screener.

d

KTSND: Kano Test for Social Nicotine Dependence.

e

MPSS: Mood and Physical Symptoms Scale.

f

FTCQ-12: 12-item French version of the Tobacco Craving Questionnaire.

Table 2. Primary and secondary endpoints.
Endpoints

Statistics

CARa from weeks 9 to 12, % (95% CI)

76 (65-88)

CAR from weeks 9 to 24 (primary endpoint), % (95% CI)

64 (51-76)

CAR from weeks 9 to 52, % (95% CI)

58 (46-71)

MPSSb total at week 12, mean (SD)

13.7 (3.5)

ΔMPSS total from baseline to week 12, mean (SD)

–6.4 (5.8)

c

a

FTCQ-12 general craving score at week 12, mean (SD)

2.5 (1.1)

ΔFTCQ-12 general craving score from baseline to week 12, mean (SD)

–0.6 (1.5)

KTSNDd at week 12, mean (SD)

10.5 (5.9)

ΔKTSND from baseline to week 12, mean (SD)

–6.7 (5.2)

CAR: continuous abstinence rate.

b

MPSS: Mood and Physical Symptoms Scale.

c

FTCQ-12: 12-item French version of the Tobacco Craving Questionnaire.

d

KTSND: Kano Test for Social Nicotine Dependence.
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Table 3. App usage from weeks 0 to 12.
Engagement with the app

Mean (SD)

Number of times “Like!” was tapped

26.5 (63.8)

Number of times “Call” was tapped

1.7 (2.4)

Number of days a diary entry was made

56.1 (31.3)

Number of educational videos viewed

12.6 (6.8)

Practices for environmental improvement

67.5 (135.6)

Behaviors actually modified

74.3 (158.5)

Practices for compensatory behaviors

97.4 (374.3)

Practices for self-assertiveness

8.2 (17.3)

Discussion

nicotine dependence [21], decreased more than 6 points from
weeks 0 to 12 (Table 2).

Principal Findings

Second, continuous encouragement and timely advice by an AI
nurse might prevent dropouts during the treatment. All but 1
participant (92%) completed the outpatient smoking cessation
treatment for 12 weeks in our study, whereas only 30% of the
participants completed the treatment that was a part of the
domestic survey data [6]. Notably, the existence of an AI nurse
might keep participants from dropping out because many studies
have shown that smoking cessation success rates improve with
interventions not only by physicians but also by nurses and
pharmacists [25-30]. In a single fight, patients easily abandon
smoking cessation because of cravings and withdrawal
symptoms. Besides, maintaining one’s motivation to make
multiple attempts considering several aspects was reported to
be important in smoking cessation [31]. These studies indicated
the importance of encouragement and support during the
pharmacotherapy period. Therefore, individualized support and
encouragement for each patient is essential for an app to
maximize the effect of the medication and counseling. The AI
nurse advised the participants of this study about how to deal
with cravings for smoking as if it were an expert partner who
was accompanying them while they were trying to quit smoking.
In this study, not only the physician but also the CASC may
have functioned as a supporter of and advisor to participants.

This was the first prospective study to evaluate whether a novel
smartphone app, CASC, could achieve long-term CARs from
weeks 9 to 24 in nicotine-dependent patients. Our results showed
that more than three-fifths of participants succeeded in quitting
smoking at week 24. The combination of CASC and
conventional pharmacotherapy resulted in more than
three-fourths of all participants maintaining their CARs from
weeks 9 to 12, and 76% (32/42) of quitters at week 12 continued
to abstain from smoking at week 52. This combination treatment
also decreased the participants’ MPSS, FTCQ-12 (general
craving), and KTSND scores by week 12 of the study period.
Except 1 participant who dropped out during the 12 weeks of
the treatment period, all others remained, and many participants
tapped “Like!” in response to the advice they received from the
AI nurse and updated the diary daily, indicating that the usage
of CASC was feasible.
The CAR from weeks 9 to 24 obtained in this study appeared
to be substantially better than those of previous studies and of
the national survey (Figure 7) [22-24]. According to the national
survey data and the varenicline phase 3 trial in Japan, the CAR
from weeks 9 to 24 were 40.81% (1039/2546) and 37.7%
(49/130), respectively [22,23]. The CARs from weeks 9 to 12,
9 to 24, and 9 to 52 were 76% (42/55, 95% CI 65%-88%), 64%
(35/55, 95% CI 51%-76%), and 58% (32/55, 95% CI 46%-71%),
respectively.
There are several reasons why our smartphone app could
improve long-term CARs. First, it was designed to promote
understanding of nicotine dependence through several
evidence-based approaches. For example, educational videos
included the following treatment programs: education about
nicotine dependence, explanation of nicotine withdrawal
symptoms, and behavioral therapy. Consequently, the quitters
at week 12 did not relapse frequently because they might have
understood that smoking behavior was caused by the dependence
on nicotine and because they were aware of the characteristics
of addictive behaviors. In fact, the KTSND score, which was
considered as one of the indices reflecting the understanding of
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Third, adequate advice through educational videos to prevent
relapse might help the quitters continue to abstain from smoking
easily. In fact, the MPSS total score and FTCQ-12 general
craving score decreased from baseline to week 12 (Table 2).
The decrease in the urge to smoke might contribute to the
continuation of smoking cessation from weeks 12 to 24 and 52.
Finally, the app might prevent treatment failure because of the
adverse effects of the varenicline or nicotine patch. It was
decided that only 1 participant would stop varenicline treatment
owing to its adverse effects. On our app, the alarm feature
reminding the participants to take their medicines and an
explanation of the side effects were different for participants
who received varenicline and for those who received the nicotine
patch. Participants could learn how to deal with the adverse
effects by watching the educational videos and reading the
messages sent by the AI nurse.
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Figure 7. Continuous abstinence rates from weeks 9 to 12, 9 to 24, and 9 to 52.

Strengths and Limitations
The strengths of this study are as follows: (1) this study is the
first to measure the long-term effectiveness and feasibility of
smartphone app intervention for more than 24 weeks; (2) the
features of our app were designed based on the national
treatment guidelines [5], and it was different from other apps
that aimed merely to record the participants’ trajectories; and
(3) our results also highlighted the additional effect of the app
on pharmacotherapy. The limitations of this study are as follows:
(1) because the sample size was small, the study participants
might not have represented all Japanese smokers; (2)
participating institutes were restricted only to the area around
Tokyo in Japan; (3) the education level of the study participants
was not surveyed, which might have influenced the results; and
(4) we did not confirm abstinence with exhaled CO
concentration at weeks 24 and 52. In previous intervention
studies, confirmation of self-assessment through telephone

surveys was a standard when the study design was minimally
invasive [32]. In our study, all 35 successful quitters at week
24 had shown normal exhaled CO levels during their week 12
visits, indicating the reliability of the self-reports in our sample.

Conclusions
In conclusion, a novel smartphone app for smoking cessation,
CACS, benefitted 63.6% of the users who maintained their
CARs from weeks 9 to 24. Our 95% CI ranges of CARs were
superior to those of the historical cohorts [22-24] (Figure 7).
This app might be a useful tool for improving long-term CAR
combined with a standard smoking cessation treatment program.
Currently, a randomized placebo app–controlled trial is ongoing
to evaluate the efficacy of the app for nicotine dependence
(UMIN000031589). We will continue to improve this app
further to make it an available and essential tool in smoking
cessation therapy.
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Abstract
Background: In recent years, the use of mobile phone weight-management apps has increased significantly. Weight-management
apps have been found effective in promoting health and managing weight. However, data on user perception and on barriers to
app usage are scarce.
Objective: This study aimed to investigate the use of weight-management apps and barriers to use as well as reasons for
discontinuing use in a sample of mobile phone users in Saudi Arabia.
Methods: Mobile phone users aged 18 years and above from the general public in Saudi Arabia completed a Web-based survey.
The survey included questions on weight-management app usage patterns, user perceptions concerning weight management,
efficacy of weight-management apps, and reasons for discontinuing use. Participants were classified into normal weight (body
mass index [BMI]: 18.5 to 24.9 kg/m2) and overweight or obese (BMI: ≥25.0 kg/m2).
Results: The survey included 1191 participants; 513 of them used weight-management apps. More overweight or obese
respondents used these apps compared with normal weight respondents (319/513, 62.2% vs 194/513, 37.8%, respectively). App
features that overweight or obese users were most interested in were mainly the possibility to be monitored by a specialist and
barcode identification of calorie content, whereas normal weight users mostly preferred availability of nutrition information of
food items. Reasons for discontinuing use among overweight or obese respondents were mainly that monitoring by a specialist
was not offered (80/236, 33.9%) and the app was not in the local language (48/236, 20.3%). Among normal weight users, the
main reason for noncontinuance was the app language (45/144, 31.3%) and difficulty of use (30/144, 20.8%).
Conclusions: To better address the needs of both normal weight and overweight or obese adults, improved app designs that
offer monitoring by a specialist are needed. Developers may consider ways of overcoming barriers to use, such as language, by
developing local language apps, which can improve the efficacy of such apps and help spread their use.
(JMIR Mhealth Uhealth 2019;7(2):e12692) doi:10.2196/12692
KEYWORDS
lifestyle; mobile app; weight loss; mobile phone

Introduction
Background
Long-term analyses of trends in body mass index (BMI) levels
show that obesity increased globally between 1980 and 2008
[1]. In 2013, a national survey reported that the prevalence of
obesity in Saudi adults was 29% and was higher in women
http://mhealth.jmir.org/2019/2/e12692/
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compared with men (33.5% vs 24.1%, respectively) [2]; by
2022, prevalence is expected to increase to 40% for men and
78% for women [3]. Several interventions including lifestyle
and dietary modifications have been shown to be effective in
the management of obesity; however, limitations such as
financial cost and accessibility may restrict their use [4,5].
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A recent, encouraging development is the marked increase in
the number of mobile phone apps for weight loss or weight
management [6-9]. According to the 2018 Global Mobile Market
Report, Saudi Arabia has one of the highest mobile phone
penetration rates in the world [10]. In 2017, Saudi Arabia had
21 million mobile phone users (84% of total adults); this is
expected to increase to nearly 24 million in 2022 [11]. Mobile
phone apps that focus on health have achieved worldwide
popularity; over 325,000 health, fitness, and medical apps were
available for download on all major app stores in 2017 [12].
With the projected epidemic in increasing obesity, frequent
recording of both food intake and physical activity with
weight-management apps may be a useful, potentially
cost-effective and conveniently available method for modifying
health-related behaviors [13]. A systematic review and
meta-analysis of 12 randomized controlled trials and
case-control studies showed that use of weight-management
apps affected BMI by a net reduction of 0.4 kg/m2 more than
control groups (ie, traditional interventions or intensive
counseling) [14].

Rational and Aim
Development and use of weight-management apps is still in an
early phase, and sample populations in various countries have
reported barriers such as limited functionality, lack of input
options for tracking data, no evidence-based guidelines, and
improper app classification (ie, only one-fifth of the apps
classified as health and fitness or medical actually facilitated
behavioral or physical activity; many simply offered health
information) [15]. There is a paucity of evidence regarding
usage and barriers of use in Saudi Arabia. One qualitative study
restricted to Saudi women only reported that the available
weight-management apps offered diet programs that lacked
locally available foods and suggested physical activities that
were not applicable to their environment [16].
Despite growing research on weight-management apps, evidence
on user perspective—especially among users in Saudi Arabia,
whose perspective varies vastly from that of the West—has
been little explored. To the author’s knowledge, this is the first
survey aimed to identify the sociodemographic characteristics
of weight-management app users, app usage patterns, user
perceptions, efficacy, and reasons for continuing or
discontinuing use of a weight-management phone app in Saudi
Arabia.

Methods
Design and Sample
From May to July 2018, mobile phone users aged 18 years and
older from the general public in the city of Riyadh filled out an
open Web-based survey. The survey was designed using
Microsoft Forms (Microsoft Corp). Authentication cookies
prevented multiple entries from the same individual. The survey
adhered to advanced Web-based survey methodology, such as
internet protocol address verification. The multifaceted
recruitment strategy included university portals, social media,
newsletters, and posters, all citing a quick response code for
declaring interest. Those outside of the internet-based survey
http://mhealth.jmir.org/2019/2/e12692/
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were not contacted. Of the 1302 visitors to the survey link, 1191
agreed to participate; all of the participants resided in Riyadh.
Of these 1191, a total of 513 reported having previously
downloaded an app to track their weight and completed all
survey items. No personal identifying information was collected.
The King Saud University Institutional Review Board approved
all study procedures (reference # KSU-HE-18-1006).

Survey Items
The survey comprised 28 items in the following domains: (1)
sociodemographic characteristics (gender, age, employment,
education, and income), (2) general health questions (weight,
height, physical activity, smoking habits, and medical history),
(3) usage patterns (number of apps used, frequency of use,
reasons for use, and desired features), (4) user conceptions and
efficacy of weight-management apps (effectiveness of
weight-reduction apps, effectiveness of fitness apps, and
effectiveness of long-term use), and (5) reasons for discontinuing
use (number of apps that the respondent no longer uses and
reasons for discontinuing use).
Krebs et al previously used the survey questions in their national
survey throughout the United States [17]. As the survey items
on app use had no known precedent, a team of experts with
expertise in questionnaire design field-tested the items among
researchers. The Web-based survey administration system was
also pretested and then pilot-tested live for 1 day, attracting 86
respondents. These data, however, were not included in the final
analysis of this study but were analyzed to adjust the Web-based
survey for errors.
The items were presented in a logical order, and consideration
was taken to reduce response set bias. Each question required
a response before the respondent was allowed to advance to the
next screen. The Web-based survey displayed 1 item per screen,
with the first screen asking respondents for their informed
consent to participate in the study. Following consent,
participants were allowed to begin the survey. Participation was
completely voluntary. A back button on each screen allowed
participants to edit previous answers. The average time needed
to complete the survey was about 8 min.

Statistical Analysis
Statistical analyses were conducted using JMP (version 12; SAS
Institute). No statistical correction procedures or weightings
were applied. Categorical variables are presented as percentages,
whereas continuous variables are presented as means and SDs.
Participants were stratified by gender and by BMI, where
participants were considered of normal weight if their BMI was
18.5 to 24.9 kg/m2 and overweight or obese if their BMI was
≥25 kg/m2.
Sample size was calculated based on the current population of
Riyadh—the capital of Saudi Arabia has 5.5 million adults aged
above 18 years [18] and 84% are mobile phone users
[11]—using a confidence level of 95% and a precision of 5%.
With these parameters, the minimum sample required for the
analyses to have a power of 95% would be 207 individuals.
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Results
Sociodemographic Characteristics and Health Status
Of the respondents, 43.07% (513/1191) reported that they had
previously used an app to manage their weight; only analyses
for weight-management app users are presented (Table 1). More
overweight or obese respondents reported that they had
previously used an app to track their weight compared with
normal-weight respondents (319/513, 62.2% vs 194/513, 37.8%,
respectively; Table 2). Most users were Saudi nationals
(487/513, 94.9%), women (305/513, 59.5%), had a mean age
of 26.6 (SD 8.1) years, and a mean BMI of 28.6 (SD 6.7) kg/m2.
Most users were also educated and had a high monthly income.
The majority of the female respondents were overweight or
obese (178/305, 59.5%). Most users (399/513, 77.8%)
considered their general health to be good, very good, or
excellent. The analyses found gender differences in lifestyle:
men were more likely to smoke than women, and more women
reported that they never engaged in physical activity
(Multimedia Appendix 1).

Usage Patterns
Most weight-management app users used 1 to 5 apps (476/513,
92.8%; Table 2). The frequency of use was less than once a
month for 34.9% (179/513) or a few times a week for 22.0%
(113/513). In overweight or obese users, the most common
reasons for wanting to download a weight-management app
were to lose weight (134/319, 42.0%) and monitor food intake
(88/319, 27.6%; Table 2). Normal-weight participants, on the
other hand, downloaded a weight-management app mainly to
monitor food intake (82/194, 42.3%) and track physical activity
(52/194, 26.8%). The most common reasons for downloading
a particular weight-management app were its rank in the app
store, recommendations from friends and family (154/513,
30.0%), and social media influencers (93/513, 18.1%; Table 2).
The app features that overweight or obese users were most
interested in were (1) the possibility to be monitored by a
specialist (126/319, 39.5%), (2) barcode identification of calorie
content (77/319, 24.1%), (3) availability of nutrition information
on numerous food items (56/319, 17.6%), (4) a weekly or
monthly progress report (44/319, 13.8%), and (5) constant
reminders to follow a chosen diet or exercise (16/319, 5.0%).
For normal-weight users, the desired features were (1)
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availability of nutrition information on numerous food items
(67/194, 34.5%), (2) barcode identification of calorie content
(54/194, 27.8%), (3) the possibility to be monitored by a
specialist (31/194, 16.0%), (4) a weekly or monthly progress
report (26/194, 13.4%), and (5) constant reminders to follow a
chosen diet or exercise (16/194, 8.3%; Table 2). No gender
differences in usage patterns were observed (Multimedia
Appendix 2).

User Conceptions and Efficacy of Weight-Management
Apps
Most weight-management app users agreed or strongly agreed
that apps were helpful in losing weight (Table 3). More
normal-weight users agreed or strongly agreed that
weight-management apps had helped them lose weight compared
with overweight or obese users (98/194, 50.5% vs 148/319,
46.4%; Table 3). As for apps that suggested exercise plans,
more normal-weight users agreed or strongly agreed that such
apps helped them lose weight compared with overweight or
obese respondents (116/194, 59.8% vs 177/319, 55.5%,
respectively; Table 3).
Concerning efficacy, overweight or obese users were unsure
whether weight-management apps would be effective in the
long term (170/319, 53.3%), whereas normal-weight users
agreed or strongly agreed that they were effective (102/194,
52.6%; Table 3). No gender differences were observed
(Multimedia Appendix 3).

Reasons for Discontinuing Use
Most users (380/513, 74.1%) reported that they have
downloaded weight-management apps they no longer use, and
the majority of these were overweight or obese (236/380, 62.1%;
Table 4). Among overweight or obese users, reasons for
discontinuing use included (1) monitoring by a specialist was
not offered (80/236, 33.9%), (2) the app language was not the
local language (48/236, 20.3%), (3) some costs of app usage
were hidden (37/236, 15.7%), (4) the app was confusing to use
(34/236, 14.4%), and (5) the respondent had lost interest
(30/236, 12.7%). Normal-weight users stopped using an app
because (1) it was not in the local language (45/144, 31.3%),
(2) it was confusing to use (30/144, 20.8%), (3) it did not offer
monitoring by a specialist, and (4) some costs were hidden
(21/144, 14.6%). Reasons for discontinuing use were similar
between men and women (Multimedia Appendix 4).
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Table 1. Sociodemographic characteristics and health status of participants stratified by body mass index.
Characteristics

Body mass index
18.5 to 24.9 kg/m2

Total
>25 kg/m2

Previously downloaded an app to track anything related to weight, n (%)
No

283 (59.33)

395 (55.32)

678 (56.93)

Yes

194 (40.67)

319 (44.68)

513 (43.07)

Female

127 (65.46)

178 (55.80)

305 (59.45)

Male

67 (34.54)

141(44.20)

208 (40.55)

Non-Saudi

8 (4.12)

18 (5.64)

26 (5.07)

Saudi

186 (95.88)

301 (94.36)

487 (94.93)

24.4 (6.9)

27.7 (8.3)

—

In school

122 (62.89)

161 (50.47)

283 (55.17)

Not working or retired

7 (3.61)

20 (6.27)

27 (5.26)

Working full-time

65 (33.51)

138 (43.26)

203 (39.57)

High school degree

42 (21.65)

45 (14.11)

87 (16.96)

Bachelor’s degree

122 (62.89)

189 (59.25)

311 (60.62)

Graduate degree (Masters, PhD, or MD)

30 (15.46)

85 (26.65)

115 (22.42)

Less than 5,000 SR/month

7 (3.61)

20 (6.27)

27 (5.26)

5,100 to 10,000 SR/month

55 (28.35)

93 (29.15)

148 (28.85)

10,100 to 20,000 SR/month

76 (39.18)

105 (32.92)

181 (35.28)

>20,000 SR/month

56 (28.87)

101 (31.66)

157 (30.60)

Poor

2 (1.03)

14 (4.39)

16 (3.12)

Average

32 (16.49)

66 (20.69)

98 (19.10)

Good

22 (11.34)

43 (13.48)

65 (12.67)

Very good

80 (41.24)

112 (35.11)

192 (37.43)

Excellent

58 (29.90)

84 (26.33)

142 (27.68)

Gender, n (%)

Nationality, n (%)

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

Education, n (%)

Household income, n (%)

General health status, n (%)

Frequency of exercise or physical activity for at least 15 min in the past week, n (%)
Never

55 (28.35)

119 (37.30)

174 (33.92)

1 day

28 (14.43)

23 (7.21)

51 (9.94)

2 days

39 (20.10)

49 (15.36)

88 (17.15)

3-4 days

39 (20.10)

66 (20.69)

105 (20.47)

5-7 days

33 (17.01)

62 (19.44)

95 (18.52)

Poor

22 (11.34)

80 (25.08)

102 (19.88)

Fair

39 (20.10)

77 (24.14)

116 (22.61)

Good

62 (31.96)

111 (34.80)

173 (33.72)

Very good

59 (30.41)

45 (14.11)

104 (20.27)

Excellent

12 (6.19)

6 (1.88)

18 (3.51)

Overall nutritional status of the diet, n (%)
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Body mass index

Total

18.5 to 24.9 kg/m2

>25 kg/m2

Yes

23 (11.86)

53 (16.61)

76 (14.81)

No

171 (88.14)

266 (83.39)

437 (85.19)

None

135 (69.59)

212 (66.46)

347 (67.64)

Hypercholesterolemia

9 (4.64)

8 (2.51)

17 (3.31)

Hypertension

9 (4.64)

9 (2.82)

18 (3.51)

Depression

8 (4.12)

46 (14.42)

54 (10.53)

Diabetes

21 (10.82)

21 (6.58)

42 (8.19)

Other chronic disease

12 (6.19)

23 (7.21)

35 (6.82)

Smoking, n (%)

Co-morbidities, n (%)
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Table 2. Pattern of use of weight-management apps stratified by body mass index.
Pattern of use

Body mass index

Total

18.5-24.9 kg/m2

≥25 kg/m2

1-5 apps

174 (89.6)

302 (94.6)

476 (92.79)

6-10 apps

15 (7.73)

12 (3.76)

27 (5.26)

>11 apps

5 (2.58)

5 (1.57)

10 (1.95)

2 or more times a day

29 (14.95)

40 (12.54)

69 (13.45)

About 1 time each day

17 (8.76)

32 (10.03)

49 (9.55)

A few times each week

43 (22.16)

70 (21.94)

113 (22.03)

A few times a month

43 (22.16)

60 (18.81)

103 (20.08)

Less than once a month

62 (31.96)

117 (36.6)

179 (34.89)

Number of weight-related phone apps used, n (%)

Frequency of weight-management app use, n (%)

Reasons for downloading a weight-management app, n (%)
Weight loss

26 (13.40)

134 (42.0)

160 (31.19)

Monitor food intake

82 (42.27)

88 (27.59)

170 (33.14)

Track how much activity or exercise I get

52 (26.80)

47 (14.73)

99 (19.30)

Show or teach me exercises

19 (9.79)

24 (7.52)

43 (8.38)

I want to kill time when bored

7 (3.61)

12 (3.76)

19 (3.70)

Other reasons

8 (4.12)

14 (4.39)

22 (4.29)

Reasons for downloading a particular weight-management app, n (%)
Best ranked in the app store

53 (27.32)

101 (31.6)

154 (30.02)

Recommendations from friends or family

66 (34.02)

88 (27.59)

154 (30.02)

Social media influencers

32 (16.49)

61 (19.12)

93 (18.13)

Web searches (eg, Google)

15 (7.73)

45 (14.11)

60 (11.70)

Recommended by other apps

26 (13.40)

18 (5.64)

44 (8.58)

TV

2 (1.03)

6 (1.88)

8 (1.56)

Monitored by a specialist

31 (15.98)

126 (39.5)

157 (30.60)

Can identify calories using barcode

54 (27.84)

77 (24.14)

131 (25.54)

Nutrition information of many food items

67 (34.54)

56 (17.55)

123 (23.98)

Provides a weekly or monthly progress report

26 (13.40)

44 (13.79)

70 (13.65)

Reminders to follow a diet or exercise

16 (8.25)

16 (5.02)

32 (6.24)

Desired features of weight-management apps, n (%)
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Table 3. User conceptions and efficacy of weight-management apps stratified by body mass index.
User conceptions

Body mass index
18.5-24.9 kg/m2

Total
>25 kg/m2

Apps that provide a weight-reduction meal plan helped in managing weight, n (%)
Strongly disagree

65 (33.51)

74 (23.20)

139 (27.10)

Disagree

11 (5.67)

19(5.96)

30 (5.85)

Unsure

20 (10.31)

78 (24.45)

98 (19.10)

Agree

82 (42.27)

125 (39.18)

207 (40.35)

Strongly agree

16 (8.25)

23 (7.21)

39 (7.60)

Apps that provide an exercise plan helped in managing weight, n (%)
Strongly disagree

51 (26.29)

71 (22.26)

122 (23.78)

Disagree

9 (4.64)

15 (4.70)

24 (4.68)

Unsure

18 (9.28)

56 (17.55)

74 (14.42)

Agree

96 (49.48)

148 (46.39)

244 (47.56)

Strongly agree

20 (10.31)

29 (9.09)

49 (9.55)

Weight-management apps are effective for long-term use, n (%)
Strongly disagree

50 (25.77)

52 (16.30)

102 (19.88)

Disagree

0 (0.00)

7 (2.19)

7 (1.36)

Unsure

42 (21.65)

170 (53.29)

212 (41.33)

Agree

80 (41.24)

60 (18.81)

140 (27.29)

Strongly agree

22 (11.34)

30 (9.40)

52 (10.14)

Table 4. Reasons for discontinuing use, stratified by body mass index.
Reasons for discontinuing use

Body mass index
18.5-24.9 kg/m2

Total
>25 kg/m2

Have you downloaded any weight management apps that you no longer use? n (%)
No

50 (25.77)

83 (26.02)

133 (25.93)

Yes

144 (74.23)

236 (73.98)

380 (74.07)

Monitoring by a specialist was not offered

21 (14.58)

80 (33.90)

101 (26.58)

The app language was not in the local language

45 (31.25)

48 (20.34)

93 (24.47)

There were hidden costs

21 (14.58)

37 (15.68)

58 (15.26)

Loss of interest

17 (11.81)

30 (12.71)

47 (12.37)

The app was confusing to use

30 (20.83)

34 (14.41)

64 (16.84)

I no longer need it, or I met my goals

10 (6.94)

7 (2.97)

17 (4.47)

Why do you no longer use them? n (%)

Discussion
Principal Findings
The survey found that only 43% of respondents used
weight-management apps. Most users were young, educated
women with a high income, and were overweight or obese.
Overweight or obese users download a weight-management app
mostly to lose weight, whereas normal-weight participants, on
the contrary, download a weight-management app mainly to
monitor food intake and track physical activity. The feature of
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the weight-management app that overweight or obese users
desired most was the possibility to be monitored by a specialist,
whereas the least desired feature was the constant reminders to
follow a diet or exercise. On the contrary, normal-weight
participants mainly desired apps that could provide nutrition
information and calorie content of food items through barcode
identification.
Among all users of a weight-management app, this study found
that one of the main reasons for discontinuing use was that the
language of the app was not the local language of the user.
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Among overweight or obese users, another main reason was
lack of monitoring by a specialist, and among normal-weight
users, difficulty of use.

Comparison With Previous Work
In this study, 43% of the study sample currently used
weight-management apps. A similar survey by Krebs and
Duncan showed health app use among US adults to be about
60% [17]. Cultural differences and the newness of app use for
health and weight management in the Saudi population may
explain the difference [19].
Findings regarding the characteristics of weight-management
app users in our survey are consistent with the results of a
previous large-scale study in the United States [20]; we also
found that most participants were young, had a higher income,
had higher education, and reported very good or excellent health.
Age and education were found to be important predictors for
using mobile phones and apps as younger people are more
exposed to mobile technology than the elderly, resulting in a
higher utilization of mobile health-related apps [21]. We also
found that the highest use of weight-management apps was
among women. Women’s high use of weight-management apps
in our study is in line with previous investigations that showed
women were more concerned about their health status and
tended to follow a healthier dietary pattern than men [22]. We
also found more overweight or obese participants used such
apps (mostly to lose weight) compared with normal-weight
participants, who mostly wanted to maintain their weight. This
is consistent with a previous study showing that
weight-management apps were mostly downloaded by
overweight or obese users, which may be because these users
are more concerned about their overall health than others [23].
We found that overweight or obese participants mostly preferred
to be monitored by a specialist compared with other features of
the app such as constant reminders to follow a diet or exercise.
A previous intervention found that, for encouraging healthy
behavior, individually tailored feedback and action plans were
preferable to general health instructions [24]. A randomized
controlled trial showed that individualized health apps were
more effective in addressing patients’ needs and provided the
high-quality information and support required by patients [25].
In our survey, the most frequent reason for downloading a
weight-management app, as reported by overweight or obese
users, was to reduce caloric intake, whereas normal-weight users
wanted to monitor their food intake. Among US health-related
app users, Krebs et al found that the main reason for
downloading apps was to track how much physical activity they
were getting (52.8%) [17]. Their findings, however, did not
differentiate between normal weight and overweight or obese
users. The difference in preference may be related to cultural
and social variables in Saudi Arabia rather than biological
reasons, although activities such as walking for women is
generally acceptable in major cities; this is not always the case
in rural parts of the country [26].
As for efficacy of use, more normal-weight users found that
weight-management apps helped them lose weight compared
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with overweight or obese users. A randomized controlled trial,
however, found that apps for weight loss did not affect the
weight of overweight primary care patients and were only useful
for individuals who were willing to self-monitor their calories
[27].
Participants in our survey also tended to discontinue use of the
app for various reasons such as monitoring by a specialist was
not offered and app was not in the local language. Similar
barriers were reported in a previous qualitative study on the
challenges of app use in supporting health behavior changes,
showing that users generally found health apps to be time
consuming, have unexpected costs, and lack the possibility of
consulting an expert [28]. A previous qualitative study restricted
to Saudi women only reported that only a few obese or
overweight women were aware of the availability of
weight-management apps and reported barriers of app use to
be lack of motivational support and the language of the app
[16].

Strengths and Limitations
The strength of this study is that it is the first of its kind to target
app users in Saudi Arabia. Additionally, it provides information
on the demographics of this particular region along with insight
into the extent of weight-management app use and barriers of
use, which varies from barriers in other regions. This study also
highlighted that weight-management apps are not only used by
overweight or obese adults but also by normal-weight adults
who wish to maintain their weight. Data on the differences in
perception of use between overweight and normal-weight adults
are also provided.
Although this is the first study to characterize user perspective
on weight-management apps in Riyadh, Saudi Arabia, there
were a few limitations. The main limitation was study design;
a causal relationship cannot be inferred, and usage patterns may
change over time. Second, the study sample included the city
of Riyadh only and was not representative of the general
population. A third limitation was the self-recorded weight and
height of participants, which is a possible source of error.
Finally, as this was a convenience sample, it did not include
individuals who are overweight or obese but do not own mobile
phones, although a large percentage of the population use mobile
phones.

Conclusions
Although the majority of users believe that weight-management
apps are efficacious, considerable challenges remain. Given the
increasing prevalence of overweight and obesity in Saudi Arabia
and the high accessibility to mobile phones among adults, app
developers should address findings of this study, especially
regarding reasons for use and discontinuance. More specifically,
app developers should consider the aforementioned barriers by
developing apps in local languages and by developing apps
which are linked to health professionals to provide
individualized plans to manage the weight of both normal and
overweight adults.
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Abstract
Background: Self-monitoring of dietary intake is a valuable component of behavioral weight loss treatment; however, it declines
quickly, thereby resulting in suboptimal treatment outcomes.
Objective: This study aimed to examine a novel behavioral weight loss intervention that aims to attenuate the decline in dietary
self-monitoring engagement.
Methods: GoalTracker was an automated randomized controlled trial. Participants were adults with overweight or obesity
(n=105; aged 21-65 years; body mass index, BMI, 25-45 kg/m2) and were randomized to a 12-week stand-alone weight loss
intervention using the MyFitnessPal smartphone app for daily self-monitoring of either (1) both weight and diet, with weekly
lessons, action plans, and feedback (Simultaneous); (2) weight through week 4, then added diet, with the same behavioral
components (Sequential); or (3) only diet (App-Only). All groups received a goal to lose 5% of initial weight by 12 weeks, a
tailored calorie goal, and automated in-app reminders. Participants were recruited via online and offline methods. Weight was
collected in-person at baseline, 1 month, and 3 months using calibrated scales and via self-report at 6 months. We retrieved
objective self-monitoring engagement data from MyFitnessPal using an application programming interface. Engagement was
defined as the number of days per week in which tracking occurred, with diet entries counted if ≥800 kcal per day. Other assessment
data were collected in-person via online self-report questionnaires.
Results: At baseline, participants (84/100 female) had a mean age (SD) of 42.7 (11.7) years and a BMI of 31.9 (SD 4.5) kg/m2.
One-third (33/100) were from racial or ethnic minority groups. During the trial, 5 participants became ineligible. Of the remaining
100 participants, 84% (84/100) and 76% (76/100) completed the 1-month and 3-month visits, respectively. In intent-to-treat
analyses, there was no difference in weight change at 3 months between the Sequential arm (mean −2.7 kg, 95% CI −3.9 to −1.5)
and either the App-Only arm (−2.4 kg, −3.7 to −1.2; P=.78) or the Simultaneous arm (−2.8 kg, −4.0 to −1.5; P=.72). The median
number of days of self-monitoring diet per week was 1.9 (interquartile range [IQR] 0.3-5.5) in Sequential (once began), 5.3 (IQR
1.8-6.7) in Simultaneous, and 2.9 (IQR 1.2-5.2) in App-Only. Weight was tracked 4.8 (IQR 1.9-6.3) days per week in Sequential
and 5.1 (IQR 1.8-6.3) days per week in Simultaneous. Engagement in neither diet nor weight tracking differed between arms.
Conclusions: Regardless of the order in which diet is tracked, using tailored goals and a commercial mobile app can produce
clinically significant weight loss. Stand-alone digital health treatments may be a viable option for those looking for a lower
intensity approach.
Trial Registration: ClinicalTrials.gov NCT03254953; https://clinicaltrials.gov/ct2/show/NCT03254953 (Archived by WebCite
at http://www.webcitation.org/72PyQrFjn).
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Introduction
Background
Self-monitoring of dietary intake is a cornerstone of behavioral
weight loss treatment [1], and past research has demonstrated
that the frequency of self-monitoring is positively associated
with weight loss [2]. Despite its utility, dietary self-monitoring
typically declines over the course of treatment [2,3]. Novel
strategies are needed to improve dietary self-monitoring
engagement [4]. One strategy involves enriching self-monitoring
with other theoretically and empirically supported behavior
change techniques such as tailored goals and feedback, action
plans, and skills training [5,6].
A second strategy includes building mastery, self-efficacy, and
self-regulation—key constructs of behavior change in Carver’s
Control Theory [7] and Bandura’s Social Cognitive Theory
[8]— before asking participants to engage in dietary
self-monitoring. Fostering self-regulatory skills may provide
an opportunity for mastery and, in turn, strengthen self-efficacy
[9], which has been linked to greater weight reduction [10].
Behavioral weight loss interventions typically involve
self-monitoring multiple behaviors or outcomes simultaneously
during treatment [2,11,12], which can serve as an efficient
strategy for producing behavior change but may detrimentally
impede performance on each item or result in greater treatment
dropout [13,14]. Failing to develop mastery of a behavior can
weaken self-efficacy [15], leading to worse treatment outcomes.
In addition, when people begin to self-monitor a behavior less
frequently, it is likely that they will also self-monitor a
corresponding behavior less frequently, as demonstrated in an
analysis of self-monitoring patterns [16].
We propose a novel solution that aims to attenuate the decline
in engagement by employing a sequential [17] self-monitoring
approach, wherein individuals track only body weight for a
period of time and then begin to track diet. Tracking body
weight was chosen as it requires minimal effort, provides an
opportunity for habit formation (eg, track every morning upon
waking), and is efficacious for weight loss [18]. We focused on
only self-monitoring of body weight during the first month
based on prior research demonstrating that enhanced engagement
in the first month of treatment may have long-lasting
repercussions [19]. Sequential approaches are based on the
premise that mastery is more easily obtained if only 1 new
behavior is targeted at a time [20,21]. Recent research finds that
both sequential and simultaneous approaches are effective for
behavior change [21] and that focusing on a single component

https://mhealth.jmir.org/2019/2/e12209/

XSL• FO
RenderX

instead of a multicomponent intervention produces comparable
weight loss [22], suggesting that a simpler approach is sufficient
to produce behavior change.
We tested this sequential strategy using a remotely delivered
intervention that utilizes a popular commercially available
mobile app—MyFitnessPal. Utilizing technology for
self-monitoring dietary intake has been shown to produce greater
adherence and less-pronounced declines in engagement than
traditional paper-based tracking methods [23,24]. As
demonstrated in recent reviews [25-27], smartphone apps can
produce significant weight loss, although most existing trials
that use commercial apps lack fully powered designs or are pilot
studies. Interventions without counseling that utilize commercial
technology for dietary self-monitoring have produced clinically
meaningful weight losses between 2.5 kg and 5.5 kg at 3 months
and beyond in recent studies [28-32].

Objectives
In the current randomized trial, we test a weight loss intervention
among adults with overweight or obesity that targets the
aforementioned strategies of including empirically supported
behavior change techniques, promoting mastery and self-efficacy
through self-monitoring of body weight before diet, and utilizing
a free, commercially available app (MyFitnessPal). We
hypothesize that a sequential approach will produce greater
weight loss and self-monitoring engagement at 3 months
compared with a traditional simultaneous approach and to an
“off-the-shelf” app.

Methods
Study Design Overview
GoalTracker was a 3-arm randomized controlled trial comparing
3 stand-alone weight loss interventions: (1) a Simultaneous
self-monitoring arm in which participants simultaneously
tracked body weight and dietary intake each day and received
additional empirically supported behavior change techniques
(see Table 1) via email for the entirety of the intervention, (2)
a Sequential arm, consisting of identical intervention
components but allowing for mastery of 1 skill (ie,
self-monitoring of body weight) before beginning
self-monitoring of diet, and (3) an App-Only arm that tracked
only diet with no additional behavior change components. Study
evaluation visits were held at baseline, 1 month, and 3 months.
Self-reported weight was collected at 6 months. All study
procedures were approved by the Duke University Institutional
Review Board (protocol #: D0822; date of approval: 10/14/16).
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Table 1. Differences in intervention components between treatment arms.
Intervention component

Sima

Weight loss goal: 0.5-2.0 lb/week (tailored) ✓c
and 5% by 12 weeks

a

Seqb

App-Only
arm

Theoretical construct

Behavior change technique [5]

✓

✓

Self-regulation

Goal setting (outcome)

Calorie goal: tailored based on individual
factors and rate of weight loss; minimum
1200 kcal for women, 1500 kcal for men

✓

✓ (delayed)

✓

Self-regulation

Goal setting (behavior)

Self-monitoring of body weight: daily via
the app

✓

✓

—d

Self-regulation

Prompt self-monitoring of behavioral outcome

Self-monitoring of dietary intake: daily via ✓
the app

✓ (delayed)

✓

Self-regulation

Prompt self-monitoring of behavior

Facilitate mastery experience by first
tracking weight then tracking diet

—

✓

—

Self-efficacy; selfregulation; mastery

Set graded tasks

In-app real-time feedback

✓

✓

✓

Self-regulation; self- Provide feedback on performance
efficacy

Out-of-app summary feedback via weekly
email (tailored)

✓

✓

—

Self-regulation; self- Provide feedback on performance; prompt
efficacy
review of outcome goals; prompt review of
behavioral goals

Skills training via weekly email with struc- ✓
tured behavioral lesson and tips on how to
use features of the app

✓

—

Outcome expectancies; self-efficacy

Action plans via weekly email

✓

✓

—

Self-regulation; self- Action planning; motivational interviewing
efficacy
[33]; barrier identification/problem solving
[34]; prompt practice; plan social support/social change

Reminder of goals

✓

✓

—

Self-regulation

Prompt review of outcome goals; prompt
review of behavioral goals

In-app automated reminders to track diet
✓
and/or weight sent daily (App-Only received
reminders to track diet, Simultaneous received both diet and weight tracking reminders, and Sequential received weight
tracking for all 12 weeks and diet tracking
reminders starting in week 5)

✓

✓

Self-regulation

Teach to use prompts/cues

Provide information on consequences of
behavior in general; prompt generalization
of a target behavior; provide information
on when and where to perform the behavior;
provide instruction on how to perform the
behavior; environmental restructuring; plan
social support/social change; relapse prevention/coping planning

Sim: Simultaneous self-monitoring intervention arm.

b

Seq: Sequential self-monitoring intervention arm.

c

The component is present.

d

The component is not present.

Participants
Inclusion criteria comprised men and women aged 21 to 65
years with a body mass index (BMI) between 25.0 and 45.0
kg/m2 who were interested in losing weight through dietary
change. We required participants to have an iPhone or Android
smartphone, email address, access to a bathroom scale, and
written English fluency. Participants needed to be willing to
download the mobile app on their phone and not track diet or
body weight using any other modality (eg, other health or weight
tracking apps, websites, and paper diaries) for the duration of
the intervention. We excluded participants if they were enrolled
in another weight loss intervention, had used MyFitnessPal to
https://mhealth.jmir.org/2019/2/e12209/
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track diet in the past 6 months, had lost ≥10 lb or used a weight
loss medication in the past 6 months, had previous or planned
bariatric surgery, or if weight loss would be contraindicated
(eg, pregnancy or <12 months postpartum or in need of medical
or psychiatric intervention such as for cancer diagnosis, eating
disorder, uncontrolled hypertension, diabetes mellitus,
cardiovascular event, or congestive heart failure). A total of 2
criteria were amended during the trial recruitment to promote
generalizability of findings: the BMI criteria were expanded to
include participants in the 40.0 to 45.0 kg/m2 range, and the
weight change criteria were adjusted to no longer exclude
individuals who gained more than 10 lb in the past 6 months.
The institutional review board approved both amendments.
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12209 | p.376
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Recruitment
Recruitment occurred between April and September 2017 in
central North Carolina via a university-affiliated research
website and listservs, social media postings (Twitter and
Facebook), ClinicalTrials.gov registry, and community
advertisements (Craigslist, Nextdoor, and paper flyers).
Advertisements provided a description of the study and
eligibility criteria. Participants were enrolled on a rolling basis
until we met our intended sample size.

Procedure
We directed interested individuals to a study website with
descriptive information and a screening questionnaire that
assessed all eligibility criteria, including participants’ height
and weight. Study personnel contacted eligible candidates within
3 business days to schedule an in-person baseline visit. During
the baseline visit, trained study staff obtained written informed
consent, confirmed eligibility, collected anthropometric
measurements, and assisted participants in installing and
navigating the MyFitnessPal mobile app; participants then
completed an online survey.
Using simple random assignment, participants were then
randomized by study staff to 1 of 3 treatment arms using Excel’s
random number generator to allocate participants equally (1:1:1)
across conditions. Randomization was revealed to participants
by study personnel; as such, study staff were not blinded to
treatment allocation but were blinded to the allocation sequence.
Participants then reviewed materials describing their treatment
condition and goals (see Intervention Design section below) in
writing and with study staff to reduce contamination.
In-person follow-up visits occurred at 1 month and 3 months.
At 1 month, study staff provided participants with information
on their goals for the remainder of the intervention (see
Intervention Design section below for details). We compensated
participants with Amazon electronic gift cards (US $12 at
baseline, US $6 for each follow-up visit, and US $5 bonus for
completing dietary measures). Questionnaires were administered
in English via a desktop computer. There was no contact with
participants from months 3 to 6, and participants were not asked
to self-monitor in MyFitnessPal during this time (though they
could still do so if desired). At 6 months, study staff contacted
participants via email and text message to collect self-reported
body weight. Data collection ended in March 2018.

Intervention Design
Participants were randomized to 1 of 3 conditions: (1)
Simultaneous, (2) Sequential, or (3) App-Only, as outlined
below and in Table 1. The CALO-RE taxonomy is used to
describe behavior change techniques [5]. The intervention period
lasted 12 weeks.

Common Components
All treatment arms self-monitored dietary intake using
MyFitnessPal, a free commercial app that allows users to log
food and beverages and provides nutritional information from
a database with over 6 million foods [35]. This app has high
acceptability [36]. In-app feedback in both graphical and text
format provides users with real-time progress updates. When
https://mhealth.jmir.org/2019/2/e12209/
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setting up participants’ MyFitnessPal accounts, study staff
entered an end goal weight that corresponded with losing 5%
of their initial body weight by 12 weeks. On the basis of this
goal and the participant’s current weight, a weekly weight loss
goal between 0.5 and 2.0 pounds was calculated. Along with
the Mifflin-St. Jeor equation that factors in basal metabolic rate
[37], this value was used to determine a tailored daily calorie
goal, with a minimum caloric goal of 1200 kcal/day for women
and 1500 kcal/day for men. During the baseline visit, in-app
push-reminders were programmed to be sent each day if tracking
had not occurred by a prespecified time in the evening. No
structured dietary advice (eg, follow a low carbohydrate diet)
was given to participants. Of note, study staff also created a
Fitbit account for each person via the platform’s website and
linked this account with MyFitnessPal. Participants were not
given a Fitbit device and they were never asked to use this Fitbit
account; its sole purpose was for accessing MyFitnessPal’s data
using Fitbit’s application programming interface (API). In the
App-Only arm, MyFitnessPal served as an “off-the-shelf,”
self-guided approach that the general US population can already
access for free in the commercial marketplace.

Both Simultaneous and Sequential Arms
In addition to the common intervention components, participants
in the Simultaneous and Sequential arms were asked to
self-weigh and enter their body weight in the app each day.
Each week, study staff sent participants an email with tailored
feedback that was automatically generated using Microsoft
Word’s Mail Merge feature. This feedback email described the
participants’ overall weight loss progress and their progress on
each goal in the past week, including track weight daily, meet
weekly weight loss goal, track diet daily, and meet daily calorie
goal (the latter 2 goals not given to Sequential participants until
week 5). Feedback on weight outcomes was provided as long
as 1 weight was recorded in the past week. Individuals who did
not track their weight in the past week received a message
stating “Make sure to enter your weight in MyFitnessPal so that
we can give you helpful insights!” Feedback pertaining to the
calorie goal included only days with complete food diaries (≥800
kcal) [38]. This calorie feedback was not given to the Sequential
arm until week 5.
Each week, participants were also sent skills training materials
via email on a different day, including a researcher-designed
tip on using different features of the app (eg, using the barcode
scanner) accompanied by step-by-step screenshots of the app,
a lesson on nutrition or behavior change (eg, reducing sugary
foods and managing food intake on vacations; see Multimedia
Appendix 1 for an example) adapted from gold-standard weight
loss curriculum [39,40], and a brief online action plan to
reinforce the weekly lesson. Accessed via a link to a Qualtrics
survey, action plans incorporated motivational interviewing and
problem-solving strategies [33,34] and included the following
types of components: identifying current behaviors and beliefs;
evaluating confidence and reasons for change; thinking about
the when, where, and what of each action; brainstorming
potential barriers that may arise and crafting solutions;
identifying a support person; and reviewing past action plans
(see Tables 2 and 3 for lesson and tip topics).
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12209 | p.377
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Table 2. Topics of structured lessons.
Week

Lesson topic

1

Overview of the program (losing 5% weight, self-monitoring); calorie balancea

2

Red zone foods; green zone foods

3

Reading food labelsa

4

Reducing sugar

5

Portion control

6

Preparing meals at home; shopping tips

7

Eating out

8

Social support

9

Environmental cues; vacations and holidays

10

Emotional eating

11

Slippery slope; weight loss maintenance; relapse prevention

a

In these 2 lessons for the Sequential treatment arm, there was no discussion of tracking diet or adhering to a calorie goal. Otherwise, all lesson content
was identical between the arms.
Table 3. Tips for using the MyFitnessPal app.

a

Week

Tips for Simultaneous arm

Tips for Sequential arm

Sent after baseline visit

A: How to track body weight; B: How to view weight
progress; C: How to track a food item; D: How to view
your calorie goal and the foods you have tracked

A: How to track body weight; B: How to view weight
progress

1

How to use the barcode scanner

How to delete a weight entry

2

How to use multiadd to speed up food tracking

How to add progress photos

3

How to view nutrition progress

How to change reminders to track (weight)

4

A: How to delete a weight entry; B: How to add progress
photos

How to recruit a friend to use MyFitnessPal

Sent after 1MVa

—b

A: How to track a food item; B: How to view your calorie
goal and the foods you have tracked

5

How to track food from a restaurant

How to use the barcode scanner

6

A: How to create a meal; B: How to log a meal

How to use multiadd to speed up food tracking

7

A: How to add a recipe; B: How to log a recipe

How to view nutrition progress

8

How to use the “Complete Diary” feature

How to track food from a restaurant

9

How to change reminders to track (weight and food)

A: How to create a meal; B: How to log a meal

10

How to customize meal names

A: How to add a recipe; B: How to log a recipe

11

How to recruit a friend to use MyFitnessPal

A: How to use the “Complete Diary” feature; B: How to
customize meal names

1MV: 1-month visit.

b

Data are not applicable (no tips were provided to the Simultaneous arm directly after the 1-month visit).

Sequential Arm’s Self-Monitoring and Feedback
Individuals in the Sequential arm received the same intervention
components as the Simultaneous arm, but they did not begin
self-monitoring dietary intake until week 5 of the intervention.
They did not receive a calorie goal until their 1-month evaluation
visit, nor were their in-app reminders for tracking diet set up
before this time point. The Sequential arm’s weekly feedback
emails did not mention diet tracking or the calorie goal until
they began tracking diet. In addition, their weekly app usage
tips did not describe diet-tracking tips until after the first month
https://mhealth.jmir.org/2019/2/e12209/
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(see Table 3). Like the Simultaneous arm, they were still
encouraged to make healthy dietary changes during the first
month as suggested in the weekly lessons and action plans, but
these lessons did not mention tracking diet or adhering to a
calorie goal.

Outcome Measures
Primary Outcome: Change in Weight
The primary outcome was weight change at 3 months. We
measured body weight using a calibrated electronic scale (SECA
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e12209 | p.378
(page number not for citation purposes)
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876) at baseline, 1 month, and 3 months in light clothing with
shoes removed. Height was measured to the nearest 0.1 cm
using a calibrated, wall-mounted stadiometer (SECA 222).
Baseline height was used for calculation of BMI at all time
points. We collected self-reported body weight at 6 months and
asked participants to send a photo with their feet on the scale
displaying the value in either kg or lb. We assessed the
proportion of participants at 3 months who achieved weight
loss of ≥3% and ≥5% from baseline.

Self-Monitoring Engagement Data
We used a software engine developed at Duke—Prompt—to
collect participants’ objective MyFitnessPal self-monitoring
data; Prompt retrieved these data using the API of Fitbit, which
was linked to each participant’s MyFitnessPal account. Primary
outcomes for self-monitoring engagement span from day 1 (the
day after participants’ baseline visit) to day 83 and were
categorized into the first 4 weeks in the intervention (days 1-28),
the final 2 months (days 29-83), and the entire 83-day
intervention period. Exploratory analyses examined engagement
data after the intervention ended up to 6 months (day 183) post
randomization.
For all self-monitoring data, we only counted days with
complete diet entries (ie, recording ≥800 kcal/day [38]). We
examined the median number of days per week that participants
self-monitored weight and diet, as well as the percentage of
days that entries were recorded (ie, number of days with entries
recorded divided by number of days instructed to record an
entry, multiplied by 100).

Engagement in Action Plans
Percentage of action plans completed was examined through
objective Qualtrics survey data: each action plan was coded as
“completed” or “not completed.” The completion status of each
action plan was combined to generate a summary score with a
possible range of 0% to 100% (indicative of 11 out of 11 action
plans completed).

Engagement in Feedback Email
In the 3-month survey, we assessed participants’ self-reported
frequency of reading their weekly feedback email, with the
question “How frequently did you read your weekly Progress
Reports (sent via email), on average?” and 5 response options
(Several times per week, One time per week, Less than 1 time
per week, Less than 1 time per month, or Never).

Sociodemographic and Clinical Characteristics
At baseline, we collected data on participant demographics,
socioeconomic status, and type of smartphone. To assess past
MyFitnessPal use, we asked the Pew Research Center’s
question: “What kind of health apps do you currently have on
your phone?” [41]; if the “Diet, Food, Calorie Counter” response
option was selected, then the open-ended question “What are
the names of the diet, food, or calorie-counting apps that you
used on your phone?” was asked.

Patel et al
of diet in the month before baseline were each measured with
a 7-point scale ranging from several times per day to never [42].

Statistical Analysis
Sample size was calculated based on power to detect a 3.5 kg
difference in weight change at 3 months between the Sequential
arm and the App-Only arm (our primary comparison) using
3-month results from previous remotely delivered weight loss
interventions for our Sequential arm [43] (results in kilograms
were provided upon request by the author) and our App-Only
arm [44]. Our power analysis (G*Power 3.1.9.2.) determined
that 31 participants per group were needed to achieve 80%
power for a 2-sided test with an alpha level of .05. To account
for attrition of 10% and to obtain equal-size groups, we aimed
to recruit 105 participants (35 per group). In exploratory
analyses, we compared weight change between the Sequential
arm and the Simultaneous arm, although we were not adequately
powered to detect a significant effect.
For the baseline characteristics, we computed descriptive
statistics stratified by treatment arm. To determine whether
baseline characteristics differed by retention status, we used the
Pearson chi-square test for categorical variables, analysis of
variance for continuous variables, and Fisher exact tests with
small cell counts. All analyses were 2-tailed. Participants who
became ineligible during the study period up to 3 months were
excluded from the analyses. Investigators remained blinded to
outcomes until the completion of the 6-month trial.
We used intent-to-treat analyses to test our primary aim using
linear mixed modeling with an unstructured covariance matrix
and restricted maximum likelihood estimates to examine changes
in weight over time by treatment arm. We did not control for
any additional variables, and we assumed missing at random
and used SAS 9.4 PROC MIXED (SAS Institute) for these
analyses. For 6-month weight values sent via photo, we
subtracted 0.172 kg (0.4 lb) to account for participants holding
a device on the scale to take the photo. To account for the
6-month self-reported weight data without photos, we used a
regression model to adjust for age, gender, and race/ethnicity
[45]. Participants who sent a photo of their 6-month weight did
not differ on any measured sociodemographic characteristics
from those who did not send a photo (data not shown). We used
chi-square tests to assess proportion of participants achieving
≥3% and ≥5% weight loss; we assumed noncompleters did not
achieve this clinical threshold.
Given non-normally distributed intervention engagement data,
we reported medians and interquartile ranges (IQR). To examine
differences between treatment arms, we used Wilcoxon
Mann-Whitney U tests (if 2 arms) and the Kruskal-Wallis tests
(if 3 arms). We used Spearman rank correlation coefficients (rs)
to examine the relation between self-monitoring engagement
and change in weight. We also assessed for contamination by
exploring whether participants self-monitored when they were
not expected to do so.

We also assessed whether participants had ever been told by a
doctor or other health professional that they had prediabetes or
hypertension. Self-monitoring of weight and self-monitoring
https://mhealth.jmir.org/2019/2/e12209/
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Results
Participant Enrollment and Retention
Of the 670 individuals who completed the online screen for
eligibility, 58.3% (391) were ineligible, whereas 23.7% (159)
were invited to attend the baseline visit. We enrolled 105
participants and randomized them equally to 3 treatment arms
(n=35, for each; see Figure 1 for Consolidated Standards of
Reporting Trials [CONSORT] diagram). During the trial, 5
participants became ineligible (3 because of pregnancy, 1
because of cancer diagnosis, 1 because of previously undisclosed
eating disorder). Of the remaining 100 participants, 84.0% (84
of 100) completed the 1-month visit and 76.0% (76 of 100)
completed the 3-month visit. Between 3 and 6 months, one
additional participant became ineligible because of pregnancy.
At 6 months, 78% (77 of 99) of participants self-reported their
weight. Participant retention did not differ significantly between
arms at any time point (1 month: P=.84; 3 months: P=.23; 6
months: P=.32). We had no missing self-monitoring engagement
data.

Baseline Characteristics

Patel et al

Intervention Engagement
As expected, the Sequential arm tracked weight significantly
more days than the App-Only arm (who was not asked to track
weight) over the 12-week intervention; median (IQR) 70%,
(28%-90%) vs 1% (0%-8%), respectively (P<.001). In
exploratory analyses, the frequency of days participants
self-monitored weight did not differ between the Simultaneous
arm (73%; 25%-90%) and the Sequential arm over 12 weeks
(P=.92).
As expected, the frequency with which the Sequential arm and
the App-Only arm tracked diet in weeks 1 to 4 was significantly
different (see Table 6). Between weeks 5 and 12 (once the
Sequential arm began tracking diet), there was no longer a
significant difference between the Sequential and App-Only
arms; 27% (4%-80%) vs 21% (0%-62%), respectively (P=.54).
In exploratory analyses, there were no significant differences
in the frequency of days of self-monitoring diet between the
Simultaneous and App-Only arms over the intervention period;
77% (27%-96%) vs 42% (17%-75%), P=.10. Table 6 displays
additional self-monitoring and action plan completion outcomes
(see Figures 3 and 4 for weekly data).

Table 4 illustrates the baseline characteristics of GoalTracker
participants. At baseline, participants had a mean age (SD) of
42.7 (11.7) years and BMI of 31.9 (4.5) kg/m2 and were
predominantly female (84/100) and employed (78/100).
One-third (33/100) were racial or ethnic minorities, most were
married or living with a partner (64/100), and the majority had
at least a college education (83/100). The majority (56/100) did
not track diet in the month before baseline, although most had
experience tracking body weight (87.0%). Completers at 3
months differed from noncompleters in race or ethnic minority
status (P=.03), with 16% (11/67) of non-Hispanic white
participants and 39% (13/33) of racial or ethnic minority
participants missing the visit.

Relation Between Self-Monitoring Frequency and
Weight Change

Weight Loss

Contamination

Figure 2 displays weight change over time by treatment arm.
Weight change was significant over time for all arms (see Table
5). In our primary analysis, the Sequential arm did not
significantly differ from the App-Only arm in weight change
at 1 month (P=.06), 3 months (P=.78), or 6 months (P=.72). In
exploratory analyses, the Sequential arm did not differ from the
Simultaneous arm in weight change at 1 month (P=.36), 3
months (P=.92), or 6 months (P=.45).

The median (IQR) frequency of days that App-Only participants
tracked weight in the MyFitnessPal app during the 3-month
intervention was 1% (0%-8%), and the frequency of days that
Sequential participants tracked diet during month 1 was 0%
(0%-0%; see Table 6 for absolute values).

The proportion of participants achieving at least 3% weight loss
at 3 months was similar between arms (Sequential: 44%, 15/34
vs App-Only: 29%, 10/34, P=.21; exploratory analysis:
Sequential vs Simultaneous 41%, 13/32, P=.77). Likewise,
weight loss of at least 5% at 3 months occurred in 21% of
Sequential participants (7/34) and 15% of App-Only participants
(5/34), which was not significantly different (P=.52). In
exploratory analyses, the proportion of participants with ≥5%
weight loss did not significantly differ between the Sequential
arm and the Simultaneous arm (31% of participants, 10/32,
P=.32).

https://mhealth.jmir.org/2019/2/e12209/

XSL• FO
RenderX

The percentage of days weight was tracked was significantly
associated with 3-month weight change in both the Simultaneous
arm (rs=−.48, P=.02) and the Sequential arm (rs=−.47, P=.01).
In the same time period, the association between weight change
and the percentage of days with complete diet entries was
significant in the App-Only arm (rs=−.58, P=.003) but not for
the Simultaneous arm (rs=−.25, P=.24). The percentage of days
diet was tracked starting in week 5 for the Sequential arm was
significantly associated with weight change at 3 months
(rs=−.44, P=.02; see Table 7 for additional details).

Action Plan Completion
In the Simultaneous arm, the median (IQR) number of action
plans completed was 7.7 of 11—70% (14%-91%)—compared
with 3 of 11—27% (9%-82%)—in the Sequential arm; in
exploratory analyses, this difference was not statistically
significant (P=.21). Percent action plan completion was
significantly related to weight change at 3 months in the
Sequential arm (rs=−.60, P<.001) but not in the Simultaneous
group (rs=−.07, P=.75).

Review of Feedback Email
Most participants (35/52; 67%) reported reading their weekly
feedback email at least once per week, whereas 12% (6/52) of
participants reported never reading them. In exploratory
analyses, there were no significant differences between the
Simultaneous and the Sequential arm (P=.90).
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Figure 1. Consolidated Standards of Reporting Trials (CONSORT) flow diagram. BMI: body mass index.
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Table 4. Baseline characteristics by treatment arm.
Characteristic at baseline

Total (N=100a)

Simultaneous (n=32)

Sequential (n=34)

App-Only (n=34)

Age (years), mean (SD)

42.7 (11.7)

43.8 (13)

42.1 (11)

42.3 (12)

Male

16 (16.0)

8 (25)

4 (12)

4 (12)

Female

84 (84.0)

24 (75)

30 (88)

30 (88)

Married or living with partner

64 (64.0)

22 (69)

18 (53)

24 (71)

Not married or living with
partner

36 (36.0)

10 (31)

16 (47)

10 (29)

Non-Hispanic white

67 (67.0)

21 (66)

23 (68)

23 (68)

Non-Hispanic black

22 (22.0)

9 (28)

6 (18)

7 (21)

Hispanic (all races)

3 (3.0)

0 (0)

2 (6)

1 (3)

Non-Hispanic other

8 (8.0)

2 (6)

3 (9)

3 (9)

Less than college graduate

17 (17.0)

7 (22)

6 (18)

4 (12)

College graduate or above

83 (83.0)

25 (78)

28 (82)

30 (88)

Employed, full-time

67 (67.0)

20 (63)

27 (79)

20 (59)

Employed, part-time

11 (11.0)

3 (9)

1 (3)

7 (21)

Not employed

22 (22.0)

9 (28)

6 (18)

7 (21)

Gender, n (%)

Marital status, n (%)

Race/ethnicity, n (%)

Education, n (%)

Employment status, n (%)

Annual household income, in US dollars, n (%)
$0-$49,999

26 (26.0)

8 (25)

9 (27)

9 (27)

$50,000-$99,999

36 (36.0)

14 (44)

12 (35)

10 (29)

$100,000 or greater

34 (34.0)

9 (28)

11 (32)

14 (41)

Unknown/not reported

4 (4.0)

1 (3)

2 (6)

1 (3)

89.6 (16.0)

89.3 (17)

90.8 (17)

88.6 (15)

31.3 (4)

32.6 (5)

31.7 (4)

40 (40.0)

13 (41)

12 (35)

15 (44)

Class 1 obesity, 30-34.9 kg/m2 38 (38.0)

14 (44)

13 (38)

11 (32)

Class 2 obesity, 35-39.9 kg/m2 17 (17.0)

4 (13)

6 (18)

7 (21)

Class 3 obesity, 40+ kg/m2

1 (3)

3 (99)

1 (3)

Weight, mean (SD), kg

Body mass index, mean (SD), kg/m2 31.9 (4.5)
Body mass index category, n (%)
Overweight, 25-29.9 kg/m2

5 (5.0)

Self-monitoring of diet frequency, n (%)
Daily

6 (6.0)

1 (3)

2 (6)

3 (9)

1 to 6 times per week

14 (14.0)

6 (19)

4 (12)

4 (12)

Less than 1 time per week

24 (24.0)

4 (13)

11 (32)

9 (27)

Never

56 (56.0)

21 (66)

17 (50)

18 (53)

Self-monitoring of weight frequency, n (%)
Daily

11 (11.0)

6 (19)

2 (6)

3 (9)

1 to 6 times per week

35 (35.0)

6 (19)

14 (41)

15 (44)

Less than 1 time per week

41 (41.0)

13 (41)

16 (47)

12 (35)
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Total (N=100a)

Simultaneous (n=32)

Sequential (n=34)

App-Only (n=34)

13 (13.0)

7 (22)

2 (6)

4 (12)

iPhone

54 (54.0)

17 (53)

16 (47)

21 (62)

Android

46 (46.0)

15 (47)

18 (53)

13 (38)

6 (19)

9 (27)

5 (15)

Characteristic at baseline
Never
Type of smartphone, n (%)

MyFitnessPal already on phone be- 20 (20.0)
fore study, n (%)
a

Five participants omitted because they became ineligible during the intervention period.

Figure 2. Weight change over time by treatment arm. Data were included for 100 participants; mean (SD) values were estimated using an intention-to-treat
analysis with a linear mixed-model.

Table 5. Change in weight and body mass index (intent-to-treat).
Outcome by time point

Mean (95% CI)
Simultaneous

Sequential

App-Only

Between-group difference
(Seqa vs App-Only)b

Weight change from baseline (kg)
1 month
3 months
6 months

c

−1.25 (−1.97 to −0.53)

−0.80 (−1.49 to −0.10)

−1.76 (−2.48 to −1.05)

0.97 (−0.03 to 1.97)

−2.75 (−4.01 to −1.49)

−2.67 (−3.85 to −1.49)

−2.43 (−3.69 to −1.16)

−0.24 (−1.97 to 1.49)

−3.05 (−4.57 to −1.52)

−2.25 (−3.66 to −0.85)

−1.88 (−3.41 to −0.34)

−0.38 (−2.46 to 1.71)

BMId change from baseline (kg/m2)

a

1 month

−0.46 (−0.71 to −0.21)

−0.29 (−0.53 to −0.05)

−0.63 (−0.88 to −0.38)

0.35 (0 to 0.69)

3 months

−0.99 (−1.44 to −0.55)

−0.95 (−1.37 to −0.54)

−0.88 (−1.32 to −0.43)

−0.08 (−0.69 to 0.53)

6 monthsc

−1.06 (−1.60 to −0.52)

−0.81 (−1.31 to −0.32)

−0.67 (−1.21 to −0.13)

−0.15 (−0.88 to 0.59)

Seq: Sequential self-monitoring intervention arm.

b

This is the primary comparison; the App-Only arm is the reference group.

c

One additional participant was omitted in analyses (App-Only arm) at 6-months due to becoming ineligible after the intervention period and before
6-months.
d

BMI: body mass index.
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Table 6. Self-monitoring engagement by treatment arm.
Self-monitoring engagement by time Median (interquartile range)
period
Simultaneous (n=32)

Sequential (n=34)

App-Only (n=34)

P value

Baseline to 4 weeks (out of 28 days)
Number of days per week
tracked weight

6.25 (2.63 to 6.75)

5.75 (3.50 to 6.50)

0 (0 to 0.75)

—a

Number of days per week
tracked diet

6.50 (3.88 to 7.00)

0 (0)

5.38 (2.25 to 7.00)

—

Percentage of days tracked
weight

89 (37 to 96)

82 (50 to 93)

0 (0 to 11)

.52b; <.001c

0 (0)

77 (32 to 100)

.37d; <.001c

Percentage of days tracked diet 93 (55 to 100)
5 to 12 weeks (out of 55 days)
Number of days per week
tracked weight

4.50 (0.69 to 6.13)

4.06 (0.75 to 6.63)

0 (0 to 0.25)

—

Number of days per week
tracked diet

4.88 (0.44 to 6.56)

1.88 (0.25 to 5.50)

1.44 (0 to 4.25)

—

Percentage of days tracked
weight

65 (10 to 89)

59 (11 to 95)

0 (0 to 4)

.95b; <.001c

27 (4 to 80)

21 (0 to 62)

.54c; .17e

Percentage of days tracked diet 70 (6 to 95)
Entire intervention (out of 83 days)
Number of days per week
tracked weight

5.08 (1.75 to 6.25)

4.83 (1.92 to 6.25)

0.08 (0 to 0.58)

—

Number of days per week
tracked diet

5.33 (1.83 to 6.67)

—f

2.92 (1.17 to 5.17)

—

Percentage of days tracked
weight

73 (25 to 90)

70 (28 to 90)

1 (0 to 8)

.92b; <.001c

Percentage of days tracked diet 77 (27 to 96)

—f

42 (17 to 75)

.10d

Percentage of action plans
completed

27 (9 to 82)

—

.21b

70 (14 to 91)

13 weeks to 6 months (postintervention; out of 99 days)g
Number of days per week
tracked weight

0.32 (0 to 0.89)

0.43 (0 to 1.64)

0 (0 to 0.14)

—

Number of days per week
tracked diet

0.14 (0 to 1.18)

0 (0 to 0.29)

0 (0 to 0.43)

—

Percentage of days tracked
weight

5 (0 to 14)

7 (0 to 23)

0 (0 to 2)

.78b; .004c

0 (0 to 5)

0 (0 to 6)

.96c; .43e

Percentage of days tracked diet 3 (0 to 17)
a

Not applicable.

b

Simultaneous arm versus Sequential arm.

c

Sequential arm versus App-Only arm.

d

Simultaneous arm versus App-Only arm.

e

All arms.

f

As the Sequential arm did not track diet in the first 4 weeks of the intervention, their results for the “Entire intervention” section would be the same as
the results in the “5 to 12 weeks” section above.
g

One additional participant was omitted in analyses (App-Only arm) at 6 months because of becoming ineligible after the intervention period and before
6-months.
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Figure 3. Self-monitoring of weight per intervention week by treatment arm.

Figure 4. Self-monitoring of dietary intake per intervention week by treatment arm.
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Table 7. Spearman rank correlation between engagement metrics and weight change. The table displays correlations and P values for the treatment
arms that were asked to track during the given time period.
Engagement metric

Weight change by 1 month

Weight change by 3 months

Percentage of action plans completed

—a

Both: −.41b

—

Simc: −.07

—

Seqd: −.60b

Both: −.35b

Both: −.40b

Sim: −.40e

Sim: −.51e

Seq: −.29

Seq: −.34

Both: −.42b

Both: −.40b

Sim: −.36

Sim: −.30

Appf: −.51b

App: −.48b

Both: −.44b

Both: −.48b

Sim: −.37

Sim: −.49e

Seq: −.54b

Seq: −.46e

Allg: −.37b

All: −.42b

Sim: −.24

Sim: −.27

Seq: −.50b

Seq: −.44e

App: −.52b

App: −.55b

Both: −.44b

Both: −.47b

Sim: −.40e

Sim: −.48e

Seq: −.50b

Seq: −.47e

Both: −.35b

Both: −.42b

Sim: −.30

Sim: −.25

Baseline to 4 weeks
Percentage of days tracked weight

Percentage of days tracked diet

5 to 12 weeks
Percentage of days tracked weight

Percentage of days tracked diet

Entire intervention
Percentage of days tracked weight

Percentage of days tracked dieth

b

App: −.58b

Both: −.50b

Both: −.43b

Sim: −.49b

Sim: −.43e

Seq: −.59b

Seq: −.43e

Both: −.29b

All: −.35b

Sim: −.27

Sim: −.17

Seq: −.42e

Seq: −.47e

App: −.20

App: −.39

App: −.52
13 weeks to 6 months (post intervention period)i
Percentage of days tracked weight

Percentage of days tracked diet

a

Not applicable.

b

P<.01.

c

Sim: Simultaneous self-monitoring arm.

d

Seq: Sequential self-monitoring arm.

e

P<.05.
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f

App: App-Only self-monitoring arm.

g

All: All 3 treatment arms.

h

As the Sequential arm did not track diet in the first 4 weeks of the intervention, their results for the “Entire intervention” section would be the same
as the results in the “5 to 12 weeks” section above.
i

One additional participant was omitted in analyses (App-Only arm) at 6 months because of becoming ineligible after the intervention period and before
6-months.

Discussion
Principal Findings
A low-intensity intervention utilizing a commercial app for
self-monitoring resulted in comparable weight loss at 3 months,
with no variability between the Sequential arm and the
“off-the-shelf” App-Only arm. Nevertheless, loss of 3% to 5%
of initial weight has been linked to improved health outcomes
[46,47], suggesting that GoalTracker is an efficacious
intervention for clinically meaningful weight loss.
The addition of evidence-based features such as weekly action
plans, behavioral lessons, and tailored feedback did not
substantially impact outcomes over and above the core
intervention (ie, self-monitoring and in-app feedback) during
our 12-week treatment, which parallels findings from several
digital health weight loss trials [30,48] but not others [6].
Although most commercial weight loss apps do not include
many evidence-based features [49], we suspect that weight loss
might still occur with the inclusion of goals, daily
self-monitoring, and a daily reminder to track. However, we
suspect that had the trial been of a longer duration, the benefit
of these enhanced features (eg, weekly lessons) would have
become apparent in the findings; indeed, by 6 months, trends
suggest continued weight loss at 6 months for the Simultaneous
arm and relatively less weight regain in the Sequential arm
compared with the App-Only arm.
Given that the GoalTracker trial compared 3 multicomponent
interventions, we are unable to isolate the effect of
self-monitoring diet and weight, along with each of the
additional intervention components. Using a factorial design in
consort with the multiphase optimization strategy (MOST) [50]
would allow researchers to investigate the unique impact of
each intervention component and then build and test an
optimized intervention.
We found that self-monitoring engagement was high and that
greater frequency of self-monitoring was related to greater
weight loss. Contrary to our hypothesis, the Sequential arm did
not demonstrate significantly greater engagement in
self-monitoring dietary intake than the App-Only arm. In fact,
once the Sequential arm was instructed to begin tracking diet
after the first month, they tracked only 27% of days. It is
possible that the Sequential arm participants’ minimal weight
loss in the first month may have negatively impacted their future
engagement or that being asked to track diet after a 1-month
period seemed like an additional burden that many were
unwilling to begin (indeed, almost half or 47% of Sequential
participants never or rarely [<20% of days] tracked diet in weeks
5 to 12 [data not shown]). Although the trial was not powered
to detect differences between the Simultaneous and Sequential
arms, it appears that the Simultaneous arm outperforms the
https://mhealth.jmir.org/2019/2/e12209/
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Sequential arm in frequency of tracking diet. This finding
suggests that concurrently tracking diet and weight may have
reinforced use of the app and activated the overarching goal of
losing weight [51], thus leading to high engagement in both
entities.
Future studies could consider framing the initial period before
self-monitoring diet as a time during which to build
self-regulatory skills rather than focus on weight loss, as has
been done previously [9]. We selected weight tracking as the
precursor to diet tracking for the Sequential arm because we
wanted a behavior that could target the theoretical constructs
of mastery—considered the best way to strengthen
self-efficacy—and self-regulation. Self-weighing is a
well-accepted strategy [52] in which mastery can be achieved
[16], and self-regulatory capacity can be strengthened [53]. It
is possible that providing more rationale for using a sequential
approach would have encouraged participants to engage in diet
tracking once asked to do so.

Comparison With Prior Work
Notably, GoalTracker is the first weight loss trial to compare a
sequential self-monitoring approach with a traditional approach
that asks participants to track multiple components
simultaneously. Previous work has compared a simultaneous
approach with either a sequential or single component approach
in other contexts, with mixed results [21,54]; no examination
has focused on self-monitoring or digital approaches for weight
loss.
The App-Only arm in GoalTracker performed better than
expected. Intervention participants in Laing et al’s trial used
the same MyFitnessPal app for diet tracking and lost 0.27 kg
at 3 months and 0.03 kg at 6 months and had poor intervention
engagement [44]. Possible explanations for the difference in
weight loss between Laing et al’s trial and GoalTracker include
GoalTracker’s use of specific goals to track diet daily and to
lose 5% of initial weight by a specified end date and usage of
phone-based reminder notifications.
In comparison with other randomized trials of commercial
[28,29,32,55-58] or researcher- designed [24,59,60] apps for
self-monitoring of diet, GoalTracker’s Simultaneous arm tended
to have greater adherence to diet tracking, whereas the
Sequential arm had lower adherence. Given that most weight
loss trials of commercial apps are pilot studies and/or were not
powered to detect an effect in weight change between treatment
arms [26,28,29,38,56,61], more fully powered studies are needed
that examine the efficacy of commercial apps for weight loss.
GoalTracker’s Simultaneous arm had a comparable or higher
proportion of participants achieving 5% weight loss compared
with other weight loss interventions that used mobile apps for
self-monitoring dietary intake (range: 26%-35%) [28,59,62,63]
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but lower rates than some interventions including counseling
(range: 42%-44%) [29,60,61].

Strengths
Strengths of this trial include the collection of objective
self-monitoring data for all participants via an API, use of a
popular commercially available smartphone app, and ability to
isolate the effect of a sequential versus simultaneous
self-monitoring approach. In addition, this trial mimicked
real-world weight loss experience (ie, no run-in period,
prebaseline visit, or orientation session); consequently, it is
possible that removal of these treatment barriers allowed for
inclusion of participants with lower motivation and readiness
to change. This design may have greater external validity but
may make it harder to detect an effect between arms. Another
strength was that the trial had little contamination between arms,
which has been a problem in past app-based trials where up to
50% of participants in no-treatment control arms were found
to have used commercial apps during the study period
[44,55,63].

Limitations
As this study was powered on superiority rather than
equivalency, we cannot definitively assert that the treatment
arms produce comparable weight loss. In addition, we collected
self-reported weight at 6-months because of logistical reasons;
however, we were encouraged to find that no additional attrition
occurred between 3 and 6 months, despite no contact occurring
during that period and no incentive given to provide a weight

Patel et al
value. As is common in behavioral interventions, we provided
minimal financial compensation to offset costs of attending
study visits. Although we acknowledge that financial
compensation can serve as an incentive for some to
participate—and thus, may result in response bias on self-report
measures—we expect this is unlikely, given that compensation
was appropriately low. In addition, neither study staff nor
participants were blinded to treatment arm, and we required
participants to have access to a bathroom scale, although this
mimics the real-world population who would track weight.
Finally, this study did not include a pure control arm without
an intervention, which may have led to an underestimation of
treatment effects, as could the possibility of data not actually
missing at random.

Conclusions
This study adds to the limited literature of randomized trials
that assess the efficacy of commercially available mobile apps
for weight loss [20,26]. In the GoalTracker trial, all 3 versions
of the intervention produced weight loss and had high
self-monitoring engagement, with no significant impact of
additional features nor differential findings between a sequential
versus simultaneous approach to self-monitoring. These results
suggest that regardless of the order in which diet is tracked,
using tailored weight and calorie goals and a commercial app
can produce clinically significant weight loss in one-third of
individuals. Stand-alone digital health treatments may be a
viable option for those looking for a lower intensity approach
who are willing and able to track.
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Abstract
Background: Fecal occult blood tests (FOBTs) are recommended by the US Preventive Services Task Force as a screening
method for colorectal cancer (CRC), but they are only effective if positive results are followed by colonoscopy. Surprisingly, a
large proportion of patients with a positive result do not follow this recommendation.
Objective: The objective of this study was to examine the effectiveness of text messaging (short message service, SMS) in
increasing adherence to colonoscopy follow-up after a positive FOBT result.
Methods: This randomized controlled trial was conducted with patients who had positive CRC screening results. Randomization
was stratified by residential district and socioeconomic status (SES). Subjects in the control group (n=238) received routine care
that included an alert to the physician regarding the positive FOBT result. The intervention group (n=232) received routine care
and 3 text messaging SMS reminders to visit their primary care physician. Adherence to colonoscopy was measured 120 days
from the positive result. All patient information, including test results and colonoscopy completion, were obtained from their
electronic medical records. Physicians of study patients completed an attitude survey regarding FOBT as a screening test for
CRC. Intervention and control group variables (dependent and independent) were compared using chi-square test. Logistic
regression was used to calculate odds ratios (ORs) and 95% CIs for performing colonoscopy within 120 days for the intervention
group compared with the control group while adjusting for potential confounders including age, gender, SES, district, ethnicity,
and physicians’ attitude.
Results: Overall, 163 of the 232 patients in the intervention group and 112 of the 238 patients in the control group underwent
colonoscopy within 120 days of the positive FOBT results (70.3% vs 47.1%; OR 2.17, 95% CI 1.49-3.17; P<.001); this association
remained significant after adjusting for potential confounders (P=.001).
Conclusions: A text message (SMS) reminder is an effective, simple, and inexpensive method for improving adherence among
patients with positive colorectal screening results. This type of intervention could also be evaluated for other types of screening
tests.
Trial Registration: ClinicalTrials.gov NCT03642652; https://clinicaltrials.gov/ct2/show/NCT03642652 (Archived by WebCite
at http://www.webcitation.org/74TlICijl)
(JMIR Mhealth Uhealth 2019;7(2):e11114) doi:10.2196/11114
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Introduction
Colorectal cancer (CRC) is a major cause of morbidity and
mortality throughout the world. It is the second most common
malignant disease [1,2], with 90% survival when it is identified
early and immediate surgical intervention is performed. In Israel,
the screening policy for average-risk individuals aged 50-75
years is an annual fecal occult blood test (FOBT) [3]. A patient
with positive FOBT result requires immediate follow-up with
colonoscopy, and surgery should be performed when CRC is
detected. A delay in follow-up markedly undermines the benefits
of CRC screening, including incidence, mortality, life-years
saved, and net costs of screening [4-7]. Recommendations
regarding the time between a positive result and colonoscopy
vary across countries, ranging between 30 and 180 days [8-13].
In Israel, the Ministry of Health guidelines define the standard
period between a positive FOBT result and a follow-up
colonoscopy as 90 days [3,14]. From the literature, we learned
that 40%-60% of individuals who undergo FOBT screening do
not continue with follow-up after a positive result [7,15,16]. In
the Israeli population, follow-up rates after a positive FOBT
result are 71%, and the proportion of patients who complete
follow-up varies across health care organizations, with the
proportion in Meuhedet being about 50%. The median time to
follow-up, nationally, is 112 days, which is significantly longer
than the recommended 90 days [17].
Barriers to follow-up after a positive FOBT result have been
identified in the literature [18-23] and are divided into 4 general
groups based on whether they are related to patients, physicians,
providers, or information technology [24-26]. Intervention
programs have been developed to target each of these groups
[27]. Patient-targeted interventions include educational
strategies, peer counselors or navigators, reminders, and
coupons. The interventions were effective for short-term, but
not long-term, follow-up. Several studies have described
interventions aimed at increasing follow-up rates and have
showed mixed results [13,20,28-41]. When the patient-physician
relation is good and based on clear communication and trust,
the patient is more likely to adhere to and fulfill the physician’s
instructions [42,43].
Studies addressing patient interventions have used letters,
emails, telephone calls, and nurse navigators. Mailed invitations
were found to be as effective as telephone reminders and
increased follow-up rates by approximately 30% in an Italian
study [40]. In a Scottish study, a reminder phone call that
included making an appointment for colonoscopy increased
adherence by 4.7% [13]. In a British study aimed at minority
populations, the study nurse called patients repeatedly, invited
them to the clinic, and scheduled a colonoscopy appointment
for each one; this intervention increased follow-up by 8.4%
[39]. All these interventions were found to be effective, but
some are extremely labor-intensive and time-consuming.
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To date, few studies have examined the effectiveness of short
message service (SMS) text messaging as an intervention tool
within community medical settings. SMS text message
reminders have been shown to be effective in improving
preparation for colonoscopy in Korea [44]; they increased
Streptococcus pneumonia immunization in a primary care setting
in Lebanon [45] by 7.2% (less than phone calls, but more than
emails). A literature review examining the effect of SMS text
messages and emails to improve diabetes management showed
that simple phone calls, letters, or SMS text message reminders
can have a positive impact on clinical and behavioral outcomes
[46]. A systematic review [47] indicated that SMS text
messaging interventions improved patients’ medication
adherence rate. In a review of the factors associated with
nonadherence to oral antiplatelet therapy in acute coronary
syndrome and interventions that modify these factors, only
reminder-based interventions, including SMS text messages,
had consistently beneficial impacts on adherence outcomes at
3 and 12 months [48]. In a randomized controlled trial designed
to assess the effects of SMS text message reminders on
adherence to a healthy diet, medication, and smoking cessation
among adult patients with cardiovascular disease, researchers
found that SMS text messaging was effective in improving
adherence to a healthy diet and medication but not smoking
cessation [49]. A different study reported increased success for
smoking cessation among patients attending control visits as a
result of scheduled clinic appointments following SMS text
message reminders. The smoking cessation rate was 24% in
patients who did not respond to SMS text message reminders
at all and 28.6% (n=28) in patients answering any SMS text
message at least once (P=.001) [50]. In contrast, in an Australian
study, SMS text message reminders were used to improve
hepatitis B vaccination among high-risk sexual health center
attendees, and it was found that this intervention was not
effective [51].
To the best of our knowledge, no study has used SMS text
messaging technology to increase adherence to
recommendations for CRC screening follow-up after a positive
FOBT result. Therefore, we aimed to examine the effectiveness
of sending SMS text messages to patients as an automated tool
to increase adherence to colonoscopy follow-up and to examine
the influence of physicians’ attitude toward FOBT as a screening
test for CRC and patient adherence to follow-up.

Methods
Methodology
This study was conducted between January 2016 and March
2017 in Meuhedet, 1 of 4 health care organizations in Israel. It
insures and provides care for 1.2 million members. The current
rate of colorectal screening among 180,000 members aged 50-75
years is 60%, similar to the Israeli population. As per our data,
in 2016, the rate of follow-up colonoscopy after a positive FOBT
result in Meuhedet was 41%. The FOBT test used in Meuhedet
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is OC-SENSOR Immunochemical Kit (Eiken Chemical Co,
Ltd, Tokyo, Japan). The study was approved by the Meuhedet
Institutional Review Board on March 23, 2016 (trial reference
number: 01-023-03-016). The study was exempted from
informed consent, and only agreement to receive SMS text
messages was required. Figure 1 describes the study flow
(Multimedia Appendix 1 presents the CONSORT checklist
[52]).

Study Population
In 2016, 3397 patients aged 50-75 years had a positive FOBT
result. Of them, 609 were randomly selected and, then, randomly
allocated to the intervention or control group. The inclusion
criteria included age 50-75 years and providing consent to
receive SMS text messages from Meuhedet. By Israeli law,
health messages via SMS text messages may only be sent to
members who actively agree to receive them. The exclusion
criteria were personal or family history of CRC, colonoscopy
10 years before the positive FOBT result, or diagnosis of any
type of cancer during the study period.

Azulay et al

Physicians
All primary care physicians whose patients (control and
intervention groups) had completed an FOBT during 2016 and
were employed by Meuhedet were included in this study.
Physicians no longer working at Meuhedet were excluded from
the study. All primary care physicians were notified about the
study.

Study Variables
The independent variables were the intervention or control group
and physician attitude to FOBT. In addition, we examined
potential confounders such as gender, age, socioeconomic status
(SES), ethnicity, and residential district. The dependent variable
was adherence to colonoscopy within 120 days of a positive
FOBT result. This information was obtained from the patients’
electronic medical records (EMRs). Positive FOBT results were
obtained from the Meuhedet Central Laboratory. Patients’
demographics and clinical characteristics including gender, age,
district, SES, and ethnicity were obtained from the EMRs. SMS
text messages were sent to patients via InforUMobile software
(Shamir Systems, 1974, Rishon LeZion) with a track whether
the SMS text message was received or rejected.

Figure 1. Study selection and design. FOBT: fecal occult blood test; CRC: colorectal cancer; SMS: short message service.
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Study Protocol
Routine care for the control and intervention groups included
an automated computer alert in a patient's EMR regarding the
positive FOBT result, to his or her physician, with no indication
of whether the patient had already visited the physician after
the positive result. The automated alert was sent to physicians
the moment the lab released the positive result. In addition, each
patient in the intervention group received an automated SMS
text message up to a week after the positive FOBT result. The
text read: “Hello. There is a lab test result ready for you. Contact
your physician for an explanation of the findings.” Furthermore,
2 additional automated SMS text message reminders were sent
to patients after 2 weeks and 1 month, reading, “Hello, This is
a reminder. It is essential that you contact your physician if you
have not already done so.” As the SMS text messages were sent
automatically to a randomly selected population, patients in the
control group were not aware of the intervention. Physicians
were blinded regarding which of their patients were in either
group.
With no indication of whether a patient underwent colonoscopy,
120 days after the positive FOBT result, referring primary
physicians (for both the control and intervention groups)
answered a telephone survey regarding attitude toward FOBT
as a screening test for CRC. We waited 120 days so as not to
influence physicians’ interactions with their patients. We
focused on whether FOBT is a reliable screening test for CRC
and whether physicians recommend a repeat FOBT after
obtaining a positive FOBT result, instead of follow-up, such as
colonoscopy (Figure 1). Physicians who stated that FOBT is
not a reliable screening test for CRC or reported that they would
advise the patient to repeat FOBT instead of sending him or her
for colonoscopy were considered as having a negative attitude
toward FOBT.

Statistical Analysis
Based on the statistical analysis of the Meuhedet patient
database, we found that approximately 41% of patients with a
positive FOBT result undergo colonoscopy within 120 days.
To have an 80% chance of detecting a 20% increase in follow-up
in the intervention group as significant (1-sided, 5% level), a
sample of 77 was required in each group. The study sample of
232 in each group provided a 95% ability to detect a 20%
increase in adherence to colonoscopy within 120 days.
Randomization was stratified by district and SES derived from
members’ home address and based on the Israeli Census Bureau
locality definitions [53]. SES levels ranged from 1 (low) to 20
(high). We compared demographic variables between the
intervention and control groups using chi-square test for discrete
variables. In addition, logistic regression was used to calculate
odds ratios (ORs) and 95% CIs for the rate of colonoscopy
within 120 days of receiving a positive FOBT result, adjusting
for the main potential and variables found to be significantly
related to adherence in univariate analysis. Data were analyzed
using IBM SPSS Statistics for Windows (IBM Corp, 2016,
Version 24.0). P<.05 was considered significant for all analyses.
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Results
Study Population
Of 609 patients randomly selected from the patient database,
94 (15.4%) were excluded from the study sample: 46 (7.6%)
because of family history of CRC, 22 (3.6%) because of an
oncology diagnosis, and 26 (4.3%) because they had undergone
colonoscopy prior to the positive FOBT result. A total of 470
eligible patients were randomized: 232 (49.4%) into the
intervention group and 238 (50.6%) into the control group. Of
them, 2 patients in the control group died during the study period
and 43 (9.1%) in the intervention group refused to receive an
SMS text message after their initial approval or were unable to
receive SMS text message although they had agreed to receive
it. Table 1 summarizes patient characteristics.
Just over half of the final participants were male (52.3%,
246/470), and the mean age of participants was 62.0 (SD 6.6)
years. Most participants were from the South district, and the
fewest were from the North district. In both groups, most
participants were in SES levels 9-13, but this value was missing
for 11.9% (56/470) patients. Gender rates were similar between
the intervention and control groups, and the groups were
ethnically similar. Furthermore, geographic dispersion was
similar.
Overall, 163 of 232 patients in the intervention group and 112
of 238 patients in the control group underwent colonoscopy
within 120 days of the positive FOBT result (70.3% vs 47.1%;
P<.001). The unadjusted OR for completion of colonoscopy
for the intervention versus control group was 2.17 (95% CI
1.49-3.17; P<.001).
Table 2 presents the bivariate (unadjusted) association between
patient characteristics and adherence to colonoscopy within 120
days of a positive FOBT result for the entire cohort (N=470).
Adherence rates were similar across genders. Adherence rates
were higher in the Central and North districts than in the South
and Jerusalem districts. Adherence rates were higher among
those aged 50-59 and 70-75 years and among those with higher
SES levels. Adherence rates to colonoscopy within 120 days
of a positive FOBT result were higher among patients who had
physicians with a positive attitude toward FOBT than among
those who had physicians with a negative attitude toward FOBT
(241/399, 60.4% vs 24/53, 45.3%; P=.04).
Logistic regression analysis was performed to determine whether
colonoscopy rates differed between the groups after adjusting
for potential confounders. The adjusted OR for adherence by
the intervention group versus control group was 2.9 (95% CI
1.92-4.48, P=.001; Table 3). We performed the analysis
including the 43 patients who did not receive all 3 SMS text
messages (“intention to treat”) and found that adherence rates
remained significantly higher both in the bivariate analysis
(63.5% vs 47.1% in the control group; OR 1.96, 95% CI
1.37-2.79; P<.001) and in the multivariable model (OR 2.04,
95% CI 1.387-2.993; P<.001).
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Table 1. Patient characteristics.
Characteristic

Control group (n=238), n (%)

Intervention group (n=232), n (%)

Total (N)

Male

125 (52.5)

121 (52.2)

246

Female

113 (47.5)

111 (47.8)

224

50-55

41 (17.2)

45 (19.5)

86

55-59

40 (16.8)

39 (16.8)

79

60-64

63 (26.5)

53 (22.8)

116

65-69

66 (27.7)

66 (28.4)

132

70-75

28 (11.8)

29 (12.5)

57

Jewish

237 (99.6)

227 (97.8)

464

Other

1 (0.4)

5 (2.2)

6

South

83 (34.9)

99 (42.7)

182

Jerusalem

60 (25.2)

49 (21.1)

109

Center

50 (21.0)

46 (19.8)

96

North

45 (18.9)

38 (16.4)

83

1-8

13 (6.3)

20 (9.6)

33

9-13

116 (56.6)

122 (58.4)

238

14-20

76 (37.1)

67 (32.0)

143

Gender

Age (years)

Ethnicity

National district

Socioeconomic status levela

a

n=414; data missing for 56 patients.
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Table 2. Adherence within 120 days after a positive fecal occult blood test result for individual variables.
Variable

Did not adhere to colonoscopya
(n=195), n (%)

Adhered to colonoscopyb (n=275),
n (%)

Intervention versus control

<.001

Intervention

69 (29.7)

163 (70.3)

Control

126 (52.9)

112 (47.1)

Gender

.26

Male

96 (39)

150 (61)

Female

99 (44.2)

125 (55.8)

195 (41.5)

275 (58.5)

50-54

35 (40.7)

51 (59.3)

55-59

32 (40.5)

47 (59.5)

60-64

49 (42.2)

67 (57.8)

65-69

56 (42.4)

76 (57.6)

70-75

23 (40.4)

34 (59.6)

195 (41.5)

275 (58.5)

South

79 (43.4)

103 (56.6)

Jerusalem

51 (46.8)

58 (53.2)

Center

33 (34.4)

63 (65.6)

North

32 (38.6)

51 (61.4)

Age (years)

District

Socioeconomic status levelc

.91

.36

.10

1-8

18 (54.5)

15 (45.5)

9-13

100 (42.0)

138 (58.0)

14-20

58 (40.6)

85 (59.4)

Physician attituded

a

P value

.04

Positive attitude

158 (39.6)

241 (60.4)

Negative attitude

29 (54.7)

24 (45.3)

Of all, 41.5% patients did not adhere to colonoscopy.

b

Of all, 58.5% patients adhered to colonoscopy.

c

Data missing for 56 patients.

d

Data missing for 18 patients.

Physicians
Among 282 primary physicians who referred participants to
FOBT, 267 (94.7%) were interviewed, 4 (1.4%) refused, 9
(3.2%) could not be contacted, and 2 (0.9%) had left the
organization. Most (83.5%, 223/267) physicians had a positive
attitude toward FOBT as a tool for early detection of CRC. The
adjusted OR for patients who had a physician with a positive
attitude toward FOBT versus a negative attitude was 2.7 (95%
CI 1.38-5.33; P=.004; Table 3). As some patients were referred
for FOBT by the same primary care physician, we performed
a binomial mixed model analysis to assess the impact of
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physician-level clustering. No difference was found, and the
OR of the intervention group remained the same compared with
that of the control group (2.9).
We conducted the intention-to-treat analysis including the 43
patients who did not receive the SMS text message and found
that adherence rates remained significantly higher both in the
bivariate (63.5% vs 47.1% in the control group; OR 1.96, 95%
CI 1.37-2.79; P<.001) and the multivariable (OR 2.04, 95% CI
1.387-2.993; P<.001) analyses. As we only contacted physicians
of patients who completed the study, we were unable to run the
full multivariable model (including physician attitude).
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Table 3. Multivariable analysis of colonoscopy rates.
Variable

Odds ratio

95% CI

P value

Intervention vs Control

2.93

1.92-4.48

<.001

Age (continuous)

1.01

0.98-1.04

.48

Female versus Male

0.81

0.53-1.22

.31

Socioeconomic status (continuous, 1-20)

0.99

0.92-1.07

.91

Jerusalem district

1.26

0.72-2.20

.41

Center district

1.92

1.04-3.55

.04

North district

1.59

0.87-2.91

.13

FOBTa attitude: Positive versus Negative

2.72

1.38-5.33

.004

Constant

0.09

—b

.15

South district

a

FOBT: fecal occult blood test.

b

Not applicable.

Discussion
The effectiveness of mass cancer screening programs can be
compromised by lack of follow-up of abnormal findings.
Incomplete FOBT follow-up with colonoscopy is a significant
problem that has been studied extensively. This study shows
that sending SMS text message reminders to patients following
a positive FOBT result is an effective way to increase adherence
rates to follow-up colonoscopy. In this study, there was a relative
increase of 49.2% in adherence in the intervention group using
a simple, inexpensive means of communication. This
surprisingly large increase in adherence could be a result of a
combination of simplicity, repetition, and timeliness. Reminders
were simply worded, with a clear message, sent immediately
after results were obtained, and then repeated twice over the
next month. Another potential advantage is that unlike telephone
calls, which require active responses, the messages are “pushed.”
Probably, patients who responded to the message were those
who were more likely to complete the follow-up but required
a “nudge.” Another possibility is that the message created
cognitive dissonance in some patients who chose to ignore the
results until they received the reminder. Future research should
focus on how different contact methods are effective for
different types of patients.
In this study, age, gender, SES, and geographic location were
not significantly associated with adherence to follow-up of
positive FOBT results either in the bivariate or multivariable
analysis. Increasing age was previously associated with lack of
follow-up in some studies [39], but not in others [21]. Similar
to our findings, several studies did not find strong associations
between gender and complete diagnostic follow-up [21,29,54].
However, others suggested that women are less likely than men
to undergo follow-up testing [16,25,55]. Although the
association between SES and follow-up was not significant,
there appears to be a trend toward increasing follow-up rates at
higher SES. This needs to be investigated further.
The physician plays an important role in a patient’s decision
regarding follow-up tests. Trust in the physician and good
http://mhealth.jmir.org/2019/2/e11114/
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communication between the patient and physician will positively
influence the adherence rates of patients after a positive FOBT
result. In this study, 95.1% (254/267) of physicians declared
that FOBT is a reliable screening test for CRC and that they
would not advise their patients to undergo FOBT again to ensure
that the positive result is reliable. The physician’s attitude
toward FOBT as a screening test significantly influences the
patient’s adherence to colonoscopy.
A new finding of this study is that physicians’ attitude toward
FOBT has a major influence on the rates of colonoscopy after
a positive FOBT result. This finding may explain why
intervention studies that provide physicians with knowledge
and feedback have been effective. For example, Myers et al
[56] showed that one-on-one physician training, audit, and
feedback (physicians received lists of their patients with
incomplete diagnostic evaluations) resulted in improved
completion of diagnostic testing. Singh et al [57] assessed a
clinic-based quality improvement activity that included provider
education, a positive FOBT registry, and feedback; they found
that it significantly decreased the time to colonoscopy referral
and completion and increased colonoscopy completion by
18.7%. In spite of the fact that FOBT has been a standard
practice for early detection of CRC, >10% of physicians in our
study expressed mistrust in this method; this is possibly an
underestimate, as some physicians may hesitate to express this
view openly, which is contrary to organizational guidelines. It
is, therefore, essential to educate physicians regarding the
reliability and effectiveness of FOBT as a screening tool for
CRC.
Owing to recent developments that have made digital
communication within the health care sector readily available
and inexpensive, SMS text message reminders could potentially
be implemented in other areas. The finding of a large increase
in follow-up after a positive FOBT result illustrates the need to
further investigate different aspects of SMS text message usage,
such as patients’ age, gender, the type of action they aim to
increase, and the wording of the message. Changing technology
and patient preferences with regard to contact communication
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should be considered when determining future interventions to
improve usage and effectiveness.
A limitation of this study is that only patients who agreed to
receive SMS text messages were included, which created a
biased population in terms of age, cultural beliefs, and SES. An
additional limitation is that SES was measured using zip code
rather than a direct measure, and the SES of 56 participants was
missing, although this is the standard method for measuring
SES in Israel.
This study was conducted in 1 of the 4 health care provider
organizations in Israel. Selection of providers was voluntary,
and the member distribution in terms of age, gender, and SES
was similar to that of the Israeli population. In addition, the
Israeli population is very ethnically diverse and includes
immigrants from many countries. Our findings are potentially
generalizable to other populations.

Azulay et al
In conclusion, this study is the first to directly evaluate SMS
text message reminders for improving colonoscopy follow-up
among Israeli CRC screening program participants following
a positive FOBT result. We have shown that a simple,
inexpensive intervention for patients improves colonoscopy
follow-up after a positive FOBT result. It is important to
maximize the potential of these findings by increasing the
acceptance of SMS text messages within the population and to
examine their use in other screening programs. In addition, it
is important to examine, in future studies, the reasons because
of which patients refuse to receive SMS text messages. The
physician’s attitude toward FOBT as a screening test
significantly influences patient adherence to colonoscopy.
Therefore, further work needs to be done among physicians to
increase adherence.
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Abstract
Background: Nutrition-related apps are commonly used to provide information about the user’s dietary intake, but limited
research has been performed to assess how well their outputs agree with those from standard methods.
Objective: The objective of our study was to evaluate the level of agreement of popular nutrition-related apps for the assessment
of energy and available macronutrients and micronutrients against a UK reference method.
Methods: We compared dietary analysis of 24-hour weighed food records (n=20) between 5 nutrition-related apps (Samsung
Health, MyFitnessPal, FatSecret, Noom Coach, and Lose It!) and Dietplan6 (reference method), using app versions available in
the United Kingdom. We compared estimates of energy, macronutrients (carbohydrate, protein, fat, saturated fat, and fiber), and
micronutrients (sodium, calcium, iron, vitamin A, and vitamin C) using paired t tests and Wilcoxon signed-rank tests, correlation
coefficients, and Bland-Altman plots. We obtained 24-hour weighed food records from 20 participants (15 female, 5 male
participants; mean age 36.3 years; mean body mass index 22.9 kg/m2) from previous controlled studies conducted at the Hugh
Sinclair Unit of Human Nutrition, University of Reading, Reading, UK. Participants had recorded their food consumption over
a 24-hour period using standard protocols.
Results: The difference in estimation of energy and saturated fat intake between Dietplan6 and the diet apps was not significant.
Estimates of protein and sodium intake were significantly lower using Lose It! and FatSecret than using Dietplan6. Lose It! also
gave significantly lower estimates for other reported outputs (carbohydrate, fat, fiber, and sodium) than did Dietplan6. Samsung
Health and MyFitnessPal significantly underestimated calcium, iron, and vitamin C compared with Dietplan6, although there
was no significant difference for vitamin A. We observed no other significant differences between Dietplan6 and the apps.
Correlation coefficients ranged from r=–.12 for iron (Samsung Health vs Dietplan6) to r=.91 for protein (FatSecret vs Dietplan6).
Noom Coach was limited to energy output, but it had a high correlation with Dietplan6 (r=.91). Samsung Health had the greatest
variation of correlation, with energy at r=.79. Bland-Altman analysis revealed potential proportional bias for vitamin A.
Conclusions: The findings suggest that the apps provide estimates of energy and saturated fat intake comparable with estimates
by Dietplan6. With the exception of Lose It!, the apps also provided comparable estimates of carbohydrate, total fat, and fiber.
FatSecret and Lose It! tended to underestimate protein and sodium. Estimates of micronutrient intake (calcium, iron, vitamin A,
and vitamin C) by 2 apps (Samsung Health and MyFitnessPal) were inconsistent and less reliable. Lose It! was the app least
comparable with Dietplan6. As the use and availability of apps grows, this study helps clinicians and researchers to make
better-informed decisions about using these apps in research and practice.
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Introduction

Methods

Background

Dietary Assessment

The advancement of technology has led to the development of
novel electronic dietary assessment methods, for example, in
the form of nutrition-related apps, which are commonly used
on mobile phones. These apps provide information about the
user’s overall energy intake and expenditure. Benefits that arise
from this method are the ease of use, convenience, and logging
of food in real time [1,2], and the wide availability of these apps
via downloading from app stores. The apps may also enable
greater self-monitoring by individuals with chronic diseases
such as obesity, cardiovascular disease, and type 2 diabetes
[3-5], contributing to nutrition care. However, this form of
dietary assessment has yet to be validated and wholly accepted
by health care providers to confidently recommend its use.
Known limitations of these apps include limited nutrient data,
particularly for micronutrients, and inaccurate nutrient
compositions [1,6]. Despite this, reported nutrition app use in
dietetic practice in the United Kingdom, New Zealand, and
Australia (5% response rate from the practitioners contacted)
is high (62%) [7].

We obtained 20 handwritten 24-hour WFRs from a previous
controlled diet study conducted at the Hugh Sinclair Unit of
Human Nutrition, University of Reading, Reading, UK.
Participants (female, n=15; male, n=5; mean age 36.3 years;
mean body mass index 22.9 kg/m2) had recorded their food
consumption over a 24-hour period using standard protocols
[11]. Briefly, the WFR consisted of recording the time, brand
name, description of food or drink, cooking method, weight
(grams), and leftovers (grams) prospectively. We entered the
preexisting 24-hour WFRs into 5 nutrition-related mobile apps
using a Samsung Galaxy Tab 4 tablet (Samsung Electronics Co,
Ltd, Suwon, South Korea) or a Moto G smartphone (Motorola
Mobility LLC, Chicago, IL, USA), using the app versions
available in the UK Google Play Store (Google LLC, Mountain
View, CA, USA) in January 2016. We compared these apps
against a reference research method, Dietplan6. We selected
the 5 apps based on popularity (a minimum of 500,000 installs
from the Google Play Store), availability as a free download,
and having a feature to provide energy (kcal) calculations. As
defined and reported by Franco et al, the most popular apps
meeting these criteria were Samsung Health (S Health;
Samsung), MyFitnessPal (MyFitnessPal, Inc), FatSecret (Secret
Industries Pty Ltd), Noom Coach (Noom Inc), and Lose It!
(FitNow, Inc), which we therefore used in this study. Further
details of the features available in these apps have been
previously published [10].

To date, limited research has been performed on nutrition-related
apps, whether it be commercial or researcher developed, and
hence the lack of standard methods for assessing validity and
accuracy [8]. Furthermore, with the growing number of
commercial nutrition-related apps, the difficulty of creating
criteria to assess them increases with varying features and
databases. This is often exacerbated by a lack of information
on the source of nutritional data used by apps. Previous studies
by Carter et al [6] and Raatz et al [9] comparing commercial
nutrition-related apps with reference methods have used 24-hour
recalls and weighed food records (WFRs), respectively. Both
studies found no significant differences in mean energy and
macronutrients between the nutrition-related app and the
reference method. Carter et al used an app for mobile phones
called My Meal Mate [6], whereas Raatz, et al used Tap & Track
[9]. However, My Meal Mate is not considered a “popular”
mobile phone app (with fewer than 500,000 installs), as
identified by Franco et al [10], and Tap & Track is available
only in Apple Inc’s App Store, limiting its use.

Objective
Exploring the accuracy of popular apps would ensure that the
findings from studies that used these apps are relevant for the
commercial market. Thus, the aim of this study was to evaluate
the extent to which popular nutrition-related apps give energy,
macronutrient, and micronutrient data comparable with the
research standard method using Dietplan6 version 6.0
(Forestfield Software Ltd) analysis program, using 24-hour
WFR as an input.
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Samsung Health
S Health features tracking of energy, macronutrients,
micronutrients (including sodium, calcium, iron, vitamin A,
and vitamin C), water (cups per day), and exercise. S Health
compares intake data with the recommended intake and color
codes the intake as low, average, and high.

MyFitnessPal
MyFitnessPal features tracking of energy, macronutrients, and
micronutrients (including sodium, calcium, iron, vitamin A,
and vitamin C). Together with S Health, it has the most
extensive nutrient output of all 5 apps. MyFitnessPal compares
intake data with the US recommended daily allowance. Tracking
for water (cups per day) and exercise is also available. The user
can create foods or recipes if they are not available in
MyFitnessPal’s database. Foods added by other users can also
be selected for data entry [12].

FatSecret
FatSecret reports energy, macronutrients, and micronutrients
(only sodium). It allows the user to add exercise and to save
their own meals and add foods not available in the FatSecret
database. Recipes added by other users can also be selected.
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The app compares intake with the recommended intake for
macronutrients only.

Noom Coach
Noom Coach reports only energy intake and compares it with
the daily energy recommendation. In addition, exercise can be
logged. Recipes can be saved onto the app for future use.

Lose It!
Lose It! reports energy, macronutrients, and sodium. Similar to
the other 4 apps, this app allows exercise to be logged. The app
compares intake with the recommended intake. Foods or recipes
can be created and shared if they are not available in Lose It!’s
own database.

Dietplan6
Dietplan6 is a nutrition analysis software package for
professional dietitians and nutritionists that we used as the
reference method in this study. Dietplan6 reports energy, and
all macronutrients and micronutrients. The nutrient composition
of foods selected was the McCance and Widdowson’s The
Composition of Foods, 6th edition [13].

Data Input
For each food in the handwritten WFRs, we selected the same
food or a suitable (ie, similar) substitute from the databases of
all the apps to ensure consistency in diet entry. Supplements
were not included in the WFRs. All data input was completed
by a single trained researcher (JP) and verified by a second
researcher (RZF).

Statistical Analysis
We checked the energy and available macronutrient
(carbohydrate, protein, total fat, saturated fat, and fiber) and
micronutrient (sodium, calcium, iron, vitamin A, and vitamin
C) data for normality using the D’Agostino-Pearson test. To
explore differences in outputs between the diet apps and the
reference method, Dietplan6, we used paired 2-sample t tests
(2-tailed). We analyzed nonnormally distributed data using the
Wilcoxon signed-rank test. We used Pearson correlations for
normal distributions and Spearman correlation for nonnormally
distributed data. We also analyzed data using Bland-Altman
plots and correlation coefficients (r). Bland-Altman analysis
examined the agreement between 2 samples using the standard
deviation and mean to assess the linear relationship of the
variables. We analyzed data using the SciPy 1.1.0 Stats package
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for Python [14], and we considered a P value smaller than .01
(Bonferroni correction applied based on the initial P value of
.05) to be significant for hypothesis tests and correlation
significances.

Results
App Outputs
All of the popular diet apps provided outputs for energy (kcal).
With the exception of Noom Coach, outputs were also provided
for carbohydrate (g), protein (g), fat (g), fiber (g), and sodium
(mg). Additionally, S Health, MyFitnessPal, and Lose It! gave
outputs for saturated fat (g). Of the 5 apps tested, only 2 apps
had micronutrient outputs other than sodium (calcium, iron,
vitamin A, and vitamin C): S Health and MyFitnessPal.

Comparison of Energy and Nutrient Intake Between
Dietplan6 and the Apps
Multimedia Appendix 1 shows individual comparisons of energy
and nutrient analysis between Dietplan6 and popular diet apps.
We observed no significant difference in estimation of energy
and saturated fat intake between Dietplan6 and the diet apps.
Estimates of protein and sodium intake were significantly lower
using Lose It! (P<.001) and FatSecret (P=.004 and P=.007,
respectively) than using Dietplan6. Lose It! also gave
significantly lower estimates for other reported outputs
(carbohydrate, fat, fiber, and sodium) than did Dietplan6
(P<.001, P=.003, P=.007, and P<.001, respectively). S Health
(P<.001) and MyFitnessPal (P=.005, P=.002, and P=.008,
respectively) significantly underestimated calcium, iron, and
vitamin C compared with Dietplan6, although there was no
significant difference for vitamin A. We observed no other
significant differences between Dietplan6 and the apps. Table
1 presents the correlation between estimates of energy and
nutrients for Dietplan6 and the apps. Correlation coefficients
ranged from r=–.12 for iron (S Health vs Dietplan6) to r=.91
for protein (FatSecret vs Dietplan6). Noom Coach was limited
to energy output, but it had a high correlation with Dietplan6
(r=.91). S Health had the greatest variation of correlation, with
energy at r=.79. Correlations were weakest for iron: S Health
(r=–.12) and MyFitnessPal (r=.13), which were not significant.
Correlations between Dietplan6 and both S Health and
MyFitnessPal also were not significant for sodium, calcium,
iron, vitamin A, and vitamin C.
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Table 1. Correlation coefficients (r) for estimates of energy and nutrient intake between popular diet apps and Dietplan6 using 24-hour weighed food
records (n=20)a.

a

Nutrients

Samsung Health

MyFitnessPal

FatSecret

Noom Coach

Lose It!

Energy (kcal)

.79

.85

.86

.91

.87

Carbohydrates (g)

.90b

.85

.90

N/Ac

.66

Protein (g)

.91

.82

.91b

N/A

.43d

Fat (g)

.84

.91b

.83

N/A

.79

Saturated fat (g)

.83b

.73b

N/A

N/A

.49b,d

Fiber (g)

.70b

.70b

.66b

N/A

.23b,d

Sodium (mg)

.44d

.44d

.47b,d

N/A

.51d

Calcium (mg)

.37b,d

.47b,d

N/A

N/A

N/A

Iron (mg)

–.12d

.13b,d

N/A

N/A

N/A

Vitamin A (μg)

.20b,d

.21b,d

N/A

N/A

N/A

Vitamin C (mg)

.49b,d

.54b,d

N/A

N/A

N/A

Correlation assessed using Pearson rank correlation, significant at P<.01 (Bonferroni correction applied) (unless otherwise specified).

b

Correlation assessed using Spearman correlation (rs), significant at P<.01 (unless otherwise specified).

c

N/A: not applicable.

d

P>.01.

Multimedia Appendix 2 shows the difference, mean values, and
limits of agreement between estimates of energy and nutrient
intake using the apps compared with the reference (Dietplan6).
Figure 1 shows Bland-Altman plots for estimates of energy
between Dietplan6 and the apps. Overall, less than 5% of cases
fell outside of the limits of agreement for estimates of energy
using S Health, FatSecret, and Noom Coach compared with
Dietplan6, indicating good agreement between the methods. A
total of 10% (2/20) of cases fell outside of the limits of
agreement for MyFitnessPal and Lose It!, with Lose It! showing
the greatest mean difference (bias) in energy compared with
Dietplan6 at –146 kcal (Figure 1). The smallest difference in
estimated energy was between Noom Coach and Dietplan6
(14.7 kcal). MyFitnessPal, FatSecret, and Lose It! generally
reported less energy intake compared with Dietplan6, whereas
S Health and FatSecret reported greater intake. The apps with
the smallest bias for estimates of nutrients compared with
Dietplan6 were as follows: carbohydrate: S Health (5.3 g);
protein: S Health (–2.9 g); fat: S Health (–4.6 g); saturated fat:
S Health (–3.8 g); fiber: Lose It! (–0.55 g); sodium: S Health
(–197 mg); calcium: S Health (–360.9 mg); iron: S Health (–6.1
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mg); vitamin A: S Health (180.1 μg); and vitamin C: S Health
(–40.3 mg).
For carbohydrate (Figure 2), the Bland-Altman plots did not
indicate clear proportional bias, although the greatest differences
occurred in the range of measurements between 200 and 300
g. The Bland-Altman plots for protein (Figure 3) did not show
clear clusters of agreement or disagreement, and the differences
seemed to be random fluctuations around the mean. For total
fat (Figure 4) and saturated fat (Figure 5), none of the apps had
more than 5% of the estimates outside of the limits of agreement
and no proportional bias was observed. Lose It! had the broadest
limit of agreement for fiber (Figure 6) and all the estimates were
within the limits of agreement for this app. We detected no
proportional bias for sodium (Figure 7), calcium (Figure 8). or
iron (Figure 9). On the other hand, for vitamin A (Figure 10)
the data clustered together at low averages, but as the average
intakes increased, the difference increased. This suggests a
proportional bias in the vitamin A data, as both S Health and
MyFitnessPal compared with Dietplan6 showed similar results.
For vitamin C, the data clustered together at low averages
(Figure 11) and no proportional bias was observed.
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Figure 1. Bland-Altman plots of energy (kcal) difference and average between Samsung Health (S Health), MyFitnessPal (MFP), Fat Secret, Noom
Coach, and Lose It! and Dietplan6. The limits of agreement are displayed as 2 SD.

http://mhealth.jmir.org/2019/2/e9838/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e9838 | p.408
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Fallaize et al

Figure 2. Bland-Altman plots of carbohydrate (g) difference and average between Samsung Health (S Health), MyFitnessPal (MFP), FatSecret, and
Lose It! and Dietplan6. The limits of agreement are displayed as 2 SD.

Figure 3. Bland-Altman plots of protein (g) difference and average between Samsung Health (S Health), MyFitnessPal (MFP), FatSecret, and Lose
It! and Dietplan6. The limits of agreement are displayed as 2 SD.
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Figure 4. Bland-Altman plots of fat (g) difference and average between Samsung Health (S Health), MyFitnessPal (MFP), FatSecret, and Lose It! and
Dietplan6. The limits of agreement are displayed as 2 SD.

Figure 5. Bland-Altman plots of saturated fat (g) difference and average between Samsung Health (S Health), MyFitnessPal (MFP), and Lose It! and
Dietplan6. The limits of agreement are displayed as 2 SD.
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Figure 6. Bland-Altman plots of fiber (g) difference and average between Samsung Health (S Health), MyFitnessPal (MFP), FatSecret, and Lose It!
and Dietplan6. The limits of agreement are displayed as 2 SD.

Figure 7. Bland-Altman plots of sodium (mg) difference and average between Samsung Health (S Health), MyFitnessPal (MFP), FatSecret, and Lose
It! and Dietplan6. The limits of agreement are displayed as 2 SD.
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Figure 8. Bland-Altman plots of calcium (mg) difference and average between Samsung Health (S Health) and MyFitnessPal (MFP) and Dietplan6.
The limits of agreement are displayed as 2 SD.

Figure 9. Bland-Altman plots of iron (mg) difference and average between Samsung Health (S Health) and MyFitnessPal (MFP) and Dietplan6. The
limits of agreement are displayed as 2 SD.

Figure 10. Bland-Altman plots of vitamin A (μg) difference and average between Samsung Health (S Health) and MyFitnessPal (MFP) and Dietplan6.
The limits of agreement are displayed as 2 SD.
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Figure 11. Bland-Altman plots of vitamin C (mg) difference and average between Samsung Health (S Health) and MyFitnessPal (MFP) and Dietplan6.
The limits of agreement are displayed as 2 SD.

Discussion
Principal Findings
The primary finding of this study was that popular diet apps are
generally comparable in their assessment of energy and key
macronutrients (carbohydrate, total fat, and fiber) with a research
standard for dietary analysis of WFRs (Dietplan6). However,
we observed significant differences for certain apps and
nutrients, and Lose It! significantly underestimated 5 of 7
outputs. We found apps to be less able to reliably estimate
micronutrients when compared with a widely used and accepted
method for dietary analysis.
For estimation of energy intake, S Health, MyFitnessPal,
FatSecret, and Noom Coach demonstrated good agreement with
Dietplan6, evidenced by small mean differences (14.7 to –36.9
kcal) and strong correlation coefficients (r=.79 to r=.91).
Estimates of carbohydrate and total fat intake were also highly
comparable between Dietplan6 and S Health, MyFitnessPal,
and FatSecret, with no significant differences between the
outputs and similarly small mean differences (5.3 to –13.8 g
for carbohydrate and –4.6 to –15.9 g for total fat). Raatz et al
also found no significant differences in estimates of energy,
carbohydrate, and total fat when comparing nutrient analysis
of a 3-day WFR using the Tap & Track app and US Department
of Agriculture (USDA) nutrient analysis program (mean
differences 85 kcal, 15.4 g, and 2.6 g, respectively) [9].
However, in contrast to our study, in the study of Raatz and
colleagues, users (n=19) entered the WFR into Tap & Track
and a registered dietitian entered data into the USDA nutrient
analysis program [9]. The authors suggested that the observed
variability in Bland-Altman plots between methods may have
been associated with the ability of the users to pick appropriate
food items and ensure that all data were recorded [9,15], which
would not have been an issue in our study, as a single researcher
entered data into all apps and the reference program.
Protein intake was significantly underestimated by FatSecret
and Lose It! compared with Dietplan6, and correlations between
the methods varied from r=.43 to r=.91. This indicates that these
apps are less reliable at estimating protein intake than at
estimating energy, carbohydrate, and total fat intake. Tap &
Track’s estimate of protein intake did not differ from the USDA
http://mhealth.jmir.org/2019/2/e9838/
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nutrient analysis program output [9] and, in general, apps
comparing traditional paper-based (eg, 24-hour recall, WFR)
versus electronic-based methods of estimating energy intake
and macronutrients have found comparable and acceptable
results [6,16,17].
Correlations were weaker between S Health, MyFitnessPal, and
FatSecret and Dietplan6 for sodium (r=.44 to r=.51), with
significantly lower estimates given by FatSecret. S Health and
MyFitnessPal were the only apps to assess iron, calcium, vitamin
A, and vitamin C, which we observed were significantly
underestimated by the apps (r=–.12 to r=.54). While there was
no significant difference in estimated vitamin A between these
apps and Dietplan6, results of the Bland-Altman analysis
revealed a proportional bias, whereby higher intakes of vitamin
A were less well estimated by the apps. These data suggest that
the apps did not reliably estimate micronutrient intake in
comparison with the reference method.
In this study, a single researcher was responsible for entering
the WFRs into each of the methods (apps and Dietplan6) and,
therefore, discrepancies in outputs were most likely due to
variations in the apps’ nutrient databases, as opposed to
variations in data entry. For example, apps may use different
sources to compile nutrient databases, including open source
and manufacturer databases, and some apps involve users in
the expansion of their database, which may result in inaccuracies
and incomplete data [12]. The observation that micronutrients
were less reliably estimated by the apps, compared with
macronutrients, may be attributed to the fact that micronutrients
are declared only voluntarily on nutritional labels of foods, and
therefore apps using commercial databases are more likely to
have missing composition data [18]. In addition, 4 of the 5 apps
studied (ie, excluding S Health) have a barcode feature [10],
which relies on nutrition data provided by manufacturers, which
may have incomplete micronutrient data. This method is less
reliable than the chemical analysis done in most of the food
databases used by the reference method (McCance and
Widdowson’s nutrient database [13]).
For those apps unable to reliably assess intake of particular
nutrients (eg, protein, sodium, vitamin A), the display of the
data to the user is potentially misleading. For example,
underestimation of sodium intake for a patient with high blood
pressure (who would typically be advised to reduce their salt
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intake) may result in the user unknowingly exceeding their
recommended intake. Contrary to medical devices, apps
available in app stores are not regulated by the US Food and
Drug Administration. The level of validity of the
nutrition-related apps available for commercial download is
often uncertain, creating ambivalence for health organizations
about their use. One reason for this is the absence of a standard
method of assessing the validity of health-related apps [8]. Given
the lack of transparency in the source of nutritional data used
by app developers, it will be important to repeat these
assessments in the future. With the increase in awareness of the
possibilities of app-based dietary assessment and use of the
most popular nutrition-related apps, our findings will help
clinicians and researchers to be better informed about using
these apps to facilitate nutrition care and research, and about
whether their use can replace traditional research software.
Reported barriers to app use in dietetic practice in the 3-country
survey by Chen et al included lack of awareness about the best
app to recommend [7] and, while MyFitnessPal was the most
popular app recommended by dietitians in this survey, none of
the other apps assessed in our study were recommended [7].

Strengths and Limitations
Strengths of this study include the use of a WFR to assess
dietary intake and the entry of WFR data (reference method and
apps) by a single researcher. Whereas previous studies have
compared user versus professional entry of the same record [9],
or user versus professional entry of records taken on separate
occasions [19], this study eliminated the biases associated with
user entry (eg, selection of an appropriate food item, estimation
of portion size [15]). The strengths of using a WFR, as opposed
to a 24-hour recall, are that dietary intake is recorded
prospectively (ie, at the time of intake) and users are prompted
to provide the level of detail required for analysis (eg, describe
the brand, name, weight, and leftovers of each item). Prospective
WFR recording potentially provides a greater level of detail
than does a 24-hour recall, which is a retrospective method that

Fallaize et al
relies on the participant’s memory, as well as the skill of the
researcher-interviewer to obtain sufficient detail on each food
item [20].
Limitations include a relatively small sample size (n=20) and
the use of 24-hour WFRs collected prior to the study. For
example, it was not possible to check ambiguous entries (eg,
unspecified brand) with the participant, although where we
made assumptions, these were verified by an independent
researcher and applied across all methods. Exploration of the
impact of, for example, training on the accuracy of dietary data
input by users would provide further evidence for the use of
popular nutrition apps in the research and clinical setting.

Conclusions
This study compared the accuracy of the outputs of 5
nutrition-related apps (S Health, MyFitnessPal, FatSecret, Noom
Coach, and Lose It!) against a research standard, using 24-hour
WFRs as input. The findings suggest that the apps provide
estimates of energy and saturated fat intake that are comparable
with Dietplan6. With the exception of Lose It!, the apps also
provided comparable estimates of carbohydrate, total fat, and
fiber. Two apps displayed a tendency to underestimate protein
and sodium (FatSecret and Lose It!). The estimates of
micronutrient intake (calcium, iron, vitamin A, and vitamin C)
by 2 apps (S Health and MyFitnessPal) were inconsistent and
less reliable. Overall, the nutritional outputs provided by S
Health and Noom Coach, which provided only energy, were
the most reliable for this output. As the use and availability of
nutrition-related apps grow, there are increasing opportunities
for apps to support research in nutrition, care, and
self-management of noncommunicable diseases. This study
highlighted in which aspects the outputs from these apps are
comparable with, and where they differ significantly from,
widely accepted and professionally used nutrition analysis
software, thereby making a valuable contribution toward helping
clinicians and researchers to make better-informed decisions
about using these apps in research and practice.
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Abstract
Background: Advanced lung cancer patients often have chronic lung disease with reduced exercise capacities and various
symptoms leading to altered quality of life (QoL). No studies have assessed pulmonary rehabilitation (PR) employing a mobile
app and an Internet of Things device in advanced lung cancer patients undergoing chemotherapy.
Objective: This study aimed to determine the feasibility and efficacy of smartphone app–based PR on exercise capacity, symptom
management, and QoL in patients with advanced lung cancer undergoing chemotherapy.
Methods: A total of 100 patients were recruited in a prospective, single-arm intervention study using a smartphone app–based
PR program for 12 weeks. Exercise capacity (6-min walking distance, 6MWD), QoL, symptom scale scores, and distress indexes
were investigated.
Results: A total of 90 patients completed the PR program. The most common cause of drop out was hospitalization because of
cancer progression. After PR, there was significant improvement in the 6MWD; 380.1 m (SD 74.1) at baseline, 429.1 m (SD
58.6) at 6 weeks (P<.001), and 448.1 m (SD 50.0) at 12 weeks (P<.001). However, the dyspnea scale score showed no significant
improvement in the patients overall, but there was a trend for improvement in those with a stable tumor response (P=.07). Role
(P=.02), emotional (P<.001), and social functioning (P=.002) scale scores showed significant improvement after PR. Symptom
scale scores for fatigue (P<.001), anorexia (P=.047), and diarrhea (P=.01) also showed significant improvement. There was
significant improvement in depression (P=.048) and anxiety (P=.01), whereas there was no significant change in QoL (P=.06)
and severity of pain (P=.24).
Conclusions: Smartphone app–based PR represents an effective and feasible program to improve exercise capacity and to
manage symptoms and distress in patients with advanced lung cancer who are undergoing chemotherapy.
(JMIR Mhealth Uhealth 2019;7(2):e11094) doi:10.2196/11094
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chemotherapy; physical fitness; lung cancer; rehabilitation; quality of life
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Introduction

approved by the institutional review board of Asan Medical
Center (proposal identification number 2016-0445).

Background

App for Mobile Health Care

Lung cancer is the leading cause of death worldwide. A large
number of patients are diagnosed with lung cancer in advanced
stage [1]. Although the median overall survival of patients with
metastatic lung cancer remains poor, advances in
cancer-targeting agents and immune checkpoint inhibitors have
extended life expectancy [2-6]. Patients with lung cancer often
have comorbidities, such as chronic obstructive pulmonary
disease (COPD) and interstitial lung disease (ILD), associated
with decreased lung function and increased respiratory
symptoms [7]. In addition, the adverse effects of chemotherapy
and various cancer symptoms alter quality of life (QoL) and
reduce the physical activity and exercise capacity of patients
undergoing chemotherapy [8].

A comprehensive mobile health care app, the Smart Aftercare
app, was newly developed for this study. The English version
of the brochure introducing the function of the app is found in
Multimedia Appendix 1. Patients were provided with the Smart
Aftercare app, an Internet of Things (IoT) wearable device
(URBAN S, Partron Co, Seoul, Korea), which interlocked with
the app, a portable pulse oximeter, thermometer, scale, and
resistance bands for physical therapy.

Exercise capacity is associated with lung cancer prognosis [9].
Pulmonary rehabilitation (PR) has emerged as a cost-effective
intervention for managing chronic lung disease. PR improves
the 6-min walking distance (6MWD), QoL, and respiratory
symptoms in patients with COPD and ILD [10-13]. However,
there are very limited data to demonstrate the feasibility and
efficacy of PR in advanced lung cancer patients [14-17].
Currently, a large number of patients with lung cancer receive
chemotherapy as outpatients. Moreover, many live in areas
where an attending physician is not readily accessible.
Therefore, home-based PR and symptom management is
essential for patients with advanced lung cancer. The use of
mobile health care may assist in overcoming these barriers,
improving educational levels, facilitate frequent assessments,
and allow more objective data collection [18,19].

Objectives
We investigated the feasibility and efficacy of a smartphone
app–based PR and educational program on exercise capacity,
symptom management, and QoL in patients with advanced
non–small cell lung cancer (NSCLC) undergoing chemotherapy.

Methods
Participant Identification
Consecutive patients with histologically diagnosed advanced
NSCLC were identified from September to November 2016 in
Asan Medical Center, Seoul, South Korea. All patients were
eligible to receive palliative chemotherapy or adjuvant
chemotherapy. The inclusion criteria were as follows: patients
aged 20 to 75 years with (1) NSCLC stage Ⅱ-Ⅳ, (2) Eastern
Cooperative Oncology Group-Performance Status (ECOG-PS)
0-2, and (3) having an android smartphone and the ability to
handle the app. Patients were excluded if they (1) had concurrent
malignancies other than lung cancer, (2) had received prior PR
or education on lifestyle modification, (3) had symptomatic
heart disease, (4) had severe cognitive impairment, and (5) were
not willing to make regular visits.
Written informed consent was obtained from all patients in
accordance with the Declaration of Helsinki. This study was
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The app engineers (Life Semantics Co, Seoul, Korea) developed
the app with support from medical personnel. The app had a
to-do list, individual health information, and an in-app chat
service. The to-do list provided an alarm notification for daily
tasks related to taking medication, performing rehabilitation
exercise, and visiting the clinic on schedule. The app provided
patients’ laboratory results, 1 to 3 key computed tomography
images, and information on the efficacy and adverse events of
the chemotherapy regimen patients were receiving, as well as
general lung cancer information. Through the in-app chat
service, a clinical nurse specialist also provided a counseling
service.

Pulmonary Rehabilitation Program
This study consisted of a 12-week rehabilitation program. The
Smart Aftercare app provided an animation video on 10-min
stretching exercises, 30-min aerobic exercises, 30-min muscle
strengthening exercises, and 5-min finishing (stretching)
exercises. Patients were instructed to run the IoT device and
app during their exercise. The IoT device, which facilitates
accelerometer-based activity monitoring, recorded patients’
activity, including the number of steps taken and walking
distance, as well as heart rate (HR). This information was
transmitted to the IoT platform, developed for this study,
allowing data sharing with the attending physician to check
patients’ condition in real time, objectively. To promote regular
exercise, push notifications were sent to patients when the app
had not been used for a period.
All patients performed the 6-min walk test (6MWT) every time
they visited the clinic. The attending physician prescribed
individualized exercise duration and intensity, which were
adjusted after every clinic visit according to the results of the
6MWT. Walking, bicycle ergometer, and treadmill use were
recommended. Exercise was prescribed as follows: once a day
for 30 to 60 min at least three days a week, a walking distance
target of 60% to 80% of the 6MWT, with an HR target of 70%
of HR reserve plus resting HR (target HR=70% x
[HRmax-HRrest] + HRrest). HRmax stands for maximum HR
and HRrest stands for resting HR. Patients were instructed to
quit exercising if their oxygen saturation fell below 88% or they
could not talk with others because of dyspnea.
The muscle strengthening exercise program comprised
strengthening of all major muscle groups in the limbs and trunk.
Patients were instructed to perform strengthening exercises once
a day for 30 min. Patients’ muscle strength was assessed by arm
abduction test, 10 times. Various resistance bands with different
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intensities were provided according to patients’ muscle strength.
The app and IoT device checked whether the patient completed
daily exercise tasks and gave feedback on the amount of activity
and calories expended in a day.

Symptom Management
The Smart Aftercare app provided an animation video on pain
control, nutritional support, and symptom management.
Furthermore, algorithms for the management of pain and adverse
skin reactions, a frequently asked questions service, were also
provided. Patients were instructed to record daily body weight
and temperature on the app.

Data Collection
Demographic information was investigated at baseline, and the
relevant medical data were collected from medical records.
Patients visited the clinic every 4 or 6 weeks, depending on
their schedule of chemotherapy (Table 1). At visits, they
completed the questionnaires for QoL, symptom (the European
Organization for Research and Treatment of Cancer Quality of
Life Questionnaire-C30, EORTC QLQ-C30), pain (numeric
rating scale, NRS), and distress, including anxiety (Generalized
Anxiety Disorder-7, GAD-7) and depression (Patient Health
Questionnaire-9, PHQ-9). We also evaluated service satisfaction
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using a self-developed questionnaire (Multimedia Appendix 2).
For patients who visited the clinic every 4 weeks, the mean
value of each scale at 4 and 8 weeks was used for investigation
at midterm assessment. Permission to use the EORTC QLQ-C30
was obtained, and the authorized Korean version of the
questionnaire was freely downloadable from the internet. No
permission was required for NRS, PHQ-9, or GAD-7.

Unexpected Visits to the Emergency Department
As we performed a single-arm study using a mobile app, this
study was limited in that it had no control group. Therefore, we
retrospectively evaluated the number of unexpected visits to
the emergency department (ED) comparing patients who
participated in this study with those who did not. The number
of visits to the ED is widely regarded as an indicator of the
development of unexpected, uncontrolled symptoms. We
expected that the mobile app could provide information
regarding how to manage symptoms through an algorithm and
in-app chat service, thereby reducing medical expenses and
time. From September to November 2016, a total of 1091
patients underwent chemotherapy in Asan Medical Center. Of
these, 100 patients participated in this study, whereas 991 did
not. Their electrical medical records were retrospectively
reviewed.

Table 1. Assessment schedule.
Schedule

Screening

4, 8, or 6 weeks (±1 week)a

12 weeks (±1 week)a

Informed consent

✓b

—c

—

Demographic characteristics

✓

—

—

Inclusion or exclusion criteria

✓

—

—

Vital signs and oxygen saturation

✓

✓

✓

Physical examination

✓

✓

✓

History taking

✓

—

—

Disease status evaluationd

✓

✓

✓

Satisfaction questionnaire for the Aftercare app

—

—

✓

6-min walk test and exercise prescription

✓

✓

✓

EORTC QLQ-C30e

✓

—

✓

Numeric pain rating scale

✓

✓

✓

GAD-7f

✓

✓

✓

g

✓

✓

✓

—

✓

✓

PHQ-9

Assessment for adverse reaction of chemotherapy
a

1 week before and after the visiting day was allowed.

b

Data were obtained at the time marked with a check.

c

Data not obtained at the time marked with an dash.

d

Treatment response was assessed at least once in all patients during the study period depending on their schedule of chemotherapy.

e

EORTC QLQ-C30: European Organization for Research and Treatment of Cancer Quality of Life Questionnaire-C30.

f

GAD-7: Generalized Anxiety Disorder-7.

g

PHQ-9: Patient Health Questionnaire-9.
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Categorical variables were analyzed using Pearson chi-square
test or Fisher exact test. Continuous variables were analyzed
using a Student t test. A paired t test and Bonferroni correction
were used for comparison of pre- and post-PR assessment. All
tests of significance were two sided, and differences between
groups were considered to be significant when the P value was
<.05. All statistical analyses were performed with SPSS software
version 22.0 (IBM Corp, Armonk, NY).

status and QoL tended to improve in patients overall, although
not statistically significant (Table 3), whereas all functional
scales, except the cognitive scale, improved significantly after
PR. Symptom scales, in which a high score represents more
severe symptoms, for fatigue, appetite loss, and diarrhea showed
significant improvement in patients overall. In patients with
stable disease, global health status and QoL scale did not
improve significantly. Nevertheless, similar improvement in
functional and symptom scales were observed in these patients
as in the patients overall.

Results

Pain Control

Patients

Overall, the pain severity significantly decreased at 6 weeks:
1.7 (SD 2.2) at baseline and 1.2 (SD 1.8, P=.02) at 6 weeks, but
not at 12 weeks (mean 1.4, SD 1.9; P=.20; Figure 2). In patients
with stable disease, the NRS score tended to improve at 6 weeks:
1.7 (SD 2.2) at baseline and 1.2 (SD 2.0, P=.06) at 6 weeks, but
not at 12 weeks (mean 1.5, SD 1.9; P=.79).

Statistical Analysis

A total of 100 patients were enrolled, and 90 patients completed
the 12-week rehabilitation program. The baseline characteristics
of the patients are presented in Table 2. The mean age of the
patients was 55.1 years (SD 8.7); 46.0% (46/100) were males.
The most common cause of drop out was hospitalization because
of cancer progression (6/100, 6.0%), followed by transfer to
other hospitals (2/100, 2.0%) and difficulty in handling the app
(2/100, 2.0%). Patients who had completed the PR program had
a significant higher baseline body mass index and better
performance status than patients who had dropped out.

Exercise Capacity
The mean exercise number per week was 3.8 (SD 1.2) at 1 week,
4.2 (SD 1.1) at 6 weeks, and 4.1 (SD 1.2) at 12 weeks, satisfying
the exercise prescription. A total of 85 patients completed all
6MWTs according to the schedule. In addition to 10 patients
who dropped out, 5 patients refused to perform 6MWT because
of general weakness, paraplegia, knee pain, and dizziness. There
was significant difference in the baseline 6MWD according to
baseline ECOG-PS. The mean distance was 416.8 m (SD 55.4)
in patients with ECOG-PS 0, 369.8 m (SD 80.3) in those with
ECOG-PS 1, and 305.7 m (SD 89.1) in those with ECOG-PS
2 (P=.04). After PR, the 6MWD had improved significantly:
380.1 m (SD 74.1) at baseline, 429.1 m (SD 58.6, P<.001) at 6
weeks, and 448.1 m (SD 50.0, P<.001) at 12 weeks (Figure 1).
We investigated the exercise capacity depending on their
treatment response. Consequently, patients with stable disease
showed significantly improved 6MWD: 384.2 m (SD 74.6) at
baseline, 426.1 m (SD 6.5, P<.001) at 6 weeks, and 447.4 m
(SD 50.4, P<.001 at 12 weeks (Figure 1). However, exercise
capacity remained unimproved in patients with progressive
disease. The dyspnea scale, evaluated using the EORTC
QLQ-C30, did not show any significant improvement in the
patients overall, but patients with stable disease tended to
improve.

Quality of Life, Functional, and Symptom Scales
Of 90 patients who completed the study, 86 patients completed
all questions in the questionnaire EORTC QLQ-C30. The
EORTC QLQ-C30 consists of a global health status and QoL
scale, functional scales, and symptom scales. Global health
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Distress Index
Overall, baseline distress indexes showed mild anxiety and
depression (Figure 3). Low indexes represent less distress.
Anxiety significantly improved at 12 weeks: 3.9 (SD 4.1;
baseline), 3.4 (SD 3.7; 6 weeks P=.11), 2.4 (SD 3.8; 12 weeks,
P<.001; Figure 3). Depression worsen at 6 weeks: 4.7 (SD 4.9;
baseline), 5.0 (SD 5.2; 6 weeks, P=.44), but significantly
improved at 12 weeks (mean 3.5, SD 4.5; P=.02; Figure 3).
Only the depression index was associated with the treatment
response (P=.04).

Service Satisfaction
Of 90 patients who completed the PR program, 69 (69/90, 77%)
patients reported that they were satisfied with the service and
79 (79/90, 88%) reported that they would recommend it to
others. Neither age nor home region affected on service
satisfaction. A total of 86 (86/90, 96%) patients reported that
they were paying more attention to their health or disease status
since using the app. In addition, all patients reported that the
management algorithms for adverse events were helpful for
controlling symptoms and determining when to visit the hospital.
Patients who reported dissatisfaction with the service mostly
cited difficulty in handling the app and frequent system error.

Unexpected Visits to the Emergency Department
Of 991 patients who did not participate in this study, 302
(302/991, 30.5%) visited the ED. However, 15 (15/100, 15.0%)
of 100 patients included in this study visited the ED during the
same period; this indicated a significant reduction in frequency
(P=.001). The baseline characteristics, such as sex and tumor
stage, were not significantly different between 2 groups; baseline
age was more in patients who did not participate in the study
than in patients who did (62.9 years, SD 10.3 vs 55.2 years, SD
8.7; P=.03). However, there was no significant difference in
age between patients who visited the ED and those who did not
(62.6 years, SD 10.6 vs 63.0 years, SD 0.2; P=.71).
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Table 2. Baseline characteristics of patients who participated in the mobile comprehensive rehabilitation program.
Baseline characteristics

Total (N=100)

Complete (n=90)

Interrupted (n=10)

P value

Age in years, mean (SD)

55.1 (8.7)

54.9 (8.8)

56.8 (7.7)

.53

46 (46.0)

41 (46)

5 (50)

>.99

24.2 (3.5)

24.4 (3.5)

22.0 (1.8)

.04

Sex, n (%)
Male
BMIa in kg/m2, mean (SD)
History of smoking, n (%)

.59

Current smoker

11 (11.0)

9 (10)

2 (20)

Ex-smoker

28 (28.0)

26 (29)

2 (20)

Never smoker

61 (61.0)

55 (61)

6 (60)

ECOGb, n (%)

.02

Zero

13 (13.0)

11 (12)

2 (20)

One

83 (83.0)

77 (86)

6 (60)

Two

4 (4.0)

2 (2)

2 (20)

Time of diagnosis of lung cancer, n (%)

.82

Within 1 year

56 (56.0)

49 (54)

7 (70)

Within 1-2 years

16 (16.0)

15 (17)

1 (10)

Within 2-3 years

16 (16.0)

15 (17)

1 (10)

>2 years

12 (12.0)

11 (12)

1 (10)

Stage, n (%)

>.99

II

5 (5.0)

5 (6)

0 (0)

III

0 (0.0)

0 (0)

0 (0)

IV

95 (95.0)

10 (100)

85 (94)

FVCc (%)

84.2 (17.7)

84.4 (17.3)

82.3 (23.6)

.79

FEV1d (%)

80.7 (19.2)

80.9 (19.3)

79.2 (19.5)

.84

Diffusing lung capacity (%)

82.2 (15.1)

82.8 (15.0)

73.3 (15.2)

.22

Lung function, mean (SD)

Line of chemotherapy, n (%)

.76

First

73 (73.0)

66 (73)

7 (70)

Second

12 (12.0)

10 (11)

2 (20)

Third and more

10 (10.0)

9 (10)

1 (10)

Adjuvant

5 (5.0)

5 (6)

0

Histology, n (%)

.70

Adenocarcinoma

94 (94.0)

84 (93)

10 (100)

Squamous cell carcinoma

4 (4.0)

4 (4)

0

Others

2 (2.0)

2 (2)

0

Regimen of chemotherapy, n (%)

.78

Tyrosine kinase inhibitor

40 (40.0)

36 (40)

4 (40)

Platinum-based chemotherapy

38 (38.0)

35 (39)

3 (30)

Others

22 (22.0)

19 (21)

3 (30)

Response ratee, n (%)
Complete response

0 (0.0)

0 (0)

0 (0)

Partial response

15 (15.0)

14 (16)

1 (10)
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Total (N=100)

Complete (n=90)

Interrupted (n=10)

Stable disease

69 (69.0)

66 (73)

3 (30)

Progressive disease

16 (16.0)

10 (11)

6 (60)

P value

BMI: body mass index.

b

ECOG: Eastern Cooperative Oncology Group.

c

FVC: forced vital capacity.

d

FEV1: forced expiratory volume in 1 second.

e

Disease response was evaluated using response evaluation criteria in solid tumors criteria in patients with stage IV lung cancer. We considered patients
with stage II lung cancer to have stable disease status.
Figure 1. Exercise capacity. Six-minute walking distance improved significantly after pulmonary rehabilitation in the patients overall (A) and patients
with stable tumor response (B).
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Table 3. Quality of life, functional, and symptom scale.
EORTC QLQ-C30a

Total (n=86)

Stable disease (n=65)

Progressive disease (n=7)

Baseline,
mean (SD)

12 week,
mean (SD)

P value

Baseline,
mean (SD)

12 week,
mean (SD)

P value

Baseline,
mean (SD)

12 week,
mean (SD)

P value

64.1 (24.7)

69.3 (21.2)

.06

66.3 (22.0)

70.5 (19.7)

.15

53.6 (35.0)

67.9 (26.5)

.24

Physical functioning

78.2 (14.3)

81.1 (15.7)

.06

77.6 (14.5)

81.2 (15.5)

.06

79.0 (18.2)

77.1 (20.7)

.63

Role functioning

75.0 (22.8)

81.4 (23.3)

.02

75.6 (22.5)

82.1 (23.4)

.048

73.8 (30.2)

73.8 (33.1)

>.99

Emotional functioning 73.7 (19.6)

83.7 (18.7)

<.001

74.9 (18.8)

82.9 (19.2)

.002

76.2 (21.2)

86.9 (19.8)

.33

Cognitive functioning 81.4 (15.8)

83.9 (18.7)

.25

81.3 (15.5)

82.8 (20.2)

.54

88.1 (18.5)

85.7 (17.8)

.82

Social functioning

74.6 (25.1)

82.8 (20.2)

.002

73.6 (25.5)

83.3 (20.2)

.001

73.8 (23.3)

83.3 (21.5)

.23

Fatigue

35.7 (21.2)

27.1 (22.3)

<.001

35.0 (22.1)

26.8 (22.2)

.001

36.5 (24.6)

34.9 (29.0)

.86

Nausea or vomiting

8.9 (15.9)

10.5 (14.7)

.45

8.2 (15.6)

10.8 (15.4)

.27

9.5 (13.1)

7.1 (8.9)

.36

Pain

20.2 (20.9)

22.9 (23.6)

.33

19.0 (21.4)

25.4 (24.7)

.06

23.8 (16.3)

14.3 (15.0)

.23

Dyspnea

26.7 (23.3)

25.2 (25.0)

.56

27.2 (22.7)

25.6 (23.4)

.07

19.0 (26.2)

38.1 (44.8)

.10

Insomnia

26.0 (28.2)

21.3 (28.0)

.12

25.1 (29.5)

22.1 (27.2)

.39

19.0 (32.5)

28.6 (48.8)

.17

Appetite loss

21.7 (25.4)

16.3 (21.5)

.047

21.5 (24.6)

14.9 (21.3)

.03

33.3 (38.5)

19.0 (26.2)

.20

Constipation

15.5 (23.8)

17.1 (23.3)

.65

16.4 (25.8)

15.9 (22.9)

.90

14.3 (17.8)

23.8 (25.2)

.36

Diarrhea

19.4 (26.8)

11.6 (19.6)

.01

21.0 (28.6)

10.8 (17.8)

.01

28.6 (23.0)

14.3 (26.2)

.08

24.8 (26.2)

21.3 (25.0)

.14

26.7 (27.8)

21.5 (25.3)

.049

28.6 (23.0)

19.0 (26.2)

.36

Global health status or
b

QoL scale
Functional scales

Symptom scales

Financial difficulties
a

EORTC QLQ-C30: European Organization for Research and Treatment of Cancer Quality of Life Questionnaire-C30.

b

QoL: quality of life.

Figure 2. Pain scale. The pain severity, assessed by numeric rating scale, significantly decreased at 6 weeks but increased at 12 weeks (A). There was
no significant improvement in patients with stable tumor response (B).
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Figure 3. Distress indexes. Anxiety (A) and depression (B) significantly improved after pulmonary rehabilitation.

Discussion
Principal Findings
The 12-week Smart Aftercare PR program provided
comprehensive management of common challenges of patients
with advanced lung cancer. To the best of our knowledge, this
is the first study that demonstrated the feasibility and efficacy
of smartphone app–based PR for improving exercise capacity
and symptoms in patients with advanced NSCLC during
chemotherapy.
Because many lung cancer patients are elderly, there is some
concern about difficulty in handling a smartphone app. However,
only 2 patients ceased participation for this reason. The most
important cause of drop out was cancer progression. A total of
16 patients suffered from cancer progression during the 12
weeks’ PR program, and 2 patients died. Patients with advanced
cancer will unavoidably suffer symptomatic deterioration with
disease progression. However, exercise capacity, functional
status, various symptoms, and distress indexes significantly
improved in patients with stable disease. The objective response
rate to estimated glomerular filtration rate tyrosine kinase
inhibitors exceeds 70%, and the median duration of response
to an immune checkpoint inhibitor is 10 to 25 months [2,3,5,6].
Therefore, the role of PR in advanced NSCLC seems
increasingly important.
Exercise capacity is associated with advanced lung cancer
prognosis [9]. Multiple small trials have demonstrated the
benefit of hospital-based and home-based PR in patients with
advanced lung cancer [14-17]. However, no studies have
assessed PR employing a mobile app. The 6MWD significantly
improved after PR in patients overall as well as in patients with
stable disease. Although the dyspnea scale was not significantly
improved, it tended to improve in patients with stable disease.
http://mhealth.jmir.org/2019/2/e11094/
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Baseline performance status was significantly associated with
baseline 6MWD but not with changes in absolute distance.
Rather, patients with ECOG-PS 1 showed a mean increase in
walking distance of 17 m more as compared with patients with
ECOG-PS 0. One patient with ECOG-PS 2 showed an increase
in walking distance of 132 m after the 12-week PR. Therefore,
PR should be recommended to patients regardless of their
disease status or PS, if feasible.
Smartphone-based PR provided significant improvement in
functional scales, symptomatic scales, and distress indexes. Of
90 patients who completed the PR program, 86 (86/90, 96%)
patients reported that smartphone-based PR promoted behavioral
changes and facilitated self-monitoring of symptoms. This might
have affected functional scale improvement, especially
emotional scales and distress indexes. In addition, Shallwani et
al reported that 6MWT distance was the predictor of change in
the mental component of QoL. Therefore, improvement of
exercise capacity affected emotional scales and distress indexes
[20]. Moreover, 73 (73/90, 81%) patients reported that they felt
that they were in contact with their health care team. Indeed,
78 (78/100, 78.0%) patients enrolled in this study lived outside
of Seoul. This approach might be useful for patients living in
areas where an attending physician is not readily accessible.
Patients who participated in this study had significantly fewer
ED visits than patients who did not participate in the study. In
addition, there were no adverse events related to the
smartphone-based PR, such as condition deterioration because
of immoderate exercise or medicine overdose.
Anxiety and depression were significantly improved at 12
weeks. Depression was associated with the treatment response.
In subgroup analysis, patients who received first-line
chemotherapy showed a subsequent reduction in depression
index, with a significant reduction in score at 12 weeks (5.6
[SD 5.8] at baseline, 5.5 [SD 5.8] at 6 weeks, and 3.5 [SD 4.8]
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at 12 weeks; P=.04). Furthermore, patients who received
second-line chemotherapy and beyond showed higher depression
index at 6 weeks (4.1 [SD 3.0] at baseline vs 5.3 [SD 5.6] at 6
weeks; P=.24) but lower index at 12 weeks (3.4 [SD 3.9],
P=.33). Therefore, disease status and duration of illness were
important factors in the distress index.
QoL and severity of pain were not significantly improved
through PR. Pain is a key factor affecting QoL in patients with
lung cancer [21]. We provided various kinds of services to help
reduce pain, but they were ineffective. Therefore, selfmanagement of pain using a smartphone app is insufficient and
frequent assessment and physical examination at a clinic is
needed. In contrast, treatment response, an important factor
affecting health-related QoL, showed no significant association
with QoL in this study [22].

Limitations
This study has several limitations. First, there was no control
group. Uhm et al reported that mobile health management did
not show significant superiority over a conventional program
in terms of physical function in patients with breast cancer [23].
However, the lungs are strongly associated with dyspnea and
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exercise capacity, and the usefulness of home-based PR for
chronic lung diseases and lung cancer has previously been
reported [17,24,25]. Further randomized controlled studies are
needed to prove the superiority of the smartphone app–based
PR over conventional education. Second, a small number of
patients with heterogeneous disease status were included. In
addition, the influence of the different chemotherapy regimens,
which are associated with different adverse reactions that
influence symptoms and QoL, was not considered. Third,
monitoring of the amount and intensity of exercise relied on the
IoT device only. If the IoT device had a systemic error, all data
gathered on the IoT platform are unreliable. However, several
studies have demonstrated the viability of a smartphone for step
counting or gait analysis, and thus, they can be used to automate
the 6MWT [26-29].

Conclusions
In conclusion, 12 weeks of comprehensive smartphone
app–based individualized PR seems to be an effective and
feasible approach for improving exercise capacity, symptom
management, and distress in patients with advanced NSCLC
undergoing systemic chemotherapy.
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Abstract
Background: Rehabilitation is crucial for postoperative patients with low back pain (LBP). However, the implementation of
traditional clinic-based programs is limited in developing countries, such as China, because of the maldistribution of medical
resources. Mobile phone–based programs may be a potential substitute for those who have no access to traditional rehabilitation.
Objective: The aim of this study was to examine the efficacy of mobile phone–based rehabilitation systems in patients who
underwent lumbar spinal surgery.
Methods: Patients who accepted spinal surgeries were recruited and randomized into 2 groups of rehabilitation treatments: (1)
a mobile phone–based eHealth (electronic health) program (EH) or (2) usual care treatment (UC). The primary outcomes were
(1) function and pain status assessed by the Oswestry Disability Index (ODI) and (2) the visual analog scale (VAS). Secondary
outcomes were (1) general mental health and (2) quality of life (Likert scales, EuroQol-5 Dimension health questionnaire, and
36-item Short-Form Health Survey). All the patients were assessed preoperatively and then at 3, 6, 12, and 24 months
postoperatively.
Results: A total of 168 of the 863 eligible patients were included and randomized in this study. Our analysis showed that the
improvement of primary outcomes in the EH group was superior to the UC group at 24 months postoperatively (ODI mean 7.02,
SD 3.10, P<.05; VAS mean 7.59, SD 3.42, P<.05). No significant difference of primary outcomes was found at other time points.
A subgroup analysis showed that the improvements of the primary outcomes were more significant in those who completed 6 or
more training sessions each week throughout the trial (the highest compliance group) compared with the UC group at 6 months
(ODI mean 17.94, SD 5.24, P<.05; VAS mean 19.56, SD 5.27, P<.05), 12 months (ODI mean 13.39, SD 5.32, P<.05; VAS mean
14.35, SD 5.23, P<.05), and 24 months (ODI mean 18.80, SD 5.22, P<.05; VAS mean 21.56, SD 5.28, P<.05).
Conclusions: This research demonstrated that a mobile phone–based telerehabilitation system is effective in self-managed
rehabilitation for postoperative patients with LBP. The effectiveness of eHealth was more evident in participants with higher
compliance. Future research should focus on improving patients’ compliance.
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Introduction

tool to promote weight loss [17], increase physical activity [18],
and improve self-management behaviors [19].

Background

Objectives

Low back pain (LBP) is a common health problem with a point
prevalence of 15% and a lifetime incidence as high as 85%.
LBP is related to disability, work loss, and also accounts for
high economic costs in society. For example, total annual back
pain–related costs in the United States exceed US $200 billion
and are still increasing [1,2].

This trial was conducted to investigate whether a mobile
phone–based program (electronic health; eHealth), designed to
provide telerehabilitation for patients with LBP, would reduce
pain-related disability and improve prognosis among
postoperative patients who have no access to traditional
clinic-based rehabilitation.

Surgical intervention is an important treatment for LBP [3].
Due to the growing geriatric population, the number of lumbar
spinal surgeries has increased rapidly. However, functional
improvement and patient satisfaction after the surgery are varied;
25.0% (49/196) of the patients who underwent interbody fusion
still suffer from back pain or thigh pain [4,5]. Of those who
underwent discectomies, 40.0% (86/215) still remain unsatisfied
with the operation and the recurrent rate can reach as high as
12.0% (24/200) [6].
Recent evidence suggests that patients with low back pain
usually have inherent muscle dysfunction, which may be
exacerbated by surgeries. Thus, postoperative rehabilitation
becomes very critical [7,8]. Abbott et al suggested that if the
patients carried out postoperative rehabilitation 3 months after
surgery, their improvements in pain and function would be
superior to those without any rehabilitation program [9]. A
systemic review also indicated that postoperative rehabilitation
would contribute to rapid functional recovery and pain
alleviation of patients after lumbar spinal surgery [10]. It is also
well accepted that, in order for the rehabilitation program to be
fully effective, patients have to remain adherent and achieve
total completion of the program [11,12]. However, there are a
few efficient and effective strategies to help patients in
maintaining and completing their rehabilitation therapy. On top
of that, most of the recommended rehabilitation programs are
clinic-based, in which patients have to visit the clinics for a total
of 8 to 12 times in the span of 6 months. Personal visits to clinics
are a major setback in these programs as patients in developing
countries such as China have to travel a long distance to receive
their treatments because of the maldistribution of medical
resources [13]. Considering the cost and time, many patients
eventually opt out of the rehabilitation program.
The rapid development of mobile phone–based programs
provides a new option to promote health and prevent diseases
[14-16]. Quinn et al used a mobile phone–based software to
provide behavioral therapy for type 2 diabetes mellitus [14].
Other studies have also proved that the internet could be a useful
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Methods
Trial Design
This study was a multicenter, prospective, randomized controlled
trial, approved by the Ethics Committees of the Sun Yat-sen
Memorial Hospital. All the 3 hospitals that participated in this
study were affiliated to the Sun Yat-sen University, where the
surgery could be carried out safely and skillfully. All the patients
were assessed for postoperative functional ability, pain, and
general mental and health status at baseline and 3, 6, 12, and
24 months.

Inclusion and Exclusion Criteria
The researchers were required to explain the purposes,
procedures, and possible risks of the trial in detail to the patients
before inclusion. Written informed consents were obtained from
all patients. The inclusion and exclusion criteria are shown in
Textbox 1.

Sample Size
On the basis of previous studies, we anticipated that to have a
90% chance of detecting a between-group difference of 8 points
on the Oswestry Disability Index (ODI) and declaring it
statistically significant using a two-sided alpha=.05, an
enrollment of 168 patients was required. This calculation
allowed for a loss to follow-up of 23% [11].

Randomization
After completing the baseline survey, each participant was
randomly allocated in a 1:1 ratio to the mobile phone–based
eHealth program (EH) group or usual care treatment (UC) group
according to a computer-generated randomization list. The
allocation was stratified by a surgeon, operative procedures,
and preoperative diagnosis. An email was sent to participants
to inform them about their group assignment. The allocation
sequence was concealed from the researchers enrolling and
assessing patients.
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Textbox 1. Inclusion and exclusion criteria for the study.
Inclusion criteria
•

Aged between 18 and 64 years

•

Agreed to receive lumbar spinal surgery and that the surgical intervention involved no more than 3 columns

•

Diagnosed as lumbar disc herniation, spinal stenosis, or lumbar spondylolisthesis with imaging support

•

Living at least 100 km or a 2 hours’ drive away from the hospitals

•

Signed the informed consent

Exclusion criteria
•

Diagnosed as tuberculosis and tumor patients

•

Those who accepted lumbar surgeries before this trial

•

Patients with rheumatoid arthritis or ankylosing spondylitis

•

Pregnancy

•

Those who could not sign the informed consent or complete the rehabilitation exercise because of mental retardation or other reasons

Intervention
Usual Care
No specific rehabilitation program was provided to patients
randomized to the UC control group. The relevant surgeons’
usual practice was still provided, including advices to keep
physically active and simple instructions to train the back
muscles. Analgesia and other symptomatic treatments were also
provided when necessary. All the postoperative regimes were
documented.

eHealth
Besides the relevant surgeons’usual practice, patients
randomized to the intervention group received telerehabilitation
provided by eHealth, a mobile phone–based system developed
by our group.
Moreover, eHealth was designed based on the user-centered
theory, aimed to provide a platform for the delivery of
self-management interventions [20,21]. It contained 2 interfaces:
a mobile phone–based interface for patients and a Web-based
interface for doctors. Through the mobile phone–based interface,
patients were able to view the rehabilitation plans made by their
physicians and conduct their rehabilitation following the video
instructions. In addition, patients could receive daily reports
about their exercise and alerts to prompt them to return to this
system. They could also communicate with their doctors through
this system. Through the Web-based interface, the doctors could
adjust rehabilitation plans for patients and view reports about
the patients’ daily exercise. All data were synchronized and
stored in a remote server. The eHealth system diagram is
presented in Figure 1.
The exercises included in this software were designed based on
core stability exercise principles, which were all aimed to restore
normal muscle strength and mobility, to activate the deep core
musculature and to promote balance and coordination of the
patients’ daily movements. The detailed plan of rehabilitation
is shown in Multimedia Appendix 1.
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The validation study was conducted with 10 healthy adults.
Then, the information for the usability of the system was
collected through paper-based questionnaires, 1 day after the
tryout. The validation study confirmed that our system was well
designed and easy to use, and the rehabilitation guidance was
easy for users to understand. Combined with the results of
previous studies and user preferences [11,22], our study set the
rehabilitation for 20 min each time, twice a day (see Multimedia
Appendix 2).
The software was installed into the patients’ phones 3 months
after the surgery. Two meetings were held to show the patients
how to use this software and how to conduct the exercises. The
patients were also evaluated to make sure they can conduct the
rehabilitation exercise correctly. They were required to complete
at least 2 months of training. After 2 months, the patients could
still log on to the system, and those who completed 5 or more
training sessions each week were considered as high adherence,
3 to 5 training sessions as medium adherence, and 2 training
sessions and less as low adherence.

Outcome Measures
The primary outcome measures were the ODI, a disease-specific
questionnaire documenting the function of known validity and
reliability, and the visual analog scale (VAS) to record back
pain [23,24]. The study was complemented by a series of
secondary outcome measures of mental health and life status,
which included the EuroQol 5-Dimension health questionnaire
and 36-item Short-Form Health Survey (SF-36)—the Medical
Outcomes Study SF-36 [25,26]. After baseline data collection,
paper-based surveys of primary and secondary outcomes were
conducted at 3, 6, 12, and 24 months. Since all outcome
measurements were patient assessments, it was not possible to
evaluate ODI, VAS, EQ-5D, SF-36 or Likert score blind to the
randomized intervention.
At 12 months postoperative, an open survey was also conducted
to detect the factors that affect patient compliance. All patients
with medium and low compliance were asked to list 3 of the
most important factors that they thought affected their
compliance to the system.
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Figure 1. The eHealth system contained 2 interfaces: mobile phone–based interface and Web-based interface. Through mobile phone–based interface,
patients were able to view the rehabilitation plans and conduct their rehabilitation following the video instructions. Daily reports and an alert were sent
to prompt them to return to this system. They could also communicate with doctors through this system. Through Web-based interface, the doctors
could adjust rehabilitation plans for patients and view reports about their daily exercise. All data were synchronized and stored in a remote server.

Statistical Methods
The analyst assessing trial outcomes was blinded to the
assignments. All analyses were conducted using an
intent-to-treat approach with participants analyzed according
to original group assignment. The baseline data for those lost
to follow-up were included. Baseline characteristics were
compared between the groups using chi-square tests for
categorical data and a 2-sample t test for continuous data.
Numeric data were represented by mean (SD).
For analyses of primary and secondary outcomes, a paired t test
was applied to examine the changes within groups. A 2-sample
t test was applied to compare changes between the groups.
Missing data were not imputed. Only available data were
analyzed. Compliance rates and lost to follow-up rates were
compared with groups using chi-square tests.
All the analyses were conducted using Stata version 23.0
(StataCorp LLC) and a P<.05 was declared as significant.

Results
Study Population and Follow-Up
Recruitment occurred between August 2013 and November
2014 at 3 hospitals, and 845 patients were assessed for
eligibility. Of those, 428 patients were excluded for not meeting
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the inclusion criteria or meeting the exclusion criteria. Of the
417 eligible patients, 92 were not approached, 135 declined to
participate, and 22 consented patients withdrew before
randomization. The final 168 consenting patients were then
randomized in this study.
All the randomized patients received operation treatments and
completed the required baseline assessments. However, during
the study, 2 patients in the EH group and 4 patients in the UC
group dropped out at 3 months. From the EH group, 82 patients
entered the treatment phase, of which 77 finished the treatment
and follow-up was done at 6 months. In the UC group, 80 and
74 patients were met for follow-up at 3 months and 6 months,
respectively. The follow-up rate in the EH group was 97.62%
(82/84) at 3 months, 91.67% (77/84) at 6 months, 85.71%
(72/84) at 12 months, and 71.43% (60/84) at 24 months. In UC
group, the follow-up rate was 95.24% (80/84) at 3 months,
88.10% (74/84) at 6 months, 83.33% (70/84) at 12 months, and
72.62% (61/84) at 24 months (see Figure 2).

Baseline Characteristics
Both the clinical and demographic characteristics of the patients
were similar in the 2 groups (P<.05, see Table 1). Most of the
study participants were married and had only finished high
school or lower. On an average, participants reported moderate
to severe pain and functional impairment based on ODI and
VAS scores.
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Figure 2. Flowchart.

Adherence to Interventions
Median eHealth attendance was 5 times per week (interquartile
range, IQR, 4-6)，5 times per week (IQR 3-6), and 5 times per
week (IQR 4-6) for 6, 12, and 24 months postoperatively. A
total of 50, 37, and 38 patients were considered as high
compliance at 6, 12, and 24 months, respectively,
postoperatively. Although the high compliance rate was higher
at 24 months (63.33%) compared with that at 12 months
postoperatively (51.39%), it was not statistically significant
(P>.05, see Table 2). Of these participants, 24 completed the
whole trial with 6 or more training sessions each week and,
therefore, were considered as the highest compliance (HC)
group.
To determine the reason for low compliance, we carried out a
brief survey focusing on the medium and low compliance group,
asking them to list out the top 3 factors that affected their
adherence at 12 months. A total of 33 out of 35 patients
http://mhealth.jmir.org/2019/2/e10201/
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considered lack of communication with their doctors as the
important factor. Through our record, we found that mean
communication frequency was 2.54 (SD 0.89) for patients with
medium or low compliance and 4.46 (SD 1.35) for patients with
high compliance. The frequency of responses from doctors was
significantly higher in patients with high compliance (P<.05).
The other common reasons listed by patients were the concern
about the accuracy of the action, limited symptom improvement,
and lack of motivation (see Multimedia Appendix 3).

Primary Outcomes
The ODI and VAS for the EH and UC group were similar at
baseline and 3 months postoperatively. At 6 and 12 months, the
mean for change of the ODI from baseline was –7.27 (SD 5.31)
and –18.43 (SD 23.92),respectively, for the EH,while it was
–7.90 (SD 4.53) and –14.39 (SD 4.64), respectively, for the UC
group (see Table 2). No significant difference was found
between the EH and UC at 6 months and 12 months (P>.05).
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Table 1. Demographics and baseline characteristics of all participants.
Characteristics

UCa (n=84)

EHb (n=84)

P value

Female, n (%)

42 (50)

48 (57)

.35

Age (years), mean (SD)

49.36 (9.52)

51.11 (9.54)

.24

High school or lower

63 (75)

60 (71)

.60

College degree or higher

21 (25)

24 (29)

.60

Currently employed

62 (74)

58 (69)

.50

Married

76 (90)

73 (87)

.72

Divorced

5 (6)

6 (7)

.72

Single

3 (4)

5 (6)

.72

1 disc

37 (44)

36 (43)

.96

2 discs

41 (49)

41 (49)

.96

3 discs

6 (7)

7 (8)

.96

Mean ODIc score (SD)d

55.40 (14.78)

54.14 (15.18)

.59

Mean VASe score (SD)f

60.11 (15.99)

57.71 (14.91)

.32

Mean Likert score (SD)g

59.14 (14.86)

59.71 (16.49)

.40

Mean EQ-5Dh score (SD)i

35.75 (15.37)

34.26 (14.84)

.32

Mean SF-36 GHj score (SD)k

13.55 (5.58)

13.60 (6.02)

.96

Mean SF-36 PFl score (SD)m

21.11 (8.36)

21.52 (8.72)

.75

Education status, n (%)

Marriage status, n (%)

Intervertebral discs involved in surgery, n (%)

a

UC: usual care.

b

EH: eHealth program.

c

ODI: Oswestry Disability Index.

d

Rated to assess the patient’s level of disability because of low back pain. Ranged from 0 to 100, with higher scores indicating more disability.

e

VAS: visual analog scale.

f

Rated between 0 and 100 with 100 representing worst pain possible.

g

Measured using an 11-point numerical rating scale for average difficulty for movement in the previous week, where 0 indicated no difficulty and 10
indicated most difficulty.
h

EQ-5D: EuroQol 5-Dimension health questionnaire.

i

Rated between 0 and 100 with 100 representing a perfect health-related quality of life.

j

SF-36 GH: General health for 36-item Short-Form Health Survey.

k

Ranging from 0 to 100, with higher scores indicating better health-related quality of life.

l

SF-36 PF: Physical functioning for 36-item Short-Form Health Survey.

m

Ranging from 0 to 100, with higher scores indicating better health-related quality of life.

Table 2. Compliance status in different follow-ups.
Follow-up (month)

Low compliance, n (%)

Medium compliance, n (%)

High compliance, n (%)

P value for chi-square test

6

11 (14.47)

16 (19.74)

50 (65.79)

.23

12

8 (11.11)

27 (37.50)

37 (51.39)

.23

24

6 (11.48)

16 (26.23)

38 (62.29)

.23
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Table 3. Primary outcomes change from baseline and between-group difference.
UCa change from baseline

EHb change from baseline

Participants

Mean (SD)

Participants

Mean (SD)

3

80

–7.90 (4.53)

82

6

74

–14.39 (4.64)

12

70

24

Measurements and
follow-up (month)

Difference UC versus EH,
mean (SD)

P value

–7.27 (5.31)

–0.63 (0.78)

.42

77

–18.43 (23.92)

4.0 (2.83)

.16

–22.07 (5.56)

72

–21.58 (24.64)

–0.49 (2.98)

.87

61

–23.41 (6.65)

60

–30.43 (23.75)

7.02 (3.18)

.03

3

80

–7.61 (5.15)

82

–7.02 (4.45)

–0.59 (0.76)

.44

6

74

–14.19 (5.11)

77

–17.49 (25.48)

3.30 (2.96)

.27

12

70

–21.94 (5.8)

72

–20.55 (25.92)

–1.39 (3.13)

.66

24

61

–22.36 (6.90)

60

–29.95 (25.60)

7.59 (3.42)

.03

ODI

c

d

VAS

a

UC: usual care.

b

EH: eHealth program.

c

ODI: Oswestry Disability Index.

d

VAS: visual analog scale.

However, at 24 months, improvement in the ODI was more
significant in the EH group compared with the UC group
(P<.05). For the VAS, the change was also not significantly
different between the EH and UC at 6 months and 12 months
(P>.05). At 24 months, the mean for change of the VAS from
baseline was –22.36 (SD 6.90) in the EH and –29.95 (SD 25.60)
in the UC. The improvement of the VAS was more significant
in the EH than the UC (P<.05, see Table 3).

Secondary Outcomes
No difference in the Likert scale for movement was found at 3,
6, and 12 months postoperatively in the EH and UC. At 24
months, patients in the EH displayed superior results of Likert
scale (mean of change: EH –32.51, SD 25.94; UC –22.54, SD
5.81; P<.05, see Table 4).
As for the EuroQol-5 Dimension (EQ-5D), the change was
similar for EH and UC at 3 months. At 6 months, the
improvement for EQ-5D was 0.23 (SD 0.03) for the EH and
0.13 (SD 0.08) for the UC. The patients in the EH got a
significantly superior result over that in the UC. This advantage
was sustained at subsequent time points (P<.05, see Table 4).
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For the SF-36, the improvement was more significant in the EH
compared with the UC at 3, 6, and 24 months (P<.05, see Table
4).

Subgroup Analysis
In the EH group, 24 patients completed all the follow-ups, with
average eHealth attendance no less than 6 times per week,
considered as the highest compliance. Thus, we conducted a
subgroup analysis between the HC group with UC group.
Both the clinical and demographic characteristics were
consistent between the 2 groups at baseline (see Multimedia
Appendix 3). There were no significant differences in the
changes of the ODI and VAS at 3 months. However, the HC
group was superior to the UC group in the posttreatment ODI
and VAS at 6 months (P<.05). This advantage was sustained
at 12 and 24 months (see Table 5).

Adverse Events
Adverse events, mostly mild, self-limited joint and back pain,
were reported in 9 EH and 6 UC participants. It did not differ
significantly in frequency or severity of adverse events in these
2 groups.
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Table 4. Secondary outcomes change from baseline and between-group difference outcomes.
UCa change from baseline

EHb change from baseline

Participants

Mean (SD)

Participants

Mean (SD)

3

80

–7.79 (4.96)

82

6

74

–13.51 (5.39)

12

70

24

Measurements and
follow-up (month)

Difference UC versus EH,
mean (SD)

P value

–7.20 (4.74)

0.20 (0.78)

.80

77

–19.66 (26.47)

6.15 (3.08)

.05

–21.09 (5.68)

72

–23.00 (27.12)

1.91 (3.31)

.56

61

–22.54 (5.81)

60

–32.51 (25.94)

9.98 (3.43)

.01

3

80

0.09 (0.02)

82

0.09 (0.02)

0.00 (0.00)

.62

6

74

0.13 (0.08)

77

0.23 (0.03)

–0.10 (0.01)

<.001

12

70

0.17 (0.03)

72

0.24 (0.04)

–0.05 (0.01)

.003

24

61

0.22 (0.04)

60

0.35 (0.03)

–0.12 (0.01)

.001

3

80

38.16 (2.43)

82

40.01 (3.37)

–1.85 (0.46)

.004

6

74

45.85 (3.43)

77

54.75 (4.59)

–8.90 (0.66)

.002

12

70

55.53 (3.86)

72

56.25 (5.31)

–0.72 (0.78)

.36

24

61

57.98 (5.26)

60

62.80 (6.61)

–4.82 (1.09)

.002

3

80

30.58 (2.29)

82

40.76 (3.05)

–2.18 (0.42)

.004

6

74

46.35 (3.62)

77

56.12 (4.48)

–9.77 (0.66)

.003

12

70

56.13 (4.79)

72

56.74 (5.83)

–0.61 (0.89)

.49

24

61

59.07 (5.89)

60

62.45 (5.78)

–3.38 (1.06)

.02

Likert score

EQ-5Dc

SF-36 GHd

SF-36 PFe

a

UC: usual care.

b

EH: eHealth program.

c

EQ-5D: EuroQol 5-Dimension health questionnaire

d

SF-36 GH: General health for 36-item Short-Form Health Survey

e

SF-36 PF: Physical functioning for 36-item Short-Form Health Survey
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Table 5. Subgroup analysis of primary outcomes change from baseline and between-group difference outcomes.
UCa change from baseline

HCb change from baseline

Participants

Mean (SD)

Participants

Mean (SD)

3

80

–7.90 (4.53)

24

6

74

–14.39 (4.64)

12

70

24

Measurements and
follow-up (month)

Difference UC versus HC,
mean (SD)

P value

–7.71 (5.29)

–0.19 (1.10)

.86

24

–32.33 (25.56)

17.94 (5.24)

<.001

–22.07 (5.56)

24

–35.46 (25.88)

13.39 (5.32)

.02

61

–23.41 (6.65)

24

–42.21 (25.26)

18.80 (5.22)

.01

3

80

–7.61 (5.15)

24

–6.42 (4. 91)

–1.20 (1.19)

.32

6

74

–14.19 (5.11)

24

–33.75 (25.67)

19.56 (5.27)

.01

12

70

–21.94 (5.8)

24

–36.29 (25.38)

14.35 (5.23)

.01

24

61

–22.36 (6.90)

24

–43.92 (25.50)

21.56 (5.28)

.001

ODI

c

d

VAS

a

UC: usual care.

b

HC: highest compliance.

c

ODI: Oswestry Disability Index.

d

VAS: visual analog scale.

Discussion
Principal Findings
Much research had been done to explore the effect of
rehabilitation on postoperative patients [9,27-29]. Compared
with previous experiments, we aimed to explore the application
of mobile phone–based rehabilitation in postoperative patients
with LBP through a well-designed clinical trial. All the patients
in our study lived far away from the hospital and were unable
to accept the traditional clinic-based rehabilitation. This design
is critical for developing countries. Due to the extremely uneven
distribution of health resources, traditional clinic-based
postoperative rehabilitation cannot be implemented in patients
living faraway, whereas eHealth could be a solution to bridge
the gap [30].
In this randomized controlled trial, we compared postoperative
patients (EH group) with low back pain treated by eHealth, a
mobile phone–based telerehabilitation system, with those that
received nonspecific rehabilitation (UC group). We found that
primary outcomes (ODI and VAS) in the EH group were
superior to the UC group at 24 months postoperatively.
However, no significant difference was found at all the other
time points during follow-up. Furthermore, we compared 24
patients having an average eHealth attendance of no less than
6 times per week (HC group) with the UC group. Subgroup
analysis showed that the improvements of the primary outcomes
were more significant in the HC group compared with the UC
group at 6, 12, and 24 months. These results suggest that patients
with a higher compliance with our telerehabilitation system
tend to have a better prognosis.
Adherence to postoperative rehabilitation in clinical practice is
a serious problem [31]. Previous studies focused on clinic-based
rehabilitation reported very low levels of compliance, with
almost 30% failing to attend any classes, and of those attending,
http://mhealth.jmir.org/2019/2/e10201/
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only 60% attended more than half of the classes [32,33].
Moreover, nonadherence of home-based rehabilitation could
be as high as 50% [34]. Compared with previous studies, this
study adopted video-based coaching and had a higher
compliance: high compliance rates were 65.79%, 51.39%, and
62.29% at 6, 12, and 24 months, respectively. This paper
supports the notion that well-designed connected health
technologies, including digital, mobile health, and telehealth,
could better support patients in their rehabilitation and provide
an opportunity to increase adherence to exercise and
rehabilitation [35].
This study also found that the 24 patients who completed 6 or
more training sessions each week throughout the trial (HC
group) had a better prognosis. This may be because the
rehabilitation exercise needs to reach a certain length of time
to achieve a more significant effect [36]. The rehabilitation
protocols in previous studies were 40 to 60 min each day
[11,22]. This study had set the rehabilitation for 20 min each
time, twice a day, given the results of our previous validation
study of user preferences (shown in Multimedia Appendix 2).
However, in practice, many patients did not strictly conduct the
exercise twice a day; therefore, the duration of the exercise for
each day did not meet the requirements for a more efficient
training session. Future research should pay more attention to
the training duration of 1 single section and 1 day. Especially
in the study of patients’ self-rehabilitation, the training duration
should be set for longer than what we expected. Meanwhile,
the compliance to rehabilitation should be improved as much
as possible. However, it must be noted that noncompliance is
a complicated issue and the reasons for noncompliance are
multifactorial. Our survey of patients with medium and low
compliance at 12 months tried to find the main reasons for
noncompliance, although most patients cited insufficient
communication with doctors as the main cause for
noncompliance. Further analysis implied that the patients’ need
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10201 | p.436
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for communication with doctors was because of the patients’
doubts during rehabilitation, such as whether the actions were
standard, the intended goal of rehabilitation, or if more
motivation was needed. All these reasons listed by the patients
actually reflect that the doubt-free experience is very important
for maintaining a high compliance to rehabilitation, especially
for home-based rehabilitation. A well-designed system should
possess the following features to create a doubt-free experience:
(1) a clear goal, (2) comprehensive and detailed instructions,
and (3) timely communication and motivation.
The abovementioned features could be achieved by optimizing
the designs of a mobile phone–based system. Previous studies
have revealed that the mobile phone is an effective tool in
improving health behaviors of patients [37-39]. In a study
conducted by Liu et al, patients with chronic obstructive
pulmonary disease were encouraged to perform daily endurance
walking while following the tempo of the music from a program
installed on a mobile phone [40]. Lambert et al found that people
with musculoskeletal conditions had better adherence to their
home exercise programs provided on an app with remote support
compared with paper handouts [41]. Meanwhile, the mobile
phone can provide a lot of self-detecting methods, such as the
Global Positioning System’s positioning and gravity-sensing
technology to track elderly patients and provide timely feedback
to the medical staff [42]. The electrocardiogram, the blood
glucose meter, and the blood pressure meter connected through
Bluetooth could automatically upload health-related data to the
medical system [43-45]. With the advancement of technology,
motion-capture devices may also be applied in telerehabilitation
[46]. Until then, the compliance could be better improved with
remote monitoring of the patients’ rehabilitation.

Limitations
The main limitation of this study was the high loss to follow-up
rate. Compared with previous studies, the loss to follow-up rates
were similar to the loss to follow-up rates in this study [47-49].
Further analysis showed that the baseline characteristics were
similar among patients who were met or lost to follow-up at 24
months (P>.05, see Multimedia Appendix 3). Also, no
significant difference was found in the improvement of primary
outcomes at 12 months between patients who were met and
were lost to follow-up between 12 and 24 months both in the
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UC and EH group (P>.05, see Multimedia Appendix 3). It
implied that the reason for the loss to follow-up was the patients’
own reason, which was randomized, instead of poor prognosis.
The final result might not be seriously affected by those who
were lost to follow-up.
The reason for the high loss to follow-up rate was probably
because of the long distance from the patients’ home to the
hospital, which was 1 of the inclusion criteria. These inclusion
criteria are consistent with our aim, which focused on remote
self-rehabilitation. However, it also adds to the difficulty for
following up. As our study was conducted with paper-based
questionnaires, patients included in our study had to travel a
long distance back to hospitals or mail back the questionnaires,
causing more to be lost to follow-up. In order to overcome this
problem, electronic surveys have great potential to improve
data collection [50]. A major advantage of applying electronic
surveys is that they could increase the amount of data collected
at a lower cost [51]. Many researchers have explored the
application of electronic versions of questionnaires. Terri et al
found that electronic versions of the Faces Pain Scale-Revised
and the Color Analog Scale on a mobile phone demonstrated
good agreement with the original paper and plastic versions of
these scales [52]. Pawar et al found that the software version of
the Roland-Morris Disability Questionnaire was comparable
with the paper version in patients with LBP [53]. Other
researchers also found that Web- or mobile device–based
systems could facilitate consecutive patient data collection in
randomized controlled trials and could be used to increase
response rates and enhance quality of research [54,55].
Therefore, future studies should consider applying electronic
tools to simplify the follow-up process and reduce loss to
follow-up.

Conclusions
In conclusion, eHealth, a mobile phone–based telerehabilitation
system, may be an effective rehabilitation tool for postoperative
patients with LBP, especially for those who have no access to
traditional clinic-based rehabilitation. The effectiveness of
eHealth was more evident in patients with higher adherence.
However, more studies are still needed to find optimal methods
to improve compliance.
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The detailed plan of rehabilitation.
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Multimedia Appendix 2
Results of the validation study.
[PDF File (Adobe PDF File), 53KB - mhealth_v7i2e10201_app2.pdf ]

Multimedia Appendix 3
Supplementary tables.
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Multimedia Appendix 4
CONSORT‐EHEALTH checklist (V 1.6.1).
[PDF File (Adobe PDF File), 505KB - mhealth_v7i2e10201_app4.pdf ]

References
1.

2.
3.
4.

5.
6.

7.
8.
9.

10.
11.

12.

13.

14.

15.

16.

Juniper M, Le TK, Mladsi D. The epidemiology, economic burden, and pharmacological treatment of chronic low back
pain in France, Germany, Italy, Spain and the UK: a literature-based review. Expert Opin Pharmacother 2009
Nov;10(16):2581-2592. [doi: 10.1517/14656560903304063] [Medline: 19874246]
Dagenais S, Caro J, Haldeman S. A systematic review of low back pain cost of illness studies in the United States and
internationally. Spine J 2008;8(1):8-20. [doi: 10.1016/j.spinee.2007.10.005] [Medline: 18164449]
Issack PS, Cunningham ME, Pumberger M, Hughes AP, Cammisa Jr FP. Degenerative lumbar spinal stenosis: evaluation
and management. J Am Acad Orthop Surg 2012 Aug;20(8):527-535. [doi: 10.5435/JAAOS-20-08-527] [Medline: 22855855]
Han X, Zhu Y, Cui C, Wu Y. A meta-analysis of circumferential fusion versus instrumented posterolateral fusion in the
lumbar spine. Spine (Phila Pa 1976) 2009 Aug 1;34(17):E618-E625. [doi: 10.1097/BRS.0b013e3181a9beab] [Medline:
19644321]
Wiedenhöfer B, Ewerbeck V, Suda AJ, Carstens C. Current short- and long-term results of lumbar disc replacement : update
2008. Chirurg 2008 Oct;79(10):937-943. [doi: 10.1007/s00104-008-1519-5] [Medline: 18818895]
Li XC, Zhong CF, Deng GB, Liang RW, Huang CM. Full-endoscopic procedures versus traditional discectomy surgery
for discectomy: a systematic review and meta-analysis of current global clinical trials. Pain Physician 2016 Mar;19(3):103-118
[FREE Full text] [Medline: 27008284]
Mayer TG, Vanharanta H, Gatchel RJ, Mooney V, Barnes D, Judge L, et al. Comparison of CT scan muscle measurements
and isokinetic trunk strength in postoperative patients. Spine (Phila Pa 1976) 1989 Jan;14(1):33-36. [Medline: 2913665]
Hides JA, Richardson CA, Jull GA. Multifidus muscle recovery is not automatic after resolution of acute, first-episode low
back pain. Spine (Phila Pa 1976) 1996 Dec 1;21(23):2763-2769. [Medline: 8979323]
Abbott AD, Tyni-Lenné R, Hedlund R. Early rehabilitation targeting cognition, behavior, and motor function after lumbar
fusion: a randomized controlled trial. Spine (Phila Pa 1976) 2010 Apr 15;35(8):848-857. [doi:
10.1097/BRS.0b013e3181d1049f] [Medline: 20354468]
Oosterhuis T, Costa LO, Maher CG, de Vet HC, van Tulder MW, Ostelo RW. Rehabilitation after lumbar disc surgery.
Cochrane Database Syst Rev 2014 Mar 14(3):CD003007. [doi: 10.1002/14651858.CD003007.pub3] [Medline: 24627325]
McGregor AH, Doré CJ, Morris TP, Morris S, Jamrozik K. ISSLS prize winner: Function After Spinal Treatment, Exercise,
and Rehabilitation (FASTER): a factorial randomized trial to determine whether the functional outcome of spinal surgery
can be improved. Spine (Phila Pa 1976) 2011 Oct 1;36(21):1711-1720. [doi: 10.1097/BRS.0b013e318214e3e6] [Medline:
21378603]
Christensen FB, Laurberg I, Bünger CE. Importance of the back-café concept to rehabilitation after lumbar spinal fusion:
a randomized clinical study with a 2-year follow-up. Spine (Phila Pa 1976) 2003 Dec 1;28(23):2561-2569. [doi:
10.1097/01.BRS.0000097890.96524.A1] [Medline: 14652472]
Hu R, Dong S, Zhao Y, Hu H, Li Z. Assessing potential spatial accessibility of health services in rural China: a case study
of Donghai County. Int J Equity Health 2013 May 20;12:35 [FREE Full text] [doi: 10.1186/1475-9276-12-35] [Medline:
23688278]
Quinn CC, Gruber-Baldini AL, Shardell M, Weed K, Clough SS, Peeples M, et al. Mobile diabetes intervention study:
testing a personalized treatment/behavioral communication intervention for blood glucose control. Contemp Clin Trials
2009 Jul;30(4):334-346. [doi: 10.1016/j.cct.2009.02.004] [Medline: 19250979]
Quinn CC, Shardell MD, Terrin ML, Barr EA, Ballew SH, Gruber-Baldini AL. Cluster-randomized trial of a mobile phone
personalized behavioral intervention for blood glucose control. Diabetes Care 2011 Sep;34(9):1934-1942 [FREE Full text]
[doi: 10.2337/dc11-0366] [Medline: 21788632]
Webb TL, Joseph J, Yardley L, Michie S. Using the internet to promote health behavior change: a systematic review and
meta-analysis of the impact of theoretical basis, use of behavior change techniques, and mode of delivery on efficacy. J
Med Internet Res 2010;12(1):e4 [FREE Full text] [doi: 10.2196/jmir.1376] [Medline: 20164043]

http://mhealth.jmir.org/2019/2/e10201/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10201 | p.438
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
17.

18.

19.

20.

21.

22.

23.

24.
25.
26.
27.

28.

29.

30.
31.

32.

33.

34.

35.
36.

Carter MC, Burley VJ, Cade JE. Weight loss associated with different patterns of self-monitoring using the mobile phone
app My Meal Mate. JMIR Mhealth Uhealth 2017 Feb 2;5(2):e8 [FREE Full text] [doi: 10.2196/mhealth.4520] [Medline:
28153814]
Direito A, Jiang Y, Whittaker R, Maddison R. Apps for IMproving FITness and increasing physical activity among young
people: the AIMFIT pragmatic randomized controlled trial. J Med Internet Res 2015;17(8):e210 [FREE Full text] [doi:
10.2196/jmir.4568] [Medline: 26316499]
Tinschert P, Jakob R, Barata F, Kramer JN, Kowatsch T. The potential of mobile apps for improving asthma self-management:
a review of publicly available and well-adopted asthma apps. JMIR Mhealth Uhealth 2017 Aug 2;5(8):e113 [FREE Full
text] [doi: 10.2196/mhealth.7177] [Medline: 28768606]
Whitehead L, Seaton P. The effectiveness of self-management mobile phone and tablet apps in long-term condition
management: a systematic review. J Med Internet Res 2016;18(5):e97 [FREE Full text] [doi: 10.2196/jmir.4883] [Medline:
27185295]
Rothgangel A, Braun S, Smeets R, Beurskens A. Design and development of a telerehabilitation platform for patients with
phantom limb pain: a user-centered approach. JMIR Rehabil Assist Technol 2017 Feb 15;4(1):e2 [FREE Full text] [doi:
10.2196/rehab.6761] [Medline: 28582249]
Archer KR, Devin CJ, Vanston SW, Koyama T, Phillips SE, Mathis SL, et al. Cognitive-behavioral-based physical therapy
for patients with chronic pain undergoing lumbar spine surgery: a randomized controlled trial. J Pain 2016 Jan;17(1):76-89
[FREE Full text] [doi: 10.1016/j.jpain.2015.09.013] [Medline: 26476267]
Hawker GA, Mian S, Kendzerska T, French M. Measures of adult pain: Visual Analog Scale for Pain (VAS Pain), Numeric
Rating Scale for Pain (NRS Pain), McGill Pain Questionnaire (MPQ), Short-Form McGill Pain Questionnaire (SF-MPQ),
Chronic Pain Grade Scale (CPGS), Short Form-36 Bodily Pain Scale (SF-36 BPS), and Measure of Intermittent and Constant
Osteoarthritis Pain (ICOAP). Arthritis Care Res (Hoboken) 2011 Nov;63(Suppl 11):S240-S252 [FREE Full text] [doi:
10.1002/acr.20543] [Medline: 22588748]
Holm I, Friis A, Storheim K, Brox JI. Measuring self-reported functional status and pain in patients with chronic low back
pain by postal questionnaires: a reliability study. Spine (Phila Pa 1976) 2003 Apr 15;28(8):828-833. [Medline: 12698128]
EuroQol Group. EuroQol--a new facility for the measurement of health-related quality of life. Health Policy 1990
Dec;16(3):199-208. [Medline: 10109801]
Ware Jr JE, Sherbourne CD. The MOS 36-item short-form health survey (SF-36). I. Conceptual framework and item
selection. Med Care 1992 Jun;30(6):473-483. [Medline: 1593914]
Kim BJ, Kim T, Ahn J, Cho H, Kim D, Yoon B. Manipulative rehabilitation applied soon after lumbar disc surgery improves
late post-operative functional disability: A preliminary 2-year follow-up study. J Back Musculoskelet Rehabil 2017 Sep
22;30(5):999-1004. [doi: 10.3233/BMR-169546] [Medline: 28505954]
van Erp RM, Jelsma J, Huijnen IP, Lundberg M, Willems PC, Smeets RJ. Spinal surgeons' opinions on pre- and postoperative
rehabilitation in patients undergoing lumbar spinal fusion surgery: a survey-based study in the Netherlands and Sweden.
Spine (Phila Pa 1976) 2018 May 15;43(10):713-719. [doi: 10.1097/BRS.0000000000002406] [Medline: 28885297]
Madera M, Brady J, Deily S, McGinty T, Moroz L, Singh D, for the Seton Spine Rehabilitation Study Group. The role of
physical therapy and rehabilitation after lumbar fusion surgery for degenerative disease: a systematic review. J Neurosurg
Spine 2017 Jun;26(6):694-704. [doi: 10.3171/2016.10.SPINE16627] [Medline: 28291412]
Nedungadi P, Jayakumar A, Raman R. Personalized health monitoring system for managing well-being in rural areas. J
Med Syst 2017 Dec 14;42(1):22. [doi: 10.1007/s10916-017-0854-9] [Medline: 29242996]
Argent R, Daly A, Caulfield B. Patient involvement with home-based exercise programs: can connected health interventions
influence adherence? JMIR Mhealth Uhealth 2018 Mar 1;6(3):e47 [FREE Full text] [doi: 10.2196/mhealth.8518] [Medline:
29496655]
McGregor AH, Henley A, Morris TP, Doré CJ, FASTER team. An evaluation of a postoperative rehabilitation program
after spinal surgery and its impact on outcome. Spine (Phila Pa 1976) 2012 Apr 1;37(7):E417-E422. [doi:
10.1097/BRS.0b013e31823b00b2] [Medline: 22024898]
Johnson RE, Jones GT, Wiles NJ, Chaddock C, Potter RG, Roberts C, et al. Active exercise, education, and cognitive
behavioral therapy for persistent disabling low back pain: a randomized controlled trial. Spine (Phila Pa 1976) 2007 Jul
1;32(15):1578-1585. [doi: 10.1097/BRS.0b013e318074f890] [Medline: 17621203]
Bollen JC, Dean SG, Siegert RJ, Howe TE, Goodwin VA. A systematic review of measures of self-reported adherence to
unsupervised home-based rehabilitation exercise programmes, and their psychometric properties. BMJ Open 2014 Jun
27;4(6):e005044 [FREE Full text] [doi: 10.1136/bmjopen-2014-005044] [Medline: 24972606]
Caulfield BM, Donnelly SC. What is Connected Health and why will it change your practice? QJM 2013 Aug;106(8):703-707.
[doi: 10.1093/qjmed/hct114] [Medline: 23676416]
Wang XQ, Zheng JJ, Yu ZW, Bi X, Lou SJ, Liu J, et al. A meta-analysis of core stability exercise versus general exercise
for chronic low back pain. PLoS One 2012;7(12):e52082 [FREE Full text] [doi: 10.1371/journal.pone.0052082] [Medline:
23284879]

http://mhealth.jmir.org/2019/2/e10201/

XSL• FO
RenderX

Hou et al

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10201 | p.439
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
37.

38.

39.

40.
41.

42.

43.

44.

45.

46.

47.

48.

49.

50.
51.
52.

53.

54.

55.

Hou et al

Walker UA, Mueller RB, Jaeger VK, Theiler R, Forster A, Dufner P, et al. Disease activity dynamics in rheumatoid arthritis:
patients' self-assessment of disease activity via WebApp. Rheumatology (Oxford) 2017 Dec 1;56(10):1707-1712 [FREE
Full text] [doi: 10.1093/rheumatology/kex229] [Medline: 28957553]
Schnall R, Mosley JP, Iribarren SJ, Bakken S, Carballo-Diéguez A, Brown IW. Comparison of a user-centered design,
self-management app to existing mHealth apps for persons living with HIV. JMIR Mhealth Uhealth 2015;3(3):e91 [FREE
Full text] [doi: 10.2196/mhealth.4882] [Medline: 26385783]
Bendixen RM, Fairman AD, Karavolis M, Sullivan C, Parmanto B. A user-centered approach: understanding client and
caregiver needs and preferences in the development of mHealth apps for self-management. JMIR Mhealth Uhealth 2017
Sep 26;5(9):e141 [FREE Full text] [doi: 10.2196/mhealth.7136] [Medline: 28951378]
Liu WT, Wang CH, Lin HC, Lin SM, Lee KY, Lo YL, et al. Efficacy of a cell phone-based exercise programme for COPD.
Eur Respir J 2008 Sep;32(3):651-659 [FREE Full text] [doi: 10.1183/09031936.00104407] [Medline: 18508824]
Lambert TE, Harvey LA, Avdalis C, Chen LW, Jeyalingam S, Pratt CA, et al. An app with remote support achieves better
adherence to home exercise programs than paper handouts in people with musculoskeletal conditions: a randomised trial.
J Physiother 2017 Jul;63(3):161-167 [FREE Full text] [doi: 10.1016/j.jphys.2017.05.015] [Medline: 28662834]
van der Weegen S, Verwey R, Spreeuwenberg M, Tange H, van der Weijden T, de Witte L. The development of a mobile
monitoring and feedback tool to stimulate physical activity of people with a chronic disease in primary care: a user-centered
design. JMIR Mhealth Uhealth 2013 Jul 2;1(2):e8 [FREE Full text] [doi: 10.2196/mhealth.2526] [Medline: 25099556]
Seto E, Leonard KJ, Cafazzo JA, Barnsley J, Masino C, Ross HJ. Mobile phone-based telemonitoring for heart failure
management: a randomized controlled trial. J Med Internet Res 2012;14(1):e31 [FREE Full text] [doi: 10.2196/jmir.1909]
[Medline: 22356799]
Logan AG, McIsaac WJ, Tisler A, Irvine MJ, Saunders A, Dunai A, et al. Mobile phone-based remote patient monitoring
system for management of hypertension in diabetic patients. Am J Hypertens 2007 Sep;20(9):942-948. [doi:
10.1016/j.amjhyper.2007.03.020] [Medline: 17765133]
Harris LT, Tufano J, Le T, Rees C, Lewis GA, Evert AB, et al. Designing mobile support for glycemic control in patients
with diabetes. J Biomed Inform 2010 Oct;43(5 Suppl):S37-S40 [FREE Full text] [doi: 10.1016/j.jbi.2010.05.004] [Medline:
20937484]
Matheve T, Brumagne S, Demoulin C, Timmermans A. Sensor-based postural feedback is more effective than conventional
feedback to improve lumbopelvic movement control in patients with chronic low back pain: a randomised controlled trial.
J Neuroeng Rehabil 2018 Sep 26;15(1):85 [FREE Full text] [doi: 10.1186/s12984-018-0423-6] [Medline: 30253807]
Hellum C, Johnsen LG, Storheim K, Nygaard OP, Brox JI, Rossvoll I, Norwegian Spine Study Group. Surgery with disc
prosthesis versus rehabilitation in patients with low back pain and degenerative disc: two year follow-up of randomised
study. Br Med J 2011 May 19;342:d2786 [FREE Full text] [doi: 10.1136/bmj.d2786] [Medline: 21596740]
Hampel P, Gemp S, Mohr B, Schulze J, Tlach L. [Long-term effects of a cognitive-behavioral intervention on pain coping
among inpatient orthopedic rehabilitation of chronic low back pain and depressive symptoms]. Psychother Psychosom Med
Psychol 2014 Nov;64(11):439-447. [doi: 10.1055/s-0034-1370913] [Medline: 24838435]
Tlach L, Hampel P. Long-term effects of a cognitive-behavioral training program for the management of depressive
symptoms among patients in orthopedic inpatient rehabilitation of chronic low back pain: a 2-year follow-up. Eur Spine J
2011 Dec;20(12):2143-2151 [FREE Full text] [doi: 10.1007/s00586-011-1810-x] [Medline: 21516327]
Kempf C, Keddad K, Jolivet-Landreau I, Bertin P. [Data recording using a personal digital assistant. Experience of prospective
survey on pain in 3196 patients]. Presse Med 2005 Mar 12;34(5):343-347. [Medline: 15859566]
Kelley K, Clark B, Brown V, Sitzia J. Good practice in the conduct and reporting of survey research. Int J Qual Health
Care 2003 Jun;15(3):261-266 [FREE Full text] [Medline: 12803354]
Sun T, West N, Ansermino JM, Montgomery CJ, Myers D, Dunsmuir D, et al. A smartphone version of the Faces Pain
Scale-Revised and the Color Analog Scale for postoperative pain assessment in children. Paediatr Anaesth 2015
Dec;25(12):1264-1273. [doi: 10.1111/pan.12790] [Medline: 26507916]
Pawar SG, Ramani PS, Prasad A, Dhar A, Babhulkar SS, Bahurupi YA. Software version of Roland Morris Disability
questionnaire for outcome assessment in low back pain. Neurol Res 2017 Apr;39(4):292-297. [doi:
10.1080/01616412.2017.1297555] [Medline: 28337948]
Zhang J, Sun L, Liu Y, Wang H, Sun N, Zhang P. Mobile device-based electronic data capture system used in a clinical
randomized controlled trial: advantages and challenges. J Med Internet Res 2017 Mar 8;19(3):e66 [FREE Full text] [doi:
10.2196/jmir.6978] [Medline: 28274907]
Skonnord T, Steen F, Skjeie H, Fetveit A, Brekke M, Klovning A. Survey email scheduling and monitoring in eRCTs
(SESAMe): a digital tool to improve data collection in randomized controlled clinical trials. J Med Internet Res 2016 Dec
22;18(11):e311 [FREE Full text] [doi: 10.2196/jmir.6560] [Medline: 27876689]

Abbreviations
EH: eHealth program
eHealth: electronic health
http://mhealth.jmir.org/2019/2/e10201/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10201 | p.440
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Hou et al

EQ-5D: EuroQol 5-Dimension health questionnaire
HC: highest compliance
IQR: interquartile range
LBP: low back pain
ODI: Oswestry Disability Index
SF-36: 36-item Short-Form Health Survey
SF-36 GH: General health for 36-item Short-Form Health Survey
SF-36 PF: Physical functioning for 36-item Short-Form Health Survey
UC: usual care treatment
VAS: visual analog scale

Edited by G Eysenbach; submitted 23.02.18; peer-reviewed by J Zhang, M Tian; comments to author 22.07.18; revised version received
01.11.18; accepted 08.12.18; published 20.02.19.
Please cite as:
Hou J, Yang R, Yang Y, Tang Y, Deng H, Chen Z, Wu Y, Shen H
The Effectiveness and Safety of Utilizing Mobile Phone–Based Programs for Rehabilitation After Lumbar Spinal Surgery: Multicenter,
Prospective Randomized Controlled Trial
JMIR Mhealth Uhealth 2019;7(2):e10201
URL: http://mhealth.jmir.org/2019/2/e10201/
doi:10.2196/10201
PMID:30785406

©Jingyi Hou, Rui Yang, Yaping Yang, Yiyong Tang, Haiquan Deng, Zhong Chen, Yanfeng Wu, Huiyong Shen. Originally
published in JMIR Mhealth and Uhealth (http://mhealth.jmir.org), 20.02.2019. 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/2019/2/e10201/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10201 | p.441
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Davoudi et al

Original Paper

Accuracy of Samsung Gear S Smartwatch for Activity Recognition:
Validation Study
Anis Davoudi1, MSc; Amal Asiri Wanigatunga2, PhD; Matin Kheirkhahan3, PhD; Duane Benjamin Corbett4, PhD;
Tonatiuh Mendoza5, MSc; Manoj Battula3, MSc; Sanjay Ranka3, PhD; Roger Benton Fillingim6, PhD; Todd Matthew
Manini4, PhD; Parisa Rashidi1, PhD
1

Department of Biomedical Engineering, University of Florida, Gainesville, FL, United States

2

Department of Epidemiology, University of Florida, Gainesville, FL, United States

3

Department of Computer and Information Science and Engineering, University of Florida, Gainesville, FL, United States

4

Department of Aging and Geriatric Research, University of Florida, Gainesville, FL, United States

5

Department of Health Outcomes and Biomedical Informatics, University of Florida, Gainesville, FL, United States

6

Department of Community Dentistry and Behavioral Science, University of Florida, Gainesville, FL, United States

Corresponding Author:
Parisa Rashidi, PhD
Department of Biomedical Engineering
University of Florida
1064 Center Drive, NEB 459
Gainesville, FL, 32611
United States
Phone: 1 352 392 5469
Email: parisa.rashidi@ufl.edu

Abstract
Background: Wearable accelerometers have greatly improved measurement of physical activity, and the increasing popularity
of smartwatches with inherent acceleration data collection suggest their potential use in the physical activity research domain;
however, their use needs to be validated.
Objective: This study aimed to assess the validity of accelerometer data collected from a Samsung Gear S smartwatch (SGS)
compared with an ActiGraph GT3X+ (GT3X+) activity monitor. The study aims were to (1) assess SGS validity using a mechanical
shaker; (2) assess SGS validity using a treadmill running test; and (3) compare individual activity recognition, location of major
body movement detection, activity intensity detection, locomotion recognition, and metabolic equivalent scores (METs) estimation
between the SGS and GT3X+.
Methods: To validate and compare the SGS accelerometer data with GT3X+ data, we collected data simultaneously from both
devices during highly controlled, mechanically simulated, and less-controlled natural wear conditions. First, SGS and GT3X+
data were simultaneously collected from a mechanical shaker and an individual ambulating on a treadmill. Pearson correlation
was calculated for mechanical shaker and treadmill experiments. Finally, SGS and GT3X+ data were simultaneously collected
during 15 common daily activities performed by 40 participants (n=12 males, mean age 55.15 [SD 17.8] years). A total of 15
frequency- and time-domain features were extracted from SGS and GT3X+ data. We used these features for training machine
learning models on 6 tasks: (1) individual activity recognition, (2) activity intensity detection, (3) locomotion recognition, (4)
sedentary activity detection, (5) major body movement location detection, and (6) METs estimation. The classification models
included random forest, support vector machines, neural networks, and decision trees. The results were compared between devices.
We evaluated the effect of different feature extraction window lengths on model accuracy as defined by the percentage of correct
classifications. In addition to these classification tasks, we also used the extracted features for METs estimation.
Results: The results were compared between devices. Accelerometer data from SGS were highly correlated with the accelerometer
data from GT3X+ for all 3 axes, with a correlation ≥.89 for both the shaker test and treadmill test and ≥.70 for all daily activities,
except for computer work. Our results for the classification of activity intensity levels, locomotion, sedentary, major body
movement location, and individual activity recognition showed overall accuracies of 0.87, 1.00, 0.98, 0.85, and 0.64, respectively.
The results were not significantly different between the SGS and GT3X+. Random forest model was the best model for METs
estimation (root mean squared error of .71 and r-squared value of .50).
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Conclusions: Our results suggest that a commercial brand smartwatch can be used in lieu of validated research grade activity
monitors for individual activity recognition, major body movement location detection, activity intensity detection, and locomotion
detection tasks.
(JMIR Mhealth Uhealth 2019;7(2):e11270) doi:10.2196/11270
KEYWORDS
actigraphy; activity recognition; machine learning; metabolic equivalent; physical activity

Introduction
Wearable accelerometers have greatly improved the objective
measurement of physical activity over the past 20 years [1].
They have enabled the detection and tracking of activity
intensity and patterns (eg, bouts) in the population and during
intervention studies [2-5]. Most research uses accelerometers
that have been specifically designed to record accelerations to
quantify the amount of time spent in performing activities of
different intensities, which is important for understanding the
health benefits of physical activity. However, there has been a
rapid growth of smartwatches that collect accelerations for both
usability purposes (eg, screen orientation) and for tracking
activity patterns. In fact, the smartwatch market is expected to
grow at an annual rate of 18% through 2021 [6,7], and this
allows an unprecedented opportunity to evaluate activity patterns
without using a dedicated research device.
Compared with dedicated devices, smartwatches contain some
conventional sensors such as heart rate sensors, Global
Positioning Systems, and ultraviolet exposure, but also more
novel utilities such as a speaker, microphone, and Global System
for Mobile Communications data plan for communications.
These additional sensors and utilities open new opportunities
coupling companion measures along with activity patterns that
can be continuously uploaded through wireless networks. Their
multitasking platform and increasing popularity make
smartwatches an ideal tool for researchers to monitor physical
activity in real time without requiring users to wear any
additional, dedicated device. For smartwatches to be acceptable
in research, the accelerometer needs to be validated and data
need to be compared with existing research-grade monitors.
In this study, we validate the triaxial accelerometer in the
Samsung Gear S smartwatch (SGS) that currently makes up
16% of the smartwatch market [8]. This is necessary to ensure
data from this device is acceptable for objectively measuring
time spent in performing activities of different intensities and
for recognizing physical activity type. First, the SGS underwent
validation on a mechanical shaker table, and raw data were
compared against an Actigraph GT9X. Next, a series of
experiments were performed on a treadmill and during common
daily activities. High-resolution raw accelerometer data were
used to extract frequency- and time-domain features that are
used to train and test classification models for activity
recognition tasks. We compared the accuracies of the SGS and
Actigraph GT3X+ (GT3X+) for assessing (1) activity intensity
level, (2) locomotion versus nonlocomotion, (3) location of
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major body movement during the activity, (4) sedentary versus
nonsedentary, and (5) individual activity recognition
classification. Moreover, a portable metabolic unit was used to
record metabolic equivalent scores (METs) to estimate activity
intensity and used to further validate the SGS against the
Actigraph. We hypothesized that the SGS would test valid and
be accurate at assessing activity intensity and recognize activity
type as compared with GT3X+.

Methods
Data Collection
We collected data in 3 different experiment setups: (1) a shaker
table, (2) treadmill walking, and (3) 15 daily activities. In all
experiments, we collected data simultaneously from both SGS
[9] and GT3X+. Device characteristics are compared and
described in Table 1 [10,11]. All study procedures were
approved by the University of Florida Institutional Review
Board. All participants provided written informed consent before
participation in the study. First, we collected data using a
mechanical 1-dimensional shaker table by applying acceleration
to both devices for 3 min for 7 different speeds (0.5 Hz, 1 Hz,
1.5 Hz, 2 Hz, 2.5 Hz, 3 Hz, and 3.5 Hz), repeated for each axis.
SGS monitor was positioned on top of the GT3X to ascertain
that they experience the same accelerations. Then, we collected
data during 6 speeds of treadmill walking, where 1 participant
wore both devices on the right wrist and ambulated at 6 different
speeds (1, 2, 3, 4, 5, and 6 mph), 3 min each at each speed. Data
were collected at a frequency of 10 Hz for the SGS and 100 Hz
for GT3X+ for both the shaker table and treadmill test.
In the third experiment, participants wore both devices on their
right wrist while performing several daily activities, as listed
in Table 2 [12]. Expiratory gas was collected during each
activity using a portable, chest-worn, indirect calorimeter
(Cosmed K4b2; COSMED USA). Energy expenditure was
estimated using oxygen uptake (VO2=milliliter min−1kg−1) at a
steady state, generally beginning at 3 min after starting the
activity. Oxygen consumption was subsequently converted to
METs, a value that is often used to gauge the intensity of an
activity relative to a reference resting value (ie, 3.0 METs=3
times the equivalent of resting oxygen consumption). METs
were calculated as the oxygen consumption per minute relative
to body mass (ml/min/kg) divided by a resting value of 3.5
ml/min/kg [12,13]. We linked the resulting MET value for each
task to the average of the extracted features for the task.
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Table 1. Technical specifications of ActiGraph GT3X+ and Samsung Gear S smartwatch.
Characteristics

ActiGraph GT3X+

Samsung Gear S smartwatch

Dimensions

4.6 cm x 3.3 cm x 1.5 cm

5.8 cm x 4.0 cm x 1.2 cm

Weight

19 gm

67 gm

Sampling rate

100 Hz

100 Hz

Dynamic range

±8G

±2G

Memory

4 GB

4 GB

Table 2. Characteristics of each activity. Accelerometer data were collected from 40 participants.
Activity

Major body movement location Intensity

Locomotion

Duration (min)

Participants (n)

Computer work

Upper

Sedentary

No

8

11

Ironing

Upper

Light

No

8

12

Yoga

Total

Light

No

8

8

Shopping

Total

Light

No

8

13

Laundry

Upper

Light

No

8

9

Washing windows

Upper

Moderate

No

8

15

Home maintenance

Upper

Moderate

No

8

14

Replacing bed sheet

Upper

Moderate

No

8

13

Mopping

Upper

Moderate

No

8

13

Trash removal

Total

Moderate

No

8

13

Heavy lifting

Total

Moderate

No

8

12

Leisure walk

Lower

Moderate

Yes

8

9

Rapid walk

Lower

Moderate

Yes

8

9

Walk at RPE 1

Lower

Moderate

Yes

5

14

Walk at RPE 5

Lower

Moderate

Yes

5

13

a

a

RPE: ratings of perceived exertion.

Textbox 1. Inclusion criteria for the study.
1.

Community-dwelling adults aged 20 years or older

2.

Willingness to undergo all testing procedures

3.

Weight stable for at least 3 months (±5 lbs)

4.

English speaking

A total of 40 community-dwelling adults aged between 20 and
85 years (n=12 males, mean age 55.2 [SD 17.8] years, mean
body mass index 26.8 [SD 6.2] kg/m2), participated in this study.
These 40 participants belonged to a subset of a larger study
whose primary aim was to assess the age effect on energy
expenditure during activities common to daily life in the United
States [12]. The inclusion criteria are provided in Textbox 1.
For a complete list of exclusion criteria refer to [12].
The activities in our study are common daily activities. They
included ironing, yoga, shopping, laundry washing, computer
work, washing windows, home maintenance, replacing bedsheet,
mopping, trash removal, heavy lifting, and walking at 2 different
ratings of perceived exertion (RPE), as well as leisure and rapid
walking [12]. Activity instructions and the setup of the
http://mhealth.jmir.org/2019/2/e11270/
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experiments are described in more detail in the study by Corbett
et al [12]. Participants performed activities based on instructions,
in a laboratory setting, each for 8 min, except for the walking
activities performed at different RPE [14,15]. Activities were
designed to be repeated to achieve an accumulated duration of
8 min.

Analysis
To validate data from the SGS against data from the GT3X+,
we calculated the root mean square (RMS) value of the
accelerometer data over 1 second, for all 3 axes, for each device.
RMS is calculated using Equation 1 (Figure 1).
Here, N is the number of data points and xij refers to a single
data point i from axis j. In this step, we calculated the RMS of
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1-second windows of the data in each axis. Then, we computed
the correlation between the data from the 2 devices along each
axis. This process was performed for the shaker table test data,
treadmill test data, and daily activity data. We used the middle
2 min of 3-min shaker table data, the middle 2 min of 3-min
treadmill data, and the middle 5 min of the 8-min daily activity
tests. The purpose of this selection was to exclude the boundary
start and end segments of activities.
We extracted 15 time- and frequency-domain features found in
the current literature (Table 3) [16,17]. Here, vector magnitude
is defined as in Equation 2 (Figure 2), where x, y, and z are
accelerations in the Cartesian coordinate system. In addition to
the features previously suggested [16], our feature set also
included (1) kurtosis, which is a descriptor of the shape of the
distribution of the acceleration data in each window; (2)
skewness, which measures the asymmetry of the distribution
of acceleration data in the window; and (3) entropy, which helps
in discriminating between activities with similar power spectral
density but different movement patterns [17].

Davoudi et al
The length of the window of data used for statistical feature
calculation is also important [18,19]. Previous individual activity
recognition studies have used different window lengths, ranging
from 0.1 seconds to 128 seconds [16,20-24]. In this study, we
do not use window lengths smaller than 1 second because we
are using frequency-domain features. We calculated the
statistical features for 6 commonly used window lengths (1-,
2-, 4-, 8-, 15-, and 16-second lengths), to choose the best
window length for our classification tasks. These window
lengths were chosen in accordance with previous literature from
the above list, limited to between windows smaller than 16
seconds. We did not go above the 16-second length as it would
drastically reduce the number of sample points and will
potentially include different actions in a single window of an
activity. We used the overall accuracy metric to select the best
model. The features calculated for the chosen window length
are used in the prediction models.
Classification tasks included (1) detection of the location of
major body movement, (2) detection of activity intensity level,
(3) detection of locomotion, (4) detection of sedentary activity,
and (5) individual activity recognition for the 15 daily activities.

Figure 1. Root mean square (RMS) shows the arithmetic mean of the squares of the accelerometer values.

Table 3. Description of the features extracted from the raw data.
Feature

Description

Mean of vector magnitude (MVM)

Sample MVM in the window

Standard deviation of vector magnitude (SDVM)

SDVM in the window

Percentage of the power of the vector magnitude (VM) that is in the range Sum of moduli corresponding to frequency in this range/sum of moduli
of 0.6-2.5 Hz
of all frequencies
Dominant frequency (DF) of VM

Frequency corresponding to the largest modulus

Fraction of power in VM at DF

Modulus of the dominant frequency divided by sum of moduli at each
frequency

Mean angle of acceleration relative to vertical on the device

Sample mean of the angle between x-axis and VM in the window

SD of the angle of acceleration relative to vertical on the device

Sample SD of the angles in the window

Covariance

Covariance of the VM in the window

Skewness

Skewness of the VM in the window

Kurtosis

Kurtosis of the VM in the window

Entropy

Entropy of the VM in the window

Coefficient of variation

SD of VM in the window divided by the mean, multiplied by 100

Corr(x,y)

Correlation between x-axis and y-axis

Corr(y,z)

Correlation between y-axis and z-axis

Corr(x,z)

Correlation between x-axis and z-axis

Figure 2. Vector magnitude (VM) here is defined as Euclidean norm of the vector from the origin to the point shown by x, y, and z.
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Figure 3. Gini impurity measures the likelihood of incorrect classification of a randomly selected instance of a set, if it were randomly classified
according to the distribution of class labels from the set.

The activities in the study include both simple and complex
activities [25]. Simple activities, which include walking and
computer work in our dataset, consist of repeating a single action
to complete the activity. Complex activities, which include
ironing, yoga, shopping, laundry washing, washing windows,
home maintenance, replacing bedsheet, mopping, trash removal,
and heavy lifting, are composed of several simple actions. For
example, trash removal activity consists of sorting the trash,
finding smaller trash cans, picking up the trash bags, and taking
all the trash to a predetermined location. The heterogeneity of
complex activities can significantly degrade the performance
of an individual activity recognition classifier, as opposed to
recognition of simple individual activities. In this study, we
report the overall accuracy for simple activities, complex
activities, and all activities as well as the balanced accuracy of
each activity. Balanced accuracy is calculated as the arithmetic
mean of sensitivity and specificity.
For the classification tasks, we used decision tree, random forest,
support vector machines, and neural networks models. These
models can flexibly represent various relationships between the
features and the outcome and have been previously used for
activity type classification tasks [16].
We report the ranking of the features’ importance in the random
forest model. The random forest model calculated the
importance of the features using the decrease in the Gini index.
The Gini impurity index is calculated using Equation 3 (Figure
3). Every time a split is made on a variable, the Gini impurity
index for the 2 descendent nodes is less than the Gini impurity
index of the parent node. The decrease in the Gini index for
each variable is calculated by adding up the Gini decreases for
the variables over all trees in the forest.
Here, nc is the number of classes in the outcome and pi is the
ratio of the class i. For the MET estimation regression task, the
feature importance values are calculated based on the total
decrease in node impurities (difference between the residual
sum of squares before and after splitting on the variable),
averaged over all trees in the random forest model.
For both classification and regression tasks, we used nested
cross-validation for evaluating our models. In each fold, we
divided the data into 20% test data and 80% development data.
The development data was further divided into 20% validation
data and 80% training data. Validation data are used for tuning
the parameters of the models and removing collinear features.
Data partitioning was based on each feature extracted from the
window length, rather than by partitioning based on participants,
as individual participants did not have all the tasks, and
separating based on participants might lead to the absence of
some of the classes in some classification tasks, for example,
individual activity recognition classification task. All statistical
analyses were performed in R (version 3.1.3) [26].
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Results
We performed 3 different experiments to evaluate the validity
of SGS in comparison with the GT3X+: (1) shaker table, (2)
treadmill, and (3) daily activities. Figure 4 shows the 1-second
RMS of the raw acceleration data collected from both devices
along the 3 x-, y-, and z-axes for the shaker table test and
treadmill test. Correlation values for the 1-second RMS for all
3 axes were high for both the shaker table test and treadmill test
(x-corr=.97, y-corr=.97, and z-corr=.95 for the shaker table and
x-corr=.98, y-corr=.89, and z-corr=.93 for the treadmill test).
Acceleration data from the 3 axes are highly correlated, except
for small shifts in amplitude (Figure 5). Correlation values
between SGS data and GT3X+ for 3 axes are high in daily
activities as well (x-corr>.70, y-corr>.70, and z-corr>.71, except
for computer work; Table 4). Figure 6 shows the similarity in
acceleration measurement for walking activity as an example
of simple activities, and Figure 7 shows the similarity in
acceleration measurement for mopping as an example of
complex activities, along the 3 x-, y-, and z-axes. Figure 6 shows
the repeated single actions for a simple activity, and Figure 7
shows the varying actions occurring during a complex activity.
To test the effect of window length, we repeated our
classification tasks with features extracted using varying window
length (1, 2, 4, 8, 15, and 16 seconds). We initially observed
that random forest has the highest overall accuracy. We
evaluated the effect of window length used for extracting the
features on the performance of the random forest model. Models
trained on the features extracted based on larger window length
had better performance (Table 5) [18]. We used features
extracted from 16-seconds windows for the remainder of the
paper.
Figure 8 shows the performance of our different models in terms
of the overall accuracy, simple individual activity recognition
accuracy, and complex individual activity recognition accuracy.
Random forest has the best performance across all 3 activity
recognition tasks. Although the random forest model is
technically a collection of decision trees, it is designed to correct
the overfitting of decision trees. The random forest model
generally works better than support vector machines in
multi-class classification problems, but the difference is much
smaller for binary classification tasks. Figure 9 shows how SGS
and GT3X+ perform in our classification tasks. Random forest
model’s performance in terms of balanced accuracy of each
activity shows that the devices can detect the simple
activities—computer work and walking activities—better
(Figure 10). Multimedia Appendix 1 gives the normalized
confusion matrix of the detected labels versus actual labels of
the activities as classified by the random forest model.
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Figure 4. The 1-second root mean square of the acceleration data from Samsung Gear S smartwatch and ActiGraph GT3X+ for each axis for the shaker
table.
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Figure 5. The 1-second root mean square of the acceleration data from Samsung Gear S smartwatch and ActiGraph GT3X+ for each axis for the
treadmill test.
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Table 4. Correlations of 1-second root mean square for all 3 axes of the Samsung Gear S smartwatch and ActiGraph GT3X+ by activity. All correlation
values were statistically significant.
Task: correlation

x-axis

y-axis

z-axis

Computer work

.83

.55

.63

Leisure walk

.88

.86

.85

Rapid walk

.78

.70

.76

Walk at RPE 1

.79

.92

.87

Walk at RPE 5

.70

.75

.71

Shopping

.89

.84

.86

Mopping

.94

.89

.75

Home maintenance

.91

.84

.81

Washing windows

.90

.80

.82

Heavy lifting

.94

.90

.71

Ironing

.83

.81

.78

Replacing bedsheet

.87

.88

.78

Yoga

.93

.88

.90

Trash removal

.92

.92

.84

Laundry washing

.89

.85

.79

Simple activities

a

Complex activities

a

RPE: ratings of perceived exertion.
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Figure 6. Acceleration data from leisure walking (simple activity) for all 3 axes.
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Figure 7. Acceleration data from mopping (complex activity) for all 3 axes.

Table 5. Effect of window length for feature extraction on micro-averaged accuracy using random forest model for individual activity recognition,
locomotion detection, sedentary activity detection, activity intensity level classification, and major body movement location detection. The best
performance for each classification task is presented in italics.
Classification task: window length

Classification accuracy (seconds)
1

2

4

8

15

16

Individual activity recognition

.45

.47

.56

.60

.64

.64

Locomotion

1

1

1

1

1

1

Sedentary

.96

.97

.97

.98

.98

.98

Intensity

.80

.81

.82

.84

.87

.87

Major body movement location

.78

.80

.81

.83

.85

.85
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Figure 8. Comparison of the performance of different classifiers for activity recognition task, in terms of overall accuracy for simple tasks, complex
tasks, and total set of tasks. TREE: decision tree model, NNET: neural network model, RF: random forest model, and SVM: support vector machines
model.

Figure 9. Accuracies of the 5-fold cross-validation classification tasks performed on Samsung Gear S smartwatch data and ActiGraph GT3X+ data.
We used the best model and best window length (random forest model and 16-second window length feature extraction). Activ recog: Activity recognition;
Inten detec: Activity intensity level detection; Location detec: Major body movement location detection; Loco detec: Locomotion detection; Seden
detec: Sedentary activity detection.

In the next step, we used our classifiers (decision trees, random
forest, support vector machines, and neural networks) on the
extracted features to classify the activities based on their
intensity, sedentary status, locomotion status, and location of
major body movement. The overall accuracies of the models
are compared for each classification task in Figure 11. The
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confusion matrices of the model with the highest
accuracy-random forest model for each task are given in Tables
6 to 9. Random forest has the best performance in all tasks based
on overall accuracy. Figure 12 shows the ranking of features
used in the random forest model for all classification and
regression tasks.
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Figure 10. Balanced accuracy for each activity using the random forest model and 16-seconds window for extraction of features. RPE: ratings of
perceived exertion.

Figure 11. Performance of 4 classifier models in activity type classification tasks in terms of accuracy. NNET: neural networks model; RF: random
forest model; SVM: support vector machines model, TREE: decision trees model.
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Table 6. Normalized confusion matrix showing the percentage of correctly classified instances for the random forest model used for activity type
classification tasks based on intensity level. Each column shows the actual activity and rows represent the predicted labels.
Activity

Sedentary

Light

Moderate

Sedentary

0.87

0.02

0

Light

0.12

0.65

0.04

Moderate

0.01

0.33

0.95

Table 7. Normalized confusion matrix showing the percentage of correctly classified instances for the random forest model used for activity type
classification tasks based on locomotion. Each column shows the actual activity and rows represent the predicted labels.
Activity

Locomotion

Nonlocomotion

Locomotion

0.98

0

Nonlocomotion

0.02

1

Table 8. Normalized confusion matrix showing percentage of correctly classified instances for the random forest model used for activity type classification
tasks based on major body movement location. Each column shows the actual activity and rows represent the predicted labels.
Activity

Lower

Total

Upper

Lower

1

0

0

Total

0

0.61

0.11

Upper

0

0.39

0.89

Table 9. Normalized confusion matrix showing percentage of correctly classified instances for the random forest model used for activity type classification
tasks based on sedentary. Each column shows the actual activity and rows represent the predicted labels.
Activity

Sedentary

Nonsedentary

Sedentary

0.78

0.01

Nonsedentary

0.22

0.99

Figure 12. Importance of features in terms of the mean decrease in the Gini index in each classification task and in terms of the increase in node purity
for the metabolic equivalent scores estimation regression task, as reported by the random forest model and 16-second window length for feature extraction
(note the different range for the x-axis). METs: metabolic equivalent scores; IncNodePurity: Increase in node purity; cor_x_z: correlation between
x-axis and z-axis; cor_y_z: correlation between y-axis and z-axis; cor_x_y: correlation between x-axis and y-axis; cv: covariance of the vector magnitude;
sd_a: SD of angle; mean_a: mean of angle; pow.625: percentage of the power of the vector magnitude that is in the range of 0.6-2.5 Hz; dom.freq:
dominant frequency of vector magnitude.
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Using random forest, support vector machines, neural network,
and decision trees models for the regression task of METs
estimation shows that the random forest model also has the best
performance for the METs estimation. Random forest, decision
tree, neural networks, support vector machines models had RMS
error values of .71, .77, .99, and .77, respectively. Their
r-squared values—which is the coefficient of determination
defined as the proportion of the variance in the output that is
predictable from the input features—were .50, .40, .01, and .41,
respectively.

Discussion
Principal Findings
The goal of this study was to validate the SGS accelerometer
data against the GT3X+ accelerometer data using several
comparisons. First, the accelerometer data from SGS and
GT3X+ were compared using a mechanical shaker at different
speeds. Second, data were collected and compared from the 2
devices worn by a participant ambulating on a treadmill at
different speeds. Third, data collected during activities common
in daily life were collected and compared in all 3 axes. We also
compared the performance of activity recognition and
classification models using accelerometer data recorded using
SGS against using accelerometer data recorded using GT3X+.
Accelerometer data from SGS and GT3X+ have high
correlations along all 3 axes during shaker tests. However, the
correlations were slightly lower when performing daily
activities. There are several scenarios where these 2 devices
might show different acceleration values. The lower correlation
values during the daily activities might partially be caused by
nonalignment and movement of the 2 devices during the
activities. When the 2 devices are not perfectly aligned, their
axes are not pointing in the same direction. This may cause the
movement to be dispersed across multiple axes with varying
ratios for each device. Another factor that might result in a lower
correlation between the 2 devices is the relative slowness of
movements during activities such as computer work or yoga,
where even small differences are comparatively more
significant.
In our study, all 4 models performed well for activity type
classification tasks. Random forest had the best performance
for all classification tasks. This difference was greater for the
individual activity recognition task. Neural networks model’s
performance was similar to the random forest model, which
were superior to support vector machines, which is more suitable
for binary classification, and decision tree model, which tends
to overfit [27]. Mean vector magnitude was the most important
feature in our tasks, whereas the ranking of other features
understandably varied among the different classification tasks.
We also used the random forest, decision trees, support vector
machines, and neural network models for METs estimation.
Random forest had the best performance in this task as well,
but other models, except for the neural network, had similar
performances.
In this work, we experimented with 1 second, 2 seconds, 4
seconds, 8 seconds, 15 seconds, and 16 seconds nonoverlapping
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time windows. Larger window lengths resulted in better
classification accuracy (Table 5). This may be because of
smaller window length capturing shorter duration of actions
that are common among different activities. A window length
of 16 seconds resulted in high accuracies for activity type
classifications such as locomotion versus nonlocomotion.
However, it did not lead to high accuracy for individual activity
recognition. The lower overall accuracy of classifiers for
individual activity recognition can be attributed to the
heterogeneous nature of complex activities that are composed
of multiple simpler actions under the same label. The fact that
the same label here corresponds to different actions deteriorates
the performance of the classifier. To remedy this problem for
future models, one can separately label every single action in a
complex activity.
We observed a slight shift in acceleration amplitude during the
mechanical shaker tests between the 2 devices. For our
classification purposes, this shift would not affect the models
because the relative change in acceleration appeared to be
preserved in the SGS. Therefore, it is not expected to impact
the classification results in practice. However, a comparison
between devices is cautioned until corrections can be made to
equate absolute thresholds of accelerations. Overall, our results
show that the performances of the SGS and GT3X in various
activity recognition tasks and METs estimation are similar and
can potentially be used interchangeably between studies.
However, the raw data are not interchangeable because of the
slight shift explained, and thus, any threshold derived for 1
device needs to be validated for the other device to be compared.

Limitations
There are limitations that need to be acknowledged. First,
inter-device reliability was not tested, given the use of a
commercial device. Another limitation is that SGS was evaluated
in standard settings (eg, shaker table and laboratory activities)
and thus may not be applicable to free-living conditions. In this
study, we compared the performances of the machine learning
models trained on data collected by the 2 devices in laboratory
settings and structured activities. However, free-living activity
recognition tasks are more complicated because of factors such
as a temporal overlap between the activities, similar action units
in several activities, activity fragmentation, and the interpersonal
and intrapersonal variation in activities as well as variation in
wear locations. Future works can focus on comparing the
performance of SGS-based models with GT3X-based models
in free-living activity recognition tasks. Such efforts would need
to implement methods for activity label determination, such as
body-worn camera recordings that allow for later labeling of
the activities performed. In addition, the tasks that were
evaluated are not representative of all the tasks that an individual
may perform. Although the activities constitute a wide range
of movements, the results reported in this study are limited to
the activities tested.

Conclusions
In this study, we showed that data collected from a commercial
brand smartwatch performed similarly to a research-grade
accelerometer to detect a variety of simple and complex activity
types. The comparable performance of models relying on SGS
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estimation verifies the validity of the SGS for research purposes.
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Abstract
Background: Time-resolved quantification of physical activity can contribute to both personalized medicine and epidemiological
research studies, for example, managing and identifying triggers of asthma exacerbations. A growing number of reportedly
accurate machine learning algorithms for human activity recognition (HAR) have been developed using data from wearable
devices (eg, smartwatch and smartphone). However, many HAR algorithms depend on fixed-size sampling windows that may
poorly adapt to real-world conditions in which activity bouts are of unequal duration. A small sliding window can produce noisy
predictions under stable conditions, whereas a large sliding window may miss brief bursts of intense activity.
Objective: We aimed to create an HAR framework adapted to variable duration activity bouts by (1) detecting the change points
of activity bouts in a multivariate time series and (2) predicting activity for each homogeneous window defined by these change
points.
Methods: We applied standard fixed-width sliding windows (4-6 different sizes) or greedy Gaussian segmentation (GGS) to
identify break points in filtered triaxial accelerometer and gyroscope data. After standard feature engineering, we applied an
Xgboost model to predict physical activity within each window and then converted windowed predictions to instantaneous
predictions to facilitate comparison across segmentation methods. We applied these methods in 2 datasets: the human activity
recognition using smartphones (HARuS) dataset where a total of 30 adults performed activities of approximately equal duration
(approximately 20 seconds each) while wearing a waist-worn smartphone, and the Biomedical REAl-Time Health Evaluation
for Pediatric Asthma (BREATHE) dataset where a total of 14 children performed 6 activities for approximately 10 min each while
wearing a smartwatch. To mimic a real-world scenario, we generated artificial unequal activity bout durations in the BREATHE
data by randomly subdividing each activity bout into 10 segments and randomly concatenating the 60 activity bouts. Each dataset
was divided into ~90% training and ~10% holdout testing.
Results: In the HARuS data, GGS produced the least noisy predictions of 6 physical activities and had the second highest
accuracy rate of 91.06% (the highest accuracy rate was 91.79% for the sliding window of size 0.8 second). In the BREATHE
data, GGS again produced the least noisy predictions and had the highest accuracy rate of 79.4% of predictions for 6 physical
activities.
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Conclusions: In a scenario with variable duration activity bouts, GGS multivariate segmentation produced smart-sized windows
with more stable predictions and a higher accuracy rate than traditional fixed-size sliding window approaches. Overall, accuracy
was good in both datasets but, as expected, it was slightly lower in the more real-world study using wrist-worn smartwatches in
children (BREATHE) than in the more tightly controlled study using waist-worn smartphones in adults (HARuS). We implemented
GGS in an offline setting, but it could be adapted for real-time prediction with streaming data.
(JMIR Mhealth Uhealth 2019;7(2):e11201) doi:10.2196/11201
KEYWORDS
machine learning; physical activity; smartphone; statistical data analysis wearable devices

Introduction
Background
Time-resolved quantification of physical activity is important
because physical activity is linked with human health. Physical
activity has direct health benefits, and the American College of
Sports Medicine and the Centers for Disease Control and
Prevention [1] publish physical activity guidelines to promote
and maintain public health (eg, children should do at least 60
min of physical activity per day). Physical activity also has
indirect effects on health by modifying exposures of pollutants.
The National Human Activity Pattern Survey [2] found that
human activity patterns play a key role in explaining variation
in pollutant exposures—by impacting the timing, location, and
degree of exposures—and related health outcomes. It follows
that high-resolution time-resolved monitoring of human activity
may have clinical and research applications. Not only could a
person’s moderate-to-vigorous activity (or inactivity) be logged
to quantify typical spatio-temporal patterns but deviations from
the typical routine could also be identified as possible targets
for intervention. The widespread use of wearable smartphones
and smartwatches, together with advances in communication,
computation, and sensing capabilities, makes real-time human
activity recognition (HAR) possible by providing remote data
acquisition and on-device processing.
Indeed, wearable sensors and mobile devices are being
increasingly used in studies assessing physical activity, sleep,
mobility, medication adherence, and a variety of other areas
[3]. Our study is motivated by the “Pediatric Research using
Integrated Sensor Monitoring Systems” (PRISMS) program—
launched in 2015 by the National Institute of Biomedical
Imaging and Bioengineering—to develop a sensor-based,
integrated health monitoring system for studying pediatric
asthma. Asthma is a heterogeneous, multifactorial disease that
is one of the most common causes of emergency hospital visits
in children [4]. Important risk factors for asthma exacerbation
include allergen and air pollutant exposures and viral infection
[4], but physical activity also plays an important role in asthma
incidence [5], acute symptoms [6], and long-term control [7,8].
In a framework such as PRISMS, HAR may facilitate the
management of asthma and the identification of triggers of
exacerbation.

Windowing in Human Activity Recognition Modeling
Approaches
Data for HAR are increasingly collected using wearable sensors
(eg, accelerometers and gyroscopes) that permit continuous,
http://mhealth.jmir.org/2019/2/e11201/
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real-time monitoring [9-13]. Most HAR studies summarize
accelerometer and gyroscope data streams—as well as the
resulting instantaneous activity predictions—using a time-based
windowing approach. The reasons for this are two-fold. First,
the typical duration of human activities is significantly longer
than the sensors’ sampling rate (eg, 10-50 Hz). Second, raw
data from an accelerometer or gyroscope are highly variable,
noisy, and oscillatory, so instantaneous raw values may provide
insufﬁcient information to differentiate the associated activity.
The size of the window is constrained by the sensor sampling
frequency and is an important parameter that affects the accuracy
of the HAR prediction, the computational loads of the algorithm,
and the energy consumption on the wearable device. When
selecting the size of a fixed-size window, there is a trade-off
between being too short (captures fine details and produces
noisy predictions) and being too long (misses short-duration
activity bouts and produces more stable predictions). In a
platform such as PRISMS where researchers might want to
tailor context-sensitive interactions with study participants (eg,
triggering a notification or survey) based on physical activity
patterns, windows that are too short could generate frequent
interactions with users, leading to notification fatigue and
reduced compliance. Longer windows could perform well at
certain times of the day when activities are fairly constant over
long periods (eg, sedentary classroom time) but poorly during
periods of high variability (eg, gym class and getting ready for
school). A variable-sized sampling window approach with
data-driven break points (at times when the activities may
change) has the potential to improve HAR and improve the
usability of platforms involving HAR.

Time Series Segmentation
Fixed-size sliding windows are 1 type of a larger class of
segmentation methods in time series analysis. Segmentation
methods divide a time series into segments having similar
characteristics. Most segmentation algorithms can be framed
in several ways: (1) producing the best representation using
only a given number of segments, (2) producing the best
representation such that the maximum error for any segment
does not exceed the given threshold, or (3) producing the best
representation such that the combined error of all segments is
less than the given threshold [14]. Multivariate segmentation
methods segment multidimensional signals. Multivariate
segmentation has been studied in several contexts using various
approaches (each with different assumptions), including
Bayesian change point detection [15], hypothesis testing [16],
mixture models, hidden Markov models [17], and convex
segmentation [18]. For this study, we selected a multivariate
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segmentation algorithm called greedy Gaussian segmentation
(GGS) [19], which is based on maximizing the likelihood of
the data for a fixed number of segments. GGS assumes that in
each segment, the mean and covariance are constant and
independent of the means and covariances in all other segments.
GGS is a scalable greedy algorithm and is applicable to solve
much larger problems (in terms of vector dimension and time
series length) than many of other above methods.
In this paper, we provide background on the GGS algorithm
and perform a novel application of GGS to offline HAR,
comparing GGS with the standard fixed-size sliding window
approach. We use data from 2 HAR studies with different
prescribed activity durations and different sensor wear
modalities (waist-worn sensor and wrist-worn sensor). After
processing the data using either segmentation approach, we
used standard feature engineering and machine learning methods
to predict activities and compared the accuracy of the 2 different
segmentation approaches.

Methods
Data
The human activity recognition using smartphones (HARuS)
dataset consists of 61 experiments conducted by 30 volunteers
aged 19 to 48 years [20]. Triaxial accelerometery and gyroscope
data were collected at 50 Hz by a waist-worn smartphone
(Samsung Galaxy S II). Each experiment was about 7 min long.
In each experiment, the HARuS protocol scripted 12 ambulation
activities, including 6 basic activities (each approximately 20
seconds in duration) and 6 postural transition activities
(stand-to-sit, sit-to-stand, sit-to-lie, lie-to-sit, stand-to-lie, and
lie-to-stand). The 6 basic activities include 3 static postures
(standing, sitting, and lying) and 3 dynamic activities (walking,
walking downstairs, and walking upstairs). The raw data were
directly acquired from the smartphone readings, and the
activities were labeled by manual review of video recordings
of each experiment. To be consistent with previous studies [11],
we only modeled the 6 basic activities and deleted the 6 types
of postural transition activity bouts and all unlabeled sessions,
all of which were of relatively short duration and unlikely, for
example, to be strongly associated with asthma exacerbation in
studies using PRISMS [5]. The dataset was divided into the first
55 experiments for training (2 experiments each for 26 people
and 3 experiments for 1 participant) and 6 experiments (2
experiments each for 3 people) for holdout testing. The 6 raw
signals of experiment 1 are plotted in Multimedia Appendix 1.
The Los Angeles PRISMS Center BREATHE dataset [21-23]
was collected on 16 participants, aged 5 to 15 years, using the
BREATHE Kit, an informatics platform designed to monitor
multiple exposures, behaviors, and activities in context to
identify personal triggers and predict the risk of pediatric asthma
exacerbations in real time. Triaxial accelerometry and gyroscope
data were collected at 10 Hz using a wrist-worn Motorola Moto
360 Sport smartwatch. Participants performed each of the 5
activities (standing, sitting, lying, walking, and walking on
stairs) for 10 min and running for 5 min (to minimize
discomfort). Unlike the HARuS dataset, participants were
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permitted to perform natural movements (especially free arm
movement such as sitting while typing or using a smartphone)
during each activity. The raw data were acquired as the end
product of a data pipeline (from smartwatch to the BREATHE
app on the smartphone via Bluetooth and then securely uploaded
to the BREATHE servers wirelessly and in real times). For the
BREATHE dataset, we modeled all 6 scripted activities:
standing, sitting, lying, walking, walking on stairs (labels did
not differentiate up and down stairs), and running. We used
experiments from 14 of the 16 participants as 2 participants had
substantial quantities of missing data. In the BREATHE dataset,
data were saved as separate files for each activity, for each
participant. To evaluate whether GGS segmentation improves
prediction under a scenario of variable activity bout durations,
we generated artificial activity data files for each participant by
(1) randomly dividing his or her activity sessions (each about
10 min long) into 10 subsessions; then (2) randomly shuffling
all subsessions (60 in total); and finally (3) concatenating all
60 subsessions into 1 data file, potentially resulting in fewer
than 60 distinct activity bouts if bouts with identical activities
are located next to each other. Hence, we produced 14 artificial
activity files with artificial unequal activity bout durations, one
for each of the 14 participants. The artificial dataset was divided
into the first 12 participants for training and the last 2
participants for holdout testing. The 6 raw signals of experiment
1 are plotted in Multimedia Appendix 1.

Workflow
Figure 1 provides an overview of our workflow. For both
datasets, the raw data were first preprocessed by applying a
median filter (kernel size=3) to remove outliers. Afterwards, a
Butterworth [24] filter was used to remove artifacts and baseline
wandering noise associated with the data acquisition process
(eg, the constant force of gravity or shaking the device).
Specifically, a third-order low-pass Butterworth filter was
applied separately to each triaxial component (x, y, and z of the
accelerometer and gyroscope). A power spectral density (PSD)
was calculated and used to choose the cut-off frequency, over
which the sensor signals were attenuated. PSD is a metric that
estimates the distribution of power over frequency, and it has
been widely implemented to evaluate filters of high-frequency
with baseline-wandering noise [25].
Subsequently, the data streams were temporally aligned. The
sampling frequency observed in practice can be a result of
practical constraints (eg, battery saving and restricted access by
the software stack in mobile device’s operating systems). Thus,
observed data can be sampled irregularly, with mismatch
between the 2 sensors. In the HARuS dataset, there were no
mismatched time stamps (ie, only existing for 1 sensor) when
we concatenated accelerometer and gyroscope readings
according to their time stamps. However, the BREATHE dataset
contained considerable mismatching, and both the accelerometer
and the gyroscope were not perfectly collected at 10 Hz. To
align the 2 sensor readings, we first downscale sampled the raw
data at 50 Hz to round their time stamps to the nearest 50 Hz
sampling point, and then we applied a linear interpolation
method.
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Figure 1. The workflow of the human activity recognition framework. GGS: greedy Gaussian segmentation.

Specifically, we added (as necessary) records for all 50 Hz time
stamps to both sensor data files and linearly interpolated missing
sensor readings (approximately 80% because of the
downscaling) based on the left 5 adjacent nonmissing values
and the right 5 adjacent nonmissing values. In addition to the
missing values caused by the mismatching time stamps, there
was also a number of longer periods with missing values in the
BREATHE dataset. After aligning the 2 sensors, we truncated
time periods with more than 10 seconds of consecutive missing
values.

features were either based on time domain (the original
time-based windows) or frequency domain (Fourier
transformation of the original time-based windows). For each
set of windows, we calculated a total of 168 features: 6 statistics
(arithmetic mean, SD, median absolute deviation, minimum,
maximum, and entropy) on 14 signals and on both the time and
frequency domains (6 x 14 x 2=168).

Data transformation was used to augment the original data (6
signals from 2 triaxial sensors) with additional transformed
signals. Statistical features were later extracted from both the
raw and transformed signals. Specifically, 8 new signals were
generated: 6 derivatives with respect to time (1 for each of the
6 original signals) and 2 Euclidean norms (1 for the x-, y-, and
z-axis of each sensor). Hence, a total of 14 signals were available
(6 original measured signals and 8 new calculated signals).

xT ∈ Rm, where m is the number of features (ie, m=6 in our
study). The time series need not be uniformly sampled in real
time (see note in Discussion on the independence assumption).
Given K break points b1,..., bK ∈ (1,..., T) between a starting
point b0= 1 and an end point bK+1= T, we assume that xt ~ MVN
(µbi, Σbi) ∀ t ∈ (bi,..., bi+1) ∀ i ∈ [0, K] and are independent
samples, where µbi and Σbi denote the mean vector and
covariance matrix of the multivariate normal distribution within
the interval of (bi,.., bi+1). A GGS can be learned on the
multivariate time series by fitting a greedy algorithm to
maximize the covariance-regularized log-likelihood.

Time windows were generated using 2 approaches. First,
multivariate segmentation on the 6 original signals produced
windows of varying sizes, with break points selected using
training data to reflect changes of the means and covariances
of the raw signals (a detailed description follows). Second, for
comparison, we created various sizes of nonoverlapping
fixed-length sliding windows (4 sizes for HARuS dataset: 0.2
second, 0.8 second, 3 seconds, and 8 seconds; 6 sizes for
BREATHE dataset: 0.2 second, 0.8 second, 3 seconds, 8
seconds, 12 seconds, and 40 seconds). Window sizes were
chosen to include approximately the window size in the original
HARuS study (2.56 seconds) [20] and to reflect a wide enough
range to include the optimum window size for both datasets.
Within each set of windows, we extracted statistical features
for input into a machine learning model. These statistical
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Multivariate Segmentation
A brief description of GGS [19] is as follows. Consider a
multivariate time series consisting of T time instants x1, x2,...,

In Figure 2 equation a, where l (b, µ, Σ) denotes the
log-likelihood before regularization, b denotes the vector of
break points, µ denotes [µb0,..., µbK], Σ denotes [Σb0,..., ΣbK], and
λ ≥ 0 is an a priori specified hyperparameter that controls the
amount of regularization [19]. The greedy heuristic algorithm
follows a top-down subroutines of adding a new break point
with the largest increase of Φ(b,µ,Σ) at each step until K, and
then in a bottom-up way adjusts the positions of all break points
until no change of any 1 break point increases Φ(b,µ,Σ). A curve
of the covariance-regularized log-likelihood versus K can be
used to select K for a given dataset.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11201 | p.462
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Li et al

Figure 2. Equations.

Gradient Boosted Trees Classification
To achieve high accuracy using a scalable method, we predicted
activity classes using Xgboost [26], an implementation of a
tree-based boosting widely used in machine learning challenges.
For a given dataset (D) with n observations and p features (ie,
p=168 in our analysis), D={(xi ∈ Rp, yi ∈ R)} ∀ i ∈[1, n],
Xgboost ensembles M trees denoted fm to predict the output yi.
The model is trained in a greedy, additive manner starting from
m=1 (Figure 2, equation b). Let ŷim−1 be the prediction of yi at
the (m−1)th iteration. We add fm to minimize the following
objective (Jm) until the satisfying convergence between the
prediction and the ground truth, where j is a predefined
differentiable convex loss function that measures the difference
between the current prediction and the ground truth and Ω is a
predefined regularization term that penalizes the complexity of
the model to prevent overfitting:
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Xgboost has features that can outperform other implementations
of tree-based boosting (eg, boosted trees in scikit-learn and
generalized boosted regression model in R) such as (1) using
an exact (or approximate, for large datasets) greedy algorithm
to enumerate over all possible splits to find the best solution,
(2) alleviating slow-downs using a cache-aware prefetching
algorithm, and (3) enabling out-of-core computation by dividing
the data into multiple blocks, each stored on disk, to use
machine’s maximum resources (see Figure 2, equation c).
For the HARuS and BREATHE datasets, we tuned and
implemented an Xgboost model with m=200 trees and learning
rate=0.1 (more specifications in Tables 1 and 2) using p=168
features calculated on each segment (from fixed-sized windows
or GGS) of the training data. Segment-specific predictions for
the testing data were translated into instantaneous predictions
to facilitate comparison across segmentation approaches. Final
evaluations of accuracy were based on instantaneous predictions.
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Table 1. Confusion matrix of instantaneous predictions using greedy Gaussian segmentation from the 6 test experiments in the Human Activity
Recognition using Smartphones dataset.
True categories

Xgboosta predicted categories

Recall (%)

Precision (%)

Wb

WUc

WDd

STe

STDf

LYg

W

11238

0

935

0

0

0

100

92.32

WU

0

11070

1297

0

12

0

99.61

89.43

WD

0

0

11659

0

40

0

83.36

99.66

ST

0

0

0

11037

2798

0

85.14

79.78

STD

0

24

96

1926

12546

0

81.49

85.98

LY

0

19

0

0

0

15266

100

99.88

a

Xgboost specification: base_score=0.5, booster=“gbtree,” colsample_bylevel=1, colsample_bytree=1, gamma=0, learning_rate=0.1, max_delta_step=0,
max_depth=2, min_child_weight=1, missing=None, n_estimators=200, n_jobs=1, nthread=None, objective=“multi:softprob,” random_state=0,
reg_alpha=0, reg_lambda=1, scale_pos_weight=1, seed=None, silent=True, subsample=1. Overall accuracy: 91.06%.
b

W: walking.

c

WU: walking upstairs.

d

WD: walking downstairs.

e

ST: sitting.

f

STD: standing.

g

LY: laying.

Table 2. Confusion matrix of instantaneous predictions using greedy Gaussian segmentation from the 2 test experiments in the BREATHE dataset.
True categories

Xgboosta Predicted categories

Recall (%)

Precision (%)

Lb

Rc

STd

STRe

STDf

WKg

L

38874

166

6920

830

3938

0

76.63

68.76

R

1587

31593

0

12402

791

11693

54.41

82.54

S

12483

0

38596

864

8030

154

64.19

72.65

STR

559

6505

1929

46751

2320

6156

72.80

71.17

STD

887

0

5127

0

54300

77

89.91

72.05

WK

2146

12

555

4846

5976

52455

79.49

74.37

a

Xgboost specification: base_score=0.5, booster=“gbtree,” colsample_bylevel=1, colsample_bytree=1, gamma=0, learning_rate=0.1, max_delta_step=0,
max_depth=3, min_child_weight=1, missing=None, n_estimators=200, n_jobs=1, nthread=None, objective=“multi:softprob,” random_state=0,
reg_alpha=0, reg_lambda=1, scale_pos_weight=1, seed=None, silent=True, subsample=1. Overall accuracy: 79.4%.
b

L: lie.

c

R: run.

d

S: sit.

e

STR: stair.

f

STD: stand.

g

WK: walk.

Results

with previous studies [11], we chose 20 Hz as the cut-off
frequency.

Human Activity Recognition Using Smartphones
Dataset

For GGS in the HARuS training data, the total
covariance-regularized log-likelihood elevated rapidly as K
increased from 0 to an inflection point around 16, and then even
less rapidly (Figure 4). To favor more detailed segmentation
results and allow for some incorrectly identified break points,
especially during noisy periods and the transitory periods, we
conservatively selected 50 break points.

The PSD curves to determine the cut-off frequency of the
Butterworth filter are displayed in Figure 3. All 6 PSD curves
taper to 0 at higher frequencies, with largest values in the lower
frequency range from 0 Hz to 5 Hz. There is little baseline
wandering noise in high frequencies (>10 Hz). For consistency
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Figure 3. Triaxial (x, y, and z) power spectra density curves of accelerometer (top row) and gyroscope (bottom row) of the human activity recognition
using smartphones training dataset. ACC: accelerometer; Gyro: gyroscope; PSD: power spectral density.

Figure 4. Total covariance-regularized log-likelihood curve of the human activity recognition using smartphones training dataset.
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Figure 5. Multivariate segmentation break points (K=50) displayed using vertical dashed lines on the time series of x-axis accelerometer readings from
experiment 1 in the human activity recognition using smartphones training dataset.

As shown in Figure 5 for experiment 1, the 13 bouts of the 6
nontransitory activities were generally well separated by the 50
break points. For this experiment, the first bout of sitting and
the second bout of laying were both relatively noisy, and
erroneous break points were created within these sessions.
We trained an Xgboost model (Figure 6), a support vector
machine (SVM) model using a radial basis function kernel and
a random forest model using the segmented data. The
instantaneous accuracy rate of the Xgboost model using GGS
in the 6 holdout experiments was 91.06% (Table 1). This result
is higher than the 89.3% accuracy reported in the original
HARuS study on the same set of 6 activities [11], and it also
should be noted that their accuracy was calculated using sliding
window predictions and not instantaneous predictions. Had we
calculated accuracy using segment-level predictions, our
accuracy would have been 95.96%. When activities were
misclassified, they tended to be misclassified as other similar
energy activities (Table 1). For example, sitting was most
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frequently misclassified as standing. The results of the SVM
model and the random forest model are summarized in
Multimedia Appendix 1.
In comparison, the instantaneous accuracy of Xgboost models
fitted using fixed-width sliding windows was highest for the
0.8-second window (91.79%), as shown in Figure 7. This
optimal window size is smaller than the one used in the original
HARuS paper (2.56 seconds) [20]. As might be expected from
experiments designed to have equally sized activity bouts, the
0.8-second fixed-size sliding window accuracy was slightly
higher than that from GGS (91.06%). In the HARuS data,
predictions were relatively stable, with some additional
variability for the smallest size sliding windows (Figure 8). The
3 most important features from Xgboost using GGS were the
segment-specific mean, minimum of the x-axis of the
accelerometer, and the mean of the x-axis of the gyroscope
(Figure 9).
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Figure 6. Instantaneous predictions using greedy Gaussian segmentation (top row) and ground truth (bottom row) from the 6 test experiments in the
human activity recognition using smartphones dataset.

Figure 7. Accuracy of instantaneous predictions using 4 different fixed-size sliding windows (SWs) in the 6 test experiments in the human activity
recognition using smartphones dataset. The horizontal dashed line represents the accuracy using greedy Gaussian segmentation. GGS: greedy Gaussian
segmentation.
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Figure 8. Predictions using 4 different fixed-sized sliding windows (SWs) and greedy Gaussian segmentation, as well as the ground truth for the 6 test
experiments in the human activity recognition using smartphones dataset. GGS: greedy Gaussian segmentation; SW: sliding window.

Figure 9. Importance of the top 15 features from Xgboost using greedy Gaussian segmentation from the human activity recognition using smartphones
dataset. Abbreviations in the feature names are standard deviation (std), minimum (min), maximum (max), mean absolute deviation (mad), Euclidean
magnitude (norm), and derivative (jerk). The operators in the names should be read in the order of from the right to the left. For example, acc_x_jerk_max
means the maximum value of the derivative values on the x-axis of the accelerometer sensor. Acc: accelerometer; Gyro: gyroscope.

BREATHE Dataset
On the basis of the PSD plots of the training data (Figure 10),
we again chose 20 Hz as the cut-off frequency for the
Butterworth filter. The gyroscope energies are in the same scale
as the HARuS dataset; however, the accelerometer readings
have much larger amplitudes, which makes the curves look
smoother in the range of approximately 5 Hz. The zoom-in
windows in the accelerometer’s 3 subplots show the variations
of the PSD curves in the range from 2.5 Hz to 7.5 Hz on a
similar scale to that used in the PSD plots for the HARuS data.
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The covariance-regularized log-likelihood curve for the 12
training experiments in the BREATHE dataset (Figure 11) had
one inflection point at approximately K=60 but no clear second
inflection point (through K=300) as we had observed in the
HARuS dataset. Interestingly, there were, by design,
approximately 60 activity bouts in each BREATHE experiment,
demonstrating that GGS again identified the number of different
activity bouts. We arbitrarily chose K=100 break points for
multivariate segmentation as it was a round number larger than
the most obvious inflection point. From Figure 12, it appears
that 100 was an adequate number of break points. A choice of
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60 break points would have been inadequate to segment
approximately 60 bouts as some noisier bouts were erroneously
partitioned into multiple segments.
Similar to the HARuS dataset, 3 models were trained: Xgboost,
SVM, and random forestAs evident from Figure 13, the
predictive accuracy for certain activities varied across
participants (eg, the accuracy for running was 71.5% for the
participant in experiment 13 and 74.4% for the participant in
experiment 14). Similar to the HARuS results, most
misclassified records were shuffled either within the active
group (walk, stair, and run) or the inactive group (sit, lie, and
stand). If the activities had been grouped into active or inactive,
the instantaneous accuracy rate would have been 95.0%. The
results of the SVM model and the random forest model are
shown in Multimedia Appendix 1. The instantaneous accuracy

Li et al
rate of the Xgboost model using GGS was 79.4% (Table 2 and
Figure 14).
The accuracies of Xgboost from the 4 smallest fixed-size sliding
windows (the same sizes as used in the HARuS dataset)
increased monotonously. To achieve the reverse U-shape curve
indicating that we obtained the optimum window size, we
included 2 additional window sizes. The highest accuracy was
achieved for the 8-second window (72.7%) as shown in Figure
13. As expected in this dataset with activity bouts of unequal
duration, the smart-sized GGS segmentation (79.4% accuracy)
considerably outperformed the fixed-size sliding windows. Not
only was GGS more accurate but it also produced considerably
less noisy predictions as shown in Figure 15. The 2 most
important features from Xgboost using GGS were segment
specific: mean z-axis and the minimum norm of the triaxial
accelerometer signal (Figure 16).

Figure 10. Triaxial (x, y, and z) power spectra density curves of accelerometer (upper 3 subplots) and gyroscope meter (lower 3 subplots) of the
BREATHE training dataset. ACC: accelerometer; Gyro: gyroscope; PSD: power spectral density.
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Figure 11. Total covariance-regularized log-likelihood curve of the BREATHE training dataset.

Figure 12. Multivariate segmentation break points (K=100) displayed using vertical dashed lines on the time series of x-axis accelerometer readings
from experiment 1 in the BREATHE training dataset.
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Figure 13. Instantaneous predictions using greedy Gaussian segmentation (top) and ground truth (bottom) from the 2 test experiments (13 and 14) in
the BREATHE dataset.

Figure 14. Accuracy of instantaneous predictions from Xgboost using 6 different fixed-size sliding windows (SWs) in the 2 test experiments in the
BREATHE dataset. The horizontal dashed line represents the accuracy from Xgboost with greedy Gaussian segmentation. SW: sliding window; GGS:
greedy Gaussian segmentation.
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Figure 15. Predictions from Xgboost using 6 different fixed-sized sliding windows (SWs) and greedy Gaussian segmentation as well as the ground
truth for experiment 13 of the BREATHE test data. SW: sliding window; GGS: greedy Gaussian segmentation.

Figure 16. Importance of the top 15 features from Xgboost using greedy Gaussian segmentation from the BREATHE dataset. Abbreviations in the
feature names are SD, minimum (min), maximum (max), mean absolute deviation (mad), Euclidean magnitude (norm), and derivative (jerk). The
operators in the names should be read in the order of from the right to the left. For example, acc_x_jerk_max means the maximum value of the derivative
values on the x-axis of the accelerometer sensor.

Discussion
Summary of Findings
We found that Xgboost using GGS outperformed Xgboost using
fixed-size sliding windows in a dataset with unequal activity
bout durations (BREATHE), by producing more accurate and
considerably more stable predictions. When implemented in a
platform such as PRISMS, GGS should be able to identify short
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bursts of activity while still producing relatively smooth
predictions. Identification of short activity bouts is particularly
important for appropriately quantifying vigorous activity in
children [27]. Noisy predictions from fixed-size sliding windows
might need to be smoothed by pooling (ie, majority vote) for
improved face validity of reported activity classifications and
to avoid triggering excessive user notifications. Note that we
presented our results using instantaneous predictions—to allow
for comparisons across segmentation methods—that resulted
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in slightly lower accuracy than previous studies presenting
segment-level predictions. In practice, segment-level predictions
are typically used.
Major differences between the HARuS and BREATHE datasets
included not only activity bout duration (equal vs unequal),
participant ages (adults vs children), and experimental protocol
(tightly proscribed activities vs activities allowing for more
natural movements) but also how the sensors were worn. This
difference in wear location is likely the cause of the differences
between the most important features in the Xgboost models.
The axes of a device (smartwatch or smartphone) are typically
labeled as x, denoting the side-to-side dimension; y, denoting
the forward and backward dimension; and z, denoting the up
and down dimension. Incorporating these axes with the wearing
position of the 2 datasets, forward movement would correspond
to signal along the x-axis for HARuS participants and the z-axis
(slightly deviated to x-axis) for BREATHE participants. For
both datasets, the most important features appeared to be related
to forward motion (x-axis for the HARuS data and z-axis or
combination of axes, ie, the norm for the BREATHE data) and
the direction perpendicular to this motion (eg, mean values of
the y-axis of the accelerometer, acc_y_mean, which had the
third highest score in the HARuS data and the fourth highest
score in the BREATHE data).

Limitations
In this study, the models were trained by clip-independent
method. Time dependency is more obvious in datasets with
temporal context, and many researches applied hidden Markov
model (HMM) to such datasets as motion videos or images [28],
body makers [29], and so on. For pure waist- or wrist-worn
accelerometer or gyroscope meter, the signals do not have the
strong time dependency as those temporal context data. Second,
to compare the time-dependent methods, HMM should be tested
with other analogic methods such as long short-term memory
(LSTM), but not GGS. GGS is a way to clip the data such as
the fixed-length sliding window. We can either apply
clip-independent method as in this study or HMM or LSTM to
test the time dependency among those clips.
The major weaknesses of the GGS approach are computational
load and space requirements. To deploy GGS on streaming data,
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we would need to maintain a much larger cache memory of the
latest received streaming data in comparison with the traditional
fixed-length sliding window methods. GGS also requires time
series of continuous features. However, sensor data (such as
accelerometer and gyroscope) are typically quantitative, so this
requirement is reasonable. Furthermore, missing values need
to be either removed or interpolated. As for scalability, GGS
has a runtime complexity of O(KTn3) in the normal mode and
O(Tn3) in a warm start mode, in which the algorithm directly
starts with a random set of K breaking points. Fixed-size sliding
window approaches have better runtime complexity of O(n).
Thus, the greedy heuristics needs to be improved in our future
study. However, as the number of segments (K) is generally
much smaller than the optimum number of fixed-size windows,
GGS could largely save computational loads in the subsequent
feature engineering, especially when tremendous feature to be
extracted. Statistically, the GGS algorithm assumes that the
multivariate time series can be described as independent samples
from a multivariate Gaussian distribution within each segment.
Time series data typically display autocorrelation, which would
violate the independence assumption, especially when breaking
points were not enough to separate the autocorrelated parts into
different segments.

Conclusions
Identification of the break points that signify changes in physical
activity plays an important role in quantifying HAR. In
platforms such as PRISMS, HAR can be used not only to
quantify the total duration of time in, for example, light,
moderate, or vigorous activity but also to trigger user
notifications or alerts or provide real-time feedback on activity.
Our GGS-based approach shows great potential in variable
activity bout duration scenarios and produces fewer variable
predictions that should minimize unnecessary interactions with
the user. However, computational and implementation
limitations exist. Interesting future work will be focused on
deploying GGS in real-time data streams and, more generally,
finding heterogeneous segments when introducing additional
sensor signals measured at different frequencies and on different
scales (eg, sensors for physiological signals such as heart rate).

Acknowledgments
The authors would like to thank the participants of both studies and all the staff who made data collection possible, particularly
Lisa Valencia. This study was supported by the National Institute of Biomedical Imaging and Bioengineering (grants U24EB021996,
U54EB022002) and the National Institute of Environmental Health Sciences Center (grant 5P30ES07048).

Conflicts of Interest
None declared.

Multimedia Appendix 1
Supplemental tables and figures.
[PDF File (Adobe PDF File), 1MB - mhealth_v7i2e11201_app1.pdf ]

http://mhealth.jmir.org/2019/2/e11201/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11201 | p.473
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Li et al

References
1.

2.

3.

4.

5.
6.
7.
8.
9.

10.
11.

12.
13.

14.
15.
16.
17.
18.
19.
20.

21.

22.

Haskell WL, Lee IM, Pate RR, Powell KE, Blair SN, Franklin BA, American College of Sports Medicine, American Heart
Association. Physical activity and public health: updated recommendation for adults from the American College of Sports
Medicine and the American Heart Association. Circulation 2007 Aug 28;116(9):1081-1093. [doi:
10.1161/CIRCULATIONAHA.107.185649] [Medline: 17671237]
Klepeis NE, Nelson WC, Ott WR, Robinson JP, Tsang AM, Switzer P, et al. The National Human Activity Pattern Survey
(NHAPS): a resource for assessing exposure to environmental pollutants. J Expo Anal Environ Epidemiol 2001;11:231-252.
[doi: 10.1038/sj.jea.7500165] [Medline: 11477521]
Perry B, Herrington W, Goldsack JC, Grandinetti CA, Vasisht KP, Landray MJ, et al. Use of mobile devices to measure
outcomes in clinical research, 2010-2016: a systematic literature review. Digit Biomark 2018;2(1):11-30. [doi:
10.1159/000486347] [Medline: 29938250]
Murray CS, Poletti G, Kebadze T, Morris J, Woodcock A, Johnston SL, et al. Study of modifiable risk factors for asthma
exacerbations: virus infection and allergen exposure increase the risk of asthma hospital admissions in children. Thorax
2006 May;61(5):376-382 [FREE Full text] [doi: 10.1136/thx.2005.042523] [Medline: 16384881]
Lucas SR, Platts-Mills TA. Physical activity and exercise in asthma: relevance to etiology and treatment. J Allergy Clin
Immunol 2005 May;115(5):928-934. [doi: 10.1016/j.jaci.2005.01.033] [Medline: 15867847]
Cochrane LM, Clark CJ. Benefits and problems of a physical training programme for asthmatic patients. Thorax 1990
May;45(5):345-351 [FREE Full text] [Medline: 2116678]
Eijkemans M, Mommers M, Draaisma JM, Thijs C, Prins MH. Physical activity and asthma: a systematic review and
meta-analysis. PLoS One 2012;7(12):e50775. [doi: 10.1371/journal.pone.0050775] [Medline: 23284646]
Robinson DM, Egglestone DM, Hill PM, Rea HH, Richards GN, Robinson SM. Effects of a physical conditioning programme
on asthmatic patients. N Z Med J 1992 Jul 08;105(937):253-256. [Medline: 1620508]
Khan AM, Lee YK, Kim TS. Accelerometer signal-based human activity recognition using augmented autoregressive
model coefficients and artificial neural nets. 2008 Aug 20 Presented at: 30th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society; August 20-25, 2008; Vancouver, BC, Canada p. 5173-5175. [doi:
10.1109/IEMBS.2008.4650379]
Hache G, Lemaire ED, Baddour N. Wearable mobility monitoring using a multimedia smartphone platform. IEEE Trans
Instrum Meas 2011;60(9):3153-3161. [doi: 10.1109/TIM.2011.2122490]
Anguita D, Ghio A, Oneto L, Parra X, Reyes-Ortiz J. Human Activity Recognition on Smartphones Using a Multiclass
Hardware-Friendly Support Vector Machine. 2012 Presented at: International Workshop on Ambient Assisted Living 2012;
December 3-5, 2012; Vitoria-Gasteiz, Spain p. 216-223 URL: https://www.icephd.org/sites/default/files/IWAAL2012.pdf
Lara OD, Labrador MA. A survey on human activity recognition using wearable sensors. IEEE Commun Surv Tutor
2013;15(3):1192-1209. [doi: 10.1109/SURV.2012.110112.00192]
Torres-Huitzil C, Alvarez-Landero A. Accelerometer-Based Human Activity Recognition in Smartphones for Healthcare
Services. In: Adibi S, editor. Mobile Health - A Technology Road Map. Cham, Switzerland: Springer International Publishing;
2015:147-169.
Keogh E, Chu S, Hart D, Pazzani M. Segmenting time series: a survey and novel approach. In: Last M, Kandel A, Bunke
H, editors. Data Mining in Time Series Databases. Singapore: World Scientific Publishing Co Pte Ltd; 2004:1-21.
Booth NB, Smith AF. A Bayesian approach to retrospective identification of change-points. J Econom 1982;19(1):7-22.
[doi: 10.1016/0304-4076(82)90048-3]
Galeano P, Wied D. Multiple break detection in the correlation structure of random variables. Comput Stat Data Anal
2014;76:262-282. [doi: 10.1016/j.csda.2013.02.031]
Nystrup P, Madsen H, Lindstrom E. Long memory of financial time series and hidden Markov models with time-varying
parameters. J Forecast 2017;36(8):989-1002. [doi: 10.1002/for.2447]
Katz I, Crammer K. arXiv e-prints. Outlier-Robust Convex Segmentation URL: http://adsabs.harvard.edu/abs/2014arXiv1411.
4503K [accessed 2018-12-03] [WebCite Cache ID 73utxwLSR]
Hallac D, Nystrup P, Boyd S. arXiv e-prints. Greedy Gaussian Segmentation of Multivariate Time Series URL: http://adsabs.
harvard.edu/abs/2016arXiv161007435H [accessed 2018-12-03] [WebCite Cache ID 73uu9z7Al]
Anguita D, Ghio A, Oneto L, Parra X, Reyes-Ortiz JL. A Public Domain Dataset for Human Activity Recognition using
Smartphones. In: ESANN 2013 proceedings. 2013 Presented at: 21st European Symposium on Artificial Neural Networks,
Computational Intelligence and Machine Learning; April 24-26, 2013; Belgium URL: https://www.elen.ucl.ac.be/Proceedings/
esann/esannpdf/es2013-84.pdf
Hosseini A, Fazeli S, Vliet EV, Valencia L, Habre R, Sarrafzadeh M, et al. Children Activity Recognition: Challenges and
Strategies. In: Conf Proc IEEE Eng Med Biol Soc. 2018 Jul Presented at: Annual International Conference of the IEEE
Engineering in Medicine and Biology Society; July 17-21, 2018; Honolulu p. 4331-4334. [doi: 10.1109/EMBC.2018.8513320]
Hosseini A, Buonocore CM, Hashemzadeh S, Hojaiji H, Kalantarian H, Sideris C, et al. Feasibility of a secure wireless
sensing smartwatch application for the self-management of pediatric asthma. Sensors (Basel) 2017;17(8):E1780. [doi:
10.3390/s17081780] [Medline: 28771168]

http://mhealth.jmir.org/2019/2/e11201/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11201 | p.474
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
23.

24.
25.

26.
27.
28.

29.

Li et al

Hosseini A, Buonocore CM, Hashemzadeh S, Hojaiji H, Kalantarian H, Sideris C, et al. HIPAA compliant wireless sensing
smartwatch application for the self-management of pediatric asthma. 2016 Jun 14 Presented at: 13th International Conference
on Wearable and Implantable Body Sensor Networks (BSN); June 14-17, 2016; San Francisco p. 49-54. [doi:
10.1109/BSN.2016.7516231]
Selesnick IW, Burrus CS. Generalized digital Butterworth filter design. IEEE Trans Signal Process 1998;46(6):1688-1694.
[doi: 10.1109/78.678493]
Kaur M, Singh B. Comparison of different approaches for removal of baseline wander from ECG signal. In: Proceedings
of the International Conference & Workshop on Emerging Trends in Technology. 2011 Presented at: ICWET'11; February
25-26, 2011; Mumbai, Maharashtra, India. [doi: 10.1145/1980022.1980307]
Chen T, Guesrin C. arXiv e-prints. 2016. XGBoost: A Scalable Tree Boosting System URL: http://adsabs.harvard.edu/abs/
2016arXiv160302754C [accessed 2018-12-01] [WebCite Cache ID 73uuGAveZ]
Rowlands A, Powell SM, Humphries R, Eston RG. The effect of accelerometer epoch on physical activity output measures.
J Exerc Sci Fit 2006;4(1):52-58 [FREE Full text]
Qu Z, Lu T, Liu X, Wu Q, Wang M. A new method for human action recognition: Discrete HMM with improved LBG
algorithm. 2015 Sep 25 Presented at: 9th International Conference on Anti-counterfeiting, Security, and Identification;
September 25-27, 2015; Xiamen, China. [doi: 10.1109/ICASID.2015.7405672]
Gedat E, Fechner P, Fiebelkorn R, Vandenhouten R. Human action recognition with hidden Markov models and neural
network derived poses. 2017 Sep 14 Presented at: 15th International Symposium on Intelligent Systems and Informatics;
September 14-16, 2017; Subotica, Serbia. [doi: 10.1109/SISY.2017.8080544]

Abbreviations
GGS: greedy Gaussian segmentation
HAR: human activity recognition
HARuS: human activity recognition using smartphones
HMM: hidden Markov model
LSTM: long short-term memory
PRISMS: Pediatric Research using Integrated Sensor Monitoring Systems
PSD: power spectral density
SVM: support vector machine

Edited by M Focsa; submitted 01.06.18; peer-reviewed by M Albert, S Krishnan; comments to author 20.07.18; revised version
received 30.09.18; accepted 14.11.18; published 07.02.19.
Please cite as:
Li K, Habre R, Deng H, Urman R, Morrison J, Gilliland FD, Ambite JL, Stripelis D, Chiang YY, Lin Y, Bui AAT, King C, Hosseini A,
Vliet EV, Sarrafzadeh M, Eckel SP
Applying Multivariate Segmentation Methods to Human Activity Recognition From Wearable Sensors’ Data
JMIR Mhealth Uhealth 2019;7(2):e11201
URL: http://mhealth.jmir.org/2019/2/e11201/
doi:10.2196/11201
PMID:30730297

©Kenan Li, Rima Habre, Huiyu Deng, Robert Urman, John Morrison, Frank D Gilliland, José Luis Ambite, Dimitris Stripelis,
Yao-Yi Chiang, Yijun Lin, Alex AT Bui, Christine King, Anahita Hosseini, Eleanne Van Vliet, Majid Sarrafzadeh, Sandrah P
Eckel. Originally published in JMIR Mhealth and Uhealth (http://mhealth.jmir.org), 07.02.2019. 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/2019/2/e11201/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11201 | p.475
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Wu et al

Original Paper

Breast Cancer Survivors’ Experiences With an Activity Tracker
Integrated Into a Supervised Exercise Program: Qualitative Study
Hoi San Wu1, BSc; Roxanne Gal2, MSc; Niek C van Sleeuwen3, BSc; Aarnout C Brombacher3, BSc, MSc, PhD;
Wijnand A IJsselsteijn1, PhD; Anne M May2, PhD; Evelyn M Monninkhof2, PhD
1

Human-Technology Interaction Group, Department of Industrial Engineering & Innovation Sciences, Eindhoven University of Technology, Eindhoven,
Netherlands
2

Julius Center of Health Sciences and Primary Care, University Medical Center Utrecht, University of Utrecht, Utrecht, Netherlands

3

Systematic Change Group, Department of Industrial Design, Eindhoven University of Technology, Eindhoven, Netherlands

Corresponding Author:
Roxanne Gal, MSc
Julius Center of Health Sciences and Primary Care
University Medical Center Utrecht, University of Utrecht
STR 6.131
PO Box 85500
Utrecht, 3508 GA
Netherlands
Phone: 31 887569624
Email: R.Gal@umcutrecht.nl

Abstract
Background: There is growing evidence that physical activity is related to a better prognosis after a breast cancer diagnosis,
whereas sedentary behavior is associated with worse outcomes. It is therefore important to stimulate physical activity and reduce
sedentary time among patients with breast cancer. Activity trackers offer a new opportunity for interventions directed at stimulating
physical activity behavior change.
Objective: This study aimed to explore the experience of patients with breast cancer who used an activity tracker in addition
to a supervised exercise intervention in the randomized UMBRELLA Fit trial.
Methods: A total of 10 patients with breast cancer who completed cancer treatment participated in semistructured in-depth
interviews about their experience with and suggestions for improvements for the Jawbone UP2 activity tracker.
Results: The activity tracker motivated women to be physically active and created more awareness of their (sedentary) lifestyles.
The women indicated that the automatically generated advice (received via the Jawbone UP app) lacked individualization and
was not applicable to their personal situations (ie, having been treated for cancer). Furthermore, women felt that the daily step
goal was one-dimensional, and they preferred to incorporate other physical activity goals. The activity tracker’s inability to
measure strength exercises was a noted shortcoming. Finally, women valued personal feedback about the activity tracker from
the physiotherapist.
Conclusions: Wearing an activity tracker raised lifestyle awareness in patients with breast cancer. The women also reported
additional needs not addressed by the system. Potential improvements include a more realistic total daily physical activity
representation, personalized advice, and personalized goals.
(JMIR Mhealth Uhealth 2019;7(2):e10820) doi:10.2196/10820
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Introduction
Breast cancer is the most common cancer type among women
worldwide [1]. In 2015, 14,551 new cases were diagnosed in
the Netherlands. The overall 5-year survival rate is now 87%,
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and this rate is still increasing because of better treatment and
earlier detection [2-4]. Breast cancer treatment comes with shortand long-term side effects. During and after treatment, patients
often complain of fatigue, reduced fitness, and impaired quality
of life [5].
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A reduction in physical activity levels and increase in sedentary
time is also seen as side effects [6,7]. However, previous
exercise interventions have produced physical and psychological
health benefits in patients with breast cancer, such as lower
fatigue levels, increased physical fitness, and improved
emotional well-being and quality of life [8]. In addition,
evidence suggests that physically active patients with breast
cancer have a lower risk of recurrence of the disease and
mortality [9]. Thus, it is important to stimulate physical activity
and reduce sedentary time among patients with breast cancer.
Physical activity trackers are a popular tool used in health
interventions. They can stimulate people to be more physically
active and less sedentary as they provide insights into physical
activity patterns, resulting in greater feelings of empowerment
to set and stick to health goals [10,11]. The use of activity
trackers is in line with the motto of the Quantified Self
movement [12]: “self-knowledge through numbers.” This
movement reflects the fact that people increasingly integrate
technology into their lives to gather personally relevant
information. The underlying assumption about acquiring
objective and quantitative data about one’s behavior is that it
leads to more accurate self-knowledge, which in turn empowers
users to improve themselves. A recent literature review
demonstrated that there is mounting evidence for this
“self-improvement hypothesis,” in which users gain usable
insights from self-tracking data [13]. However, to date, few
studies have used activity trackers in the rehabilitation of
patients with cancer but are increasingly used for patients with
cancer [14,15]. The first few studies explored the acceptability
of activity trackers as a tool to stimulate physical activity and
reduce sitting time and showed promising results [16-18].
However, more insight into the desires and needs of patients
with breast cancer is needed to integrate an activity tracker in
health care to increase physical activity and to achieve
behavioral change.
The aim of this study was to explore experiences of patients
with breast cancer with an activity tracker and its usage while
participating in the intervention arm of the randomized
controlled UMBRELLA Fit trial [19]. We used data collected
from in-depth interviews to analyze the gap between the current
and desired situations regarding the system’s information
feedback and the user interface from the patient's point of view.

Methods
Participants and Intervention
This study is embedded in the UMBRELLA Fit trial [19] which
investigates the effects of an exercise intervention on the short(6 months) and long-term (24 months) quality of life of inactive
patients with breast cancer after primary treatment completion.
The exercise intervention is a 12-week program consisting of
supervised sessions (strength and endurance training) at a
physiotherapy center twice a week. In addition, patients are
encouraged to develop an active lifestyle on the 5 other days,
defined as being moderate to highly physically active for at
least 30 min a day, and reduce sedentary time. To help them
achieve these goals, patients developed personal physical
activity goals in consultation with a physiotherapist, they kept
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an activity log, and the patients were given an activity tracker.
The path to achieving these activity goals was discussed every
2 weeks with the physiotherapist and when needed, goals were
adapted.
In total, 60 women with breast cancer completed the
UMBRELLA Fit exercise intervention. At the time this
qualitative study was performed, 13 women had completed the
exercise intervention and were asked to participate in this
qualitative study. Of these, 10 women agreed to this study and
were approached by telephone. The women were at least 12
months post diagnosis and had completed their primary breast
cancer treatment (except hormonal treatment). On an average,
the women were interviewed 90 days after completion of the
trial. The UMBRELLA Fit study was approved by the Medical
Ethics Committee of the University Medical Center Utrecht
(UMCU).

The Activity Tracker
Initial requirements for the activity tracker were that it should
possess the ability to track physical activity and inactivity, as
well as the ability to synchronize this information to a database.
In addition, the activity tracker should use an alert to remind
the wearer of sedentary behavior that exceeded a certain amount
of time.
The Jawbone UP2 (Jawbone, San Francisco, California, USA)
met these requirements and was, therefore, used. This activity
tracker is a wristband worn on the nondominant arm. It tracks
steps, activity, and sleep and connects with a smartphone or
tablet app. The Jawbone UP2 has been shown to have good
reliability and validity in measuring the daily step count [20-22].
Using the accompanying “UP” app, users can monitor their step
count, physical activity data, and calories burned. It is also
possible to manually log workouts, track moods, and food
intake, and to set certain goals for themselves. The UP app also
incorporates a Smart Coach that provides personal, informative,
and motivational messages and challenges based on what is
measured. For example, You are close to maintaining your
7-day, […] step average! Another […] steps, or a […] minute
walk, will take you there, and Even if you don’t walk to work,
you can still find moments to step. Hop off the bus one stop
early. Park your car at the far end of the lot. It all adds up.
In the UMBRELLA Fit study, the Jawbone UP2 was especially
used to signal sedentary behavior by using the idle alert as an
inactivity reminder: the Jawbone UP2 vibrated when the women
were inactive for at least 45 min. Also, the daily step goal in
the app was set at 10,000 steps as a guideline. The study did
not focus on sleep, mood, or dietary intake.
Before the intervention, all women received the Jawbone UP2,
downloaded the UP app on their smartphone if they had one,
and set up an account. They were instructed to wear the Jawbone
UP2 the whole day and to synchronize the activity tracker daily
with the app.

Interviews
The interviews were semistructured. We used a standard list of
open questions in 5 categories to gain more insight into the
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users’ experiences with an activity tracker and its usage, added
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to a supervised exercise intervention (Textbox 1).

Textbox 1. Overview of the interview questions.
1.

2.

3.

4.

5.

Jawbone UP2 activity tracker
•

How did you experience the Jawbone UP2 (added value, shortcomings)?

•

Was it clear how to use the Jawbone UP2?

•

Did the Jawbone UP2 meet your expectations?

Idle alert
•

How was your experience with the idle alert?

•

Did it create awareness about your sedentary behavior?

•

What did you think of the 45-minute time span that triggered the idle alert?

UP app and Smart Coach
•

How was your experience with the UP app (added value, shortcomings)?

•

Was it clear how to use the app?

•

Which function(s) did you use?

•

Did the app contribute to creating awareness about your inactivity and activity?

Exercise intervention
•

What is your opinion about the addition of the Jawbone UP2 to the exercise intervention?

•

Did wearing the Jawbone UP2 activity tracker and using the UP app change your behavior?

Suggestions or remarks
•

Do you have any additional suggestions or remarks regarding the Jawbone UP2?

Face-to-face interviews were performed by 2 researchers (HSW
and NCvS), with the exception of 1 patient who used the activity
tracker but not the app and was interviewed by phone. The
interviews were conducted at a location of the patients’ choice:
in the hospital, in a lunchroom, or in their living room at home.
All interviews were recorded using a smartphone. The interviews
were transcribed verbatim and analyzed by 2 researchers (HSW
and NCvS) following the guidelines of thematic analysis [23].

Measures
Daily step count during the intervention period was measured
with the activity tracker and synchronized to the app. After the
intervention period, data from the activity tracker were
downloaded from the Jawbone website. Information on usage
of the activity tracker was obtained through logs in which
women registered the daily wearing time. Before and after the
exercise intervention, patients performed a maximal
cardiopulmonary exercise test on a cycle ergometer to determine
peak oxygen uptake (VO2peak). Finally, the level of physical
activity was measured before and after the exercise intervention
with the Short QUestionnaire to ASsess Health-enhancing
physical activity (SQUASH) [24].
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Results
Participants
After 10 interviews, data saturation was reached. The inter-rater
reliability was calculated for 2 interviews using NVivo 11 (QRS
International Pty Ltd, Melbourne, Australia). The Cohen kappa
coefficient was 0.62, which is acceptable. The age of the women
ranged from 33 to 64 years (median 57 [SD 8.8]).

Adherence to Wearing the Activity Tracker
Jawbone UP2 data were available from 8 of the 10 women.
Woman no. 7 stopped participating after 3 weeks because of
dissatisfaction with different elements of the study, including
the Smart Coach. Similarly, woman no. 8 had no smartphone
and, therefore, data synchronization was not possible.
Overall adherence to wearing the activity tracker ranged from
35% to 99% of the days, with 5 of the 8 women having an
adherence of 89% or more (Table 1). The 3 other women wore
the activity tracker on 35%, 42%, and 67% of the days,
respectively. The reasons for not wearing the activity tracker
were problems with charging, the tracker broke down, holiday,
and flu. Woman no. 6 wore the activity tracker for less than 10
days and did not register compliance consequently. She
explained that she lost interest in the training sessions of the
study and, therefore, she felt that she did not need to wear the
activity tracker anymore.
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Table 1. Percentage of days with a daily step count above 10,000 and adherence to wearing the Jawbone UP2 during the intervention period.

a

Participant

Days worn, n (%)a

Reasons for not wearing

1

84 (89)

Forgot to wear (4 db); did not wear (last 6 d)

2

77 (91)

Charger did not work (6 d)

3

40 (42)

Forgot to wear (4 d); on holiday (16 d); lost Jawbone UP2 (last 37 d)

4

64 (67)

Forgot to wear (3 d); band broke (last 28 d)

5

87 (99)

Perfect adherence

6

41 (35)

Did not wear (first 6 d); on holiday (9 d); flu (9 d); overall low adherence (51 d)

7

c

d

—

Dropout

8e

—

No Jawbone UP2 data available (no smartphone)

9

70 (95)

Forgot to wear after charging (3 d)

10

102 (97)

Did not wear on 3 d

The intervention period was extended for some participants due to planned vacations, physical symptoms, family issues and time constraints.

b

d: days.

c

Woman no. 7 stopped participating in the trial after 3 weeks.

d

Not applicable.

e

Woman no. 8 used the Jawbone UP2, but had no smartphone and, therefore, synchronizing the data was not possible.

Change in Daily Step Count, Physical Activity Level,
and Peak Oxygen Uptake
Overall, the mean number of steps per day was 8403 (SD 1994;
Multimedia Appendix 1; Figure 1), with the highest step count
at week 6 with an average 10,123 steps per day. On an average,
patients reached on 30% (SD 20) of the days a step count of
more than 10,000 steps. Moreover, 3 of the 8 patients had a

mean daily step count of around 10,000, defined as the daily
step goal, and 4 patients had an average daily step count between
7000 and 8000.
Mean change from baseline to postintervention in self-reported
total physical activity level (including commuting activities,
walking, cycling, and sport activities extracted from SQUASH)
was plus 79 min per week (SD 123; Table 2), and mean change
in VO2peak was plus 1 ml/kg/min (SD 2).

Figure 1. Mean number of steps per day as measured with the Jawbone UP2.
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Table 2. Physical activity level and peak oxygen uptake (VO2peak) at baseline and change during the intervention period.

a

Participant

Self-reported total minutes of activity; Self-reported total minutes of activity; VO2peak; baseline,
ml/kg/min
baseline, minutes per weeka
change, minutes per weeka

VO2peak; change,
ml/kg/min

1

60

+90

22

+2

2

360

−210

30

−1

3

330

+110

29

+3

4

30

+90

21

0

5

0

0

23

−2

6

0

+135

19

+4

7b

330

—c

29

—

8

0

+180

19

+3

9

160

+200

29

+1

10

0

+120

25

+1

Total, mean (SD)

127 (155)

+79 (123)

25 (4)

+1 (2)

Median

45

+110

24

+1

Total minutes of activity including commuting activities, walking, cycling, and sport activities extracted from SQUASH.

b

Woman no. 7 stopped participating in the trial after 3 weeks.

c

Not applicable.

Textbox 2. Overview of the themes and subthemes.
1.

2.

3.

4.

The use of an activity tracker and accompanying app raises lifestyle awareness.
•

Activity tracker functions motivate (especially goals and idle alert).

•

More awareness of lifestyle: more physically active and less sedentary time.

Patients need personalized advice.
•

Generated advice (Smart Coach) is not applicable to personal situations.

•

Lack of personal advice.

Patients need a more realistic total daily physical activity representation.
•

Step goal was too one-dimensional.

•

Prefer the possibility of tracking other physical activity goals.

Patients need more integration between the intervention components of the study.
•

No feedback about the activity tracker from the physiotherapist.

•

The activity tracker does not adequately measure fitness activities during supervised exercise sessions.

Experiences With the Activity Tracker and
Accompanying App
Following the thematic analysis, 4 themes emerged from the
data (Textbox 2).

Theme 1: The Activity Tracker and Accompanying App
Raises Lifestyle Awareness
All the women emphasized the important role the activity tracker
played as a motivator and tool for gaining insights into their
physical activity lifestyles. Woman no. 9 mentioned:
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[I] became more aware, the switch is flipped:
sometimes I sat for too long a period of time, so I
should start moving again. So, it gave me insights.
The main motivating feature of the activity tracker and app was
the daily step goal. Almost all the women did something extra
to achieve this goal, as woman no. 5 illustrates:
It became an obsession to reach the 10,000 steps.
As an example of this motivation, woman no. 9 said:
You’ve got a goal of a certain number of steps a day
and when you’ve almost reached it, you think: “I’ll
walk the dog tonight.”
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Another motivator for raising awareness was the idle alert
function. This function not only motivated the women to start
moving before or at the alert, but also made them aware that
they should avoid prolonged sitting periods. Woman no. 5
mentioned:
I tried to avoid the [idle alert] notification.
This illustrates how the alert raised awareness to avoid long
periods of sedentary time. Woman no. 10 also kept track of her
sedentary time so she would move again before the alert
vibrated. Woman no. 9 explained how the alert made her
conscious of her sedentary behavior:
Oh, it [the activity tracker] is vibrating again, I have
to move.
Although the women took different approaches to dealing with
the alert, it helped them interrupt their sedentary time, thus
raising awareness about their lifestyle.
At the moment of the interview, most of the women were still
more aware of their lifestyles, even though they no longer wore
the activity tracker for some time. The activity tracker was an
important component of the intervention in developing this
awareness. Woman no. 9 explained:
It’s something that can help you when you want to
live healthier [...] It’s a very good tool to start with.
I’d say it increases your awareness and it works very
well.
When the women no longer had the activity trackers, they
actively tried to maintain a more active and less sedentary
lifestyle. Woman no. 8 gave an example:
Now, I more often think I have to get up after an hour,
I have to walk.
Woman no. 9 also pointed out:
The funny thing is that I still do it. If a colleague asks:
“Shall I get you coffee?” I think: “No, I’ll get it
myself.” You become aware that you do not move so
much. That’s what you discover in those three months
[of the trial].
Comparing her life before and after the trial, woman no. 5 said:
Previously, it was maybe 10 minutes, walking the dog,
but now, I walk the dog 20 [minutes] or half an hour
more or so, a few times a day.

Theme 2: Patients Need Personalized Advice
Almost all the women emphasized a preference for more
personalized advice than they received from the Smart Coach.
They only viewed directly applicable messages as motivating.
Personalized messages about the women’s daily progress toward
their individual goals were the most motivating, as exemplified
by woman no. 5:
When, for example, in the evening, the device told
me: “Well you’ve done a good job, but you still need
a certain number of steps, something like 900 or 1,000
steps. Go for a short walk or something else.” And
then I went again, or I took the stairs ten times up
and down, or I walked an extra time in my garden.
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In addition to the motivational aspect, the women enjoyed the
personalization of these messages. The longer a woman used
the activity tracker, the more personalized messages were
generated, and the more she enjoyed them. Woman no. 9 said:
Yes, the Smart Coach, yes, very amusing. The longer
you wear it, it figured out how you score, what you
like [...]. Then it indicated things that made you think:
“It gives me that little bit extra. Yes, I really like it.”
However, the Smart Coach did not always deliver personalized
advice. Woman no. 7 explained that the Smart Coach was
programmed with standard advice, focusing on healthy people:
If you don’t reach the targets, this Smart Coach will
not ask empathetically why it not works [limitations
caused by cancer and its treatment]. The only thing
he [the Smart Coach] says is “Don’t be a fool and
do it. [...] That gives a negative impression.”
She found this very annoying as her disease and its treatment
had limited her physical condition and ability to achieve those
goals. Nonpersonalized advice was either ignored or experienced
as irritating, as woman no. 5 emphasized:
Sometimes it was advice, which I found useful, but
sometimes I skipped or ignored it.
Woman no. 9 pointed out that a certain capacity for placing the
advice in perspective was needed to cope with the Smart
Coach’s messages that did not fit her personal situation. Some
women even lowered their goals in the app, so the Smart Coach
would not complain; this made them feel better.

Theme 3: Patients Need a More Realistic Total Daily
Physical Activity Representation
Many women indicated that a disadvantage of the activity
tracker was that it only registered steps; physical activities such
as resistance exercise and cycling were not registered correctly.
The women were trying to develop an active lifestyle of being
moderate to highly physically active for at least 30 min a day,
but the tracker merely measured their steps and not all types of
physical activity. Woman no. 2 said:
Yes, those other activities apart from the steps weren’t
registered.
Women no. 7 also pointed out that the activity tracker did not
track activities other than walking:
This Smart Coach [...] doesn't add up activities, it
only counts steps. For example, I cycled for three
hours but I only reached 6000 steps. [...] At that point,
it doesn’t say: “You already cycled for three hours.”
Instead, it says: “You need 18 more minutes walking
the stairs.
The women mentioned 3 activities that they found important
and thought should have been captured by the activity tracker
and incorporated into their total physical activity representation.
First, almost all of them indicated that the fitness workouts at
the physiotherapist were inadequately measured. Second, all
the women indicated that the bicycle was important as a means
of physically active transportation. They were bothered that it
was not adequately captured. Finally, swimming was not
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registered by the activity tracker because it was not water
resistant. Woman no. 3 mentioned:
I also found it a pity [...] because at that time I swam
an hour and a half every week and I would have
preferred to be able to wear it [the activity tracker].
The women were not only bothered that their other activities
were not tracked by the activity tracker, but also that they were
not specifically shown in the app, as woman no. 1 described
while discussing the disadvantages:
And I also can’t find my fitness sessions in the app
[...] you can’t find cycling and [lifting] weights [in
the app].
Woman no. 5 also shared her frustration about this:
When I went to the physiotherapist for an hour, I had
to register it [...] but it didn't show up [the registered
activity].

Theme 4: Patients Need More Integration Between the
Intervention Components of the Study
Almost all the women indicated that they felt a lack of
connection between the use of the activity tracker and the
accompanying app, and their physiotherapy sessions. Woman
no. 3 said:
I did nothing with the bracelet at the physiotherapist
sessions and neither did they.
The 2 components were closely related for the women, as the
activity tracker measured activity outside their physiotherapy
appointments, which was their checkup and feedback moments
regarding their physical condition. Woman no. 3 explained:
I thought of it as a feedback moment [...] I’d have
some questions about the activity tracker, but I
couldn’t ask them to the physiotherapist. It surprised
me.
Woman no. 1 noticed:
There were supervised sessions in the UMBRELLA
Fit program, but the UP [app] was not integrated in
what the physiotherapist did [during the sessions].
As the physiotherapy sessions were an important aspect of the
trial, the women expected the activity tracker to register
activities during these sessions. Woman no. 3 said:
It’d be amazing if everything I did regarding physical
activities was registered, including workouts at the
physiotherapy sessions.

Discussion
Principal Findings
A physically active lifestyle is known to be important for
patients recovering from breast cancer, as it may ameliorate the
negative side effects of treatment and help to limit some of the
comorbidities (eg, heart disease, diabetes, or other cancers)
[8,9,25]. This qualitative study investigated the experiences of
patients with breast cancer who used an activity tracker and the
accompanying smartphone app aimed at increasing physical
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activity and decreasing sedentary time. The activity tracker was
added to a supervised exercise intervention for women who had
completed their breast cancer treatment. Aside from logistical
reasons for not using the activity tracker, adherence was high.
Daily step count, self-reported physical activity level, and
VO2peak of participants slightly increased following the exercise
intervention. As the activity tracker was part of the exercise
intervention, it was not possible to draw conclusions on the
isolated effect of the activity tracker and associated app, but a
recent meta-analysis indicated that exercise interventions
comprising activity trackers and smartphone apps were more
effective than exercise interventions without activity trackers
and smartphone apps [26].
From our interviews with 10 participants, 4 important themes
emerged: (1) the use of an activity tracker and accompanying
app raises lifestyle awareness, (2) patients need personalized
advice, (3) patients need a more realistic total daily physical
activity representation, and (4) patients need more integration
between the intervention components of the study.
From the interviews, we found that the activity tracker and
accompanying app functioned as a motivational tool and created
more awareness of physical activity behavior and sedentary
behavior. The women indicated that the daily step goal defined
in the accompanying app was the most important motivator.
Similar results were found in a comparable study of patients
with breast cancer by Nguyen et al [17]. They found that goals
presented in an achievable and easy-to-understand indicator of
physical activity (eg, step goal presented in numbers) worked
well. It helped the patients with breast cancer to be more aware
of their physical activity levels and to incorporate physical
activity into their daily routines. This is also supported by Wang
et al [27], who reported that, in general, using a physical activity
app facilitated more exercise. Furthermore, feedback concerning
the progress toward their goal made the women more determined
to stick to their daily activity goal which was also in line with
Nelson et al [10].
The next theme that emerged from the interviews was a need
for more tailored and personalized advice. The women indicated
that the Smart Coach messages which were applicable to their
activity levels were motivating and enjoyable. The advice given
in a positive way encouraged the women to be more engaged
in an active lifestyle. These kinds of positive encouragements
were comparable with the rise in motivation to reach goals,
when rewards were provided [28]. However, some of the
messages generated by the Smart Coach did not fit the women’s
situations and were tailored to activity levels of the general
population. As all the women had undergone cancer treatment
and experienced disease- and treatment-related side effects as
fatigue and a decreased physical fitness level, it was sometimes
frustrating to read messages generated by a system that did not
consider the side effects of the treatment. Our results suggested
that using generic commercial trackers and their associated
software for purposes of rehabilitation support may require
additional design adaptations and references that are specific
to the person and the limitations imposed by the disease and
treatment. Women also mentioned the important role the
physiotherapist played as a physical activity expert who was
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very helpful in the process of becoming fit. Therefore,
combining the physiotherapist’s feedback with the immediate,
quantitative feedback from the tracker in the app was seen as a
potential improvement. In addition to messages, the
physiotherapist could give personal advice about matters such
as the women’s goals and possible adjustments to them.
Other studies support this suggestion of combining activity
tracker data with feedback from a medical professional
[25,29,30]. Including input from a health professional could
make interventions more effective. Nguyen et al [17] also
suggested that support from peers with similar conditions may
be helpful both in terms of practical advice (eg, what is a
realistic goal to strive for) as well as psychosocial support,
making the intervention more enjoyable and motivating. This
is in line with recent insights related to personal tracking, which
increasingly acknowledge the importance of data sharing and
social interactions around data [31]. The third theme emerging
from the interviews was the need for a more realistic total daily
physical activity representation. As the activity tracker was not
capable of accurately measuring forms of physical activity
besides steps, these activities were also not part of the daily
amount of physical activity shown in the app. The most
important inadequately captured activity was cycling, which is
a common means of transportation in the Netherlands. Dutch
women cycle around 2.3 kilometers every day [32]. As cycling
is so prominent in the Netherlands and contributes significantly
to an active lifestyle, not registering this activity gives an
inaccurate impression of a person’s physical activity level. This
may not be a problem in cultures where cycling is not that
prominent. In addition, the women indicated that swimming
and fitness sessions were important physical activities.
As the representation of total physical activity level is
inaccurate, it is more difficult to monitor their path to a
physically active lifestyle. This might lead to frustration and
reduce motivation to continue using the activity tracker.
Rosenburg et al [18] also reported inaccurate measuring of other
activities apart from walking as a barrier to use an activity
tracker in men with prostate cancer. Thus, additional design
requirements for activity trackers in this context include a greater
diversity in automated activity registration, as well as water
resistance. This allows women to swim and bath with the tracker
and have a more accurate activity representation that includes
more activities. Activity trackers with these features are now
widely available and should be considered for future studies.
The women also liked the feedback system (ie, Smart Coach)
in the accompanying app. An opportunity for improvement
could be to use an activity tracker with an integrated screen that
gives immediate feedback, thus eliminating the need to go online
to inspect the information in the app. However, this would be
more expensive than the current system.
The last theme that emerged from the interviews was the need
for more integration between the health professional and the
activity tracker. As discussed above, a health professional can
add value to the patient’s intervention experience when provided
with data from the activity tracker (eg, the health professional
could help the patient determine an appropriate higher or lower
step goal and give her specific tips for reaching the goal). In
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addition, the health professional could fulfill the role of the
“Smart Coach” in which the positive qualitative feedback could
be adjusted to individual patients.

Strengths and Limitations
This study had several strengths. First, it was a field study where
participants used the activity tracker during a 12-week
intervention program. This allowed them to get beyond first
impressions and realistically use and evaluate the activity tracker
in context. Second, through in-depth interviews, we gained
insight into the use of, and experiences with, the activity tracker,
the accompanying app, and its functions (eg, the idle alert and
the Smart Coach) in contrast to reviews focused on the use of
an activity tracker alone. This gave insight into the drivers and
barriers to acceptance and into the use of activity trackers for
patients with breast cancer. These interviews helped us identify
several important requirements and improvements for
next-generation trackers to be used in the context of patient
recovery. Third, as this study was part of a larger medically
supervised intervention, we were able to explore some of the
strengths of combining activity tracker feedback with tailored
and personalized feedback from medical professionals. This
pertains to the larger issue of patient empowerment through
self-tracking and the changing roles of patients and doctors, as
digital technology increasingly democratizes through digital
technology. Finally, because most activity trackers and
smartphone apps have comparable functions (eg, step counting,
goal setting and tracking, a daily report, an idle alert, and sleep
tracking), our results also apply to other activity trackers apart
from the Jawbone UP2.
A study of this kind also has limitations. First, the particularities
of the activity tracker we used may not generalize to all trackers,
and new technological developments in sensing, data processing,
and interface design will allow current and new-generation
trackers to overcome some of the issues we identified in this
study. Second, although many of our insights are likely to hold
true for populations other than recovering patients with breast
cancer, our results also illustrate that the particularities of a
disease and the effects (or side effects) of its treatment are
important. This supports a general argument favoring
personalized approaches through adaptive digital interfaces and
personal coaching over a one-size-fits-all approach. By
necessity, this also limits the generalizability of our findings to
other specific patient populations. Finally, even though our
study participants used the tracker for several weeks, it remains
to be seen what the long-term health effects could be of using
an activity tracker in comparison with other fitness-promoting
programs. Also, the key factors contributing to long-term use
and effectiveness of activity trackers are a topic of interest for
future investigation.

Conclusions
This study explored experiences with an activity tracker and its
usage in an exercise intervention among inactive patients with
breast cancer. The interviews showed that an activity tracker
raises awareness of a physically active lifestyle and sedentary
behavior. Our study also showed the potential of using a
wearable activity tracker to improve supportive care after
primary treatment for breast cancer. However, there is a need
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for a more realistic representation of the total daily physical
activity, a more personalized advice that is tailored to their
current situation after breast cancer treatment, and a better
integration of the activity tracker into clinical practice. To
optimize the use of an activity tracker in clinical practice, we

Wu et al
suggest to base personalized advice on references that are
specific to the patient population and to integrate the use of
activity trackers and smartphone apps in rehabilitation programs,
which requires more intensive guidance of a health care
professional on usage and goal setting.

Acknowledgments
The authors would like to thank the patients for their participation, and the study team of UMBRELLA at the department of
Radiotherapy, Imaging Division, and Julius Centre for Health Sciences and Primary Care of the UMCU for running the cohort.
This work was supported by a Veni grant from the Netherlands Organisation for Health Research and Development (ZonMw
016.156.050). For the UMBRELLA cohort, funding was provided by the department of Radiotherapy, Imaging Division of the
UMCU, and the department of Clinical Epidemiology, Julius Center for Health Sciences and Primary Care, UMCU.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Mean number of steps per day per week during the intervention period.
[PDF File (Adobe PDF File), 259KB - mhealth_v7i2e10820_app1.pdf ]

References
1.

2.

3.
4.

5.
6.

7.

8.
9.
10.
11.

12.
13.

Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. Global cancer statistics 2018: GLOBOCAN estimates
of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin 2018 Nov;68(6):394-424 [FREE
Full text] [doi: 10.3322/caac.21492] [Medline: 30207593]
Ferlay J, Soerjomataram I, Dikshit R, Eser S, Mathers C, Rebelo M, et al. Cancer incidence and mortality worldwide:
sources, methods and major patterns in GLOBOCAN 2012. Int J Cancer 2015 Mar 1;136(5):E359-E386 [FREE Full text]
[doi: 10.1002/ijc.29210] [Medline: 25220842]
[Integral Cancer Center Netherlands]. [Dutch Cancer Registry] URL: http://www.cijfersoverkanker.nl [accessed 2017-10-10]
[WebCite Cache ID 75XhUX70B]
Vondeling GT, Menezes GL, Dvortsin EP, Jansman FG, Konings IR, Postma MJ, et al. Burden of early, advanced and
metastatic breast cancer in the Netherlands. BMC Cancer 2018 Dec 7;18(1):262 [FREE Full text] [doi:
10.1186/s12885-018-4158-3] [Medline: 29514651]
Servaes P, Verhagen C, Bleijenberg G. Fatigue in cancer patients during and after treatment: prevalence, correlates and
interventions. Eur J Cancer 2002 Jan;38(1):27-43. [doi: 10.1016/S0959-8049(01)00332-X] [Medline: 11750837]
Phillips SM, Dodd KW, Steeves J, McClain J, Alfano CM, McAuley E. Physical activity and sedentary behavior in breast
cancer survivors: new insight into activity patterns and potential intervention targets. Gynecol Oncol 2015 Aug;138(2):398-404
[FREE Full text] [doi: 10.1016/j.ygyno.2015.05.026] [Medline: 26026737]
Sabiston CM, Brunet J, Vallance JK, Meterissian S. Prospective examination of objectively assessed physical activity and
sedentary time after breast cancer treatment: sitting on the crest of the teachable moment. Cancer Epidemiol Biomarkers
Prev 2014 Jul;23(7):1324-1330 [FREE Full text] [doi: 10.1158/1055-9965.EPI-13-1179] [Medline: 24753546]
Fong DY, Ho JW, Hui BP, Lee AM, Macfarlane DJ, Leung SS, et al. Physical activity for cancer survivors: meta-analysis
of randomised controlled trials. Br Med J 2012 Jan 31;344:e70. [doi: 10.1136/bmj.e70]
McTiernan A, Irwin M, Vongruenigen V. Weight, physical activity, diet, and prognosis in breast and gynecologic cancers.
J Clin Oncol 2010 Sep 10;28(26):4074-4080 [FREE Full text] [doi: 10.1200/JCO.2010.27.9752] [Medline: 20644095]
Nelson EC, Verhagen T, Noordzij ML. Health empowerment through activity trackers: an empirical smart wristband study.
Comput Human Behav 2016 Sep;62:364-374. [doi: 10.1016/j.chb.2016.03.065]
Poirier J, Bennett WL, Jerome GJ, Shah NG, Lazo M, Yeh H, et al. Effectiveness of an activity tracker- and internet-based
adaptive walking program for adults: a randomized controlled trial. J Med Internet Res 2016;18(2):e34 [FREE Full text]
[doi: 10.2196/jmir.5295] [Medline: 26860434]
Lee VR. What's Happening in the " Quantified Self " Movement? In: ICLS 2014 Proceedings. 2014 Presented at: International
Conference of the Learning Sciences; June 23-27, 2014; Boulder, Colorado p. 1032-1036. [doi: 10.13140/2.1.1132.1126]
Kersten-van Dijk ET, Westerink JH, Beute F, IJsselsteijn WA. Personal informatics, self-insight, and behavior change: a
critical review of current literature. Hum Comput Interact 2017 Jan 19;32(5-6):268-296. [doi:
10.1080/07370024.2016.1276456]

https://mhealth.jmir.org/2019/2/e10820/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10820 | p.484
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.
28.
29.

30.

31.
32.

Wu et al

Hartman SJ, Nelson SH, Weiner LS. Patterns of Fitbit use and activity levels throughout a physical activity intervention:
exploratory analysis from a randomized controlled trial. JMIR Mhealth Uhealth 2018 Feb 5;6(2):e29 [FREE Full text] [doi:
10.2196/mhealth.8503] [Medline: 29402761]
Valle CG, Deal AM, Tate DF. Preventing weight gain in African American breast cancer survivors using smart scales and
activity trackers: a randomized controlled pilot study. J Cancer Surviv 2017 Feb;11(1):133-148. [doi:
10.1007/s11764-016-0571-2] [Medline: 27631874]
Lloyd GR, Oza S, Kozey-Keadle S, Pellegrini CA, Conroy DE, Penedo FJ, et al. Breast cancer survivors' beliefs and
preferences regarding technology-supported sedentary behavior reduction interventions. AIMS Public Health
2016;3(3):592-614 [FREE Full text] [doi: 10.3934/publichealth.2016.3.592] [Medline: 29057279]
Nguyen NH, Hadgraft NT, Moore MM, Rosenberg DE, Lynch C, Reeves MM, et al. A qualitative evaluation of breast
cancer survivors' acceptance of and preferences for consumer wearable technology activity trackers. Support Care Cancer
2017 Dec;25(11):3375-3384. [doi: 10.1007/s00520-017-3756-y] [Medline: 28540402]
Rosenberg D, Kadokura E, Bouldin E, Miyawaki C, Higano C, Hartzler A. Acceptability of Fitbit for physical activity
tracking within clinical care among men with prostate cancer. 2016 Presented at: AMIA Annual Symposium; November
12-16, 2016; Chicago p. 1050-1059.
Gal R, Monninkhof EM, Groenwold RH, van Gils CH, van den Bongard DH, Peeters PH, et al. The effects of exercise on
the quality of life of patients with breast cancer (the UMBRELLA Fit study): study protocol for a randomized controlled
trial. Trials 2017 Oct 27;18(1):504 [FREE Full text] [doi: 10.1186/s13063-017-2252-5] [Medline: 29078800]
Ferguson S, Davis D, Browne J, Taylor J. Examining the validity and reliability of Antonovsky's sense of coherence scale
in a population of pregnant Australian women. Eval Health Prof 2015 Jun;38(2):280-289. [doi: 10.1177/0163278715578558]
[Medline: 25825376]
Gomersall SR, Ng N, Burton NW, Pavey TG, Gilson ND, Brown WJ. Estimating physical activity and sedentary behavior
in a free-living context: a pragmatic comparison of consumer-based activity trackers and actigraph accelerometry. J Med
Internet Res 2016 Sep 7;18(9):e239 [FREE Full text] [doi: 10.2196/jmir.5531] [Medline: 27604226]
Kooiman TJ, Dontje ML, Sprenger SR, Krijnen WP, van der Schans CP, de Groot M. Reliability and validity of ten consumer
activity trackers. BMC Sports Sci Med Rehabil 2015;7:24 [FREE Full text] [doi: 10.1186/s13102-015-0018-5] [Medline:
26464801]
Braun V, Clarke V. Using thematic analysis in psychology. Qual Res Psychol 2006 Jan;3(2):77-101. [doi:
10.1191/1478088706qp063oa]
Wendel-Vos G, Schuit AJ, Saris WH, Kromhout D. Reproducibility and relative validity of the short questionnaire to assess
health-enhancing physical activity. J Clin Epidemiol 2003 Dec;56(12):1163-1169. [doi: 10.1016/S0895-4356(03)00220-8]
[Medline: 14680666]
Crowgey T, Peters KB, Hornsby WE, Lane A, McSherry F, Herndon JE, et al. Relationship between exercise behavior,
cardiorespiratory fitness, and cognitive function in early breast cancer patients treated with doxorubicin-containing
chemotherapy: a pilot study. Appl Physiol Nutr Metab 2014 Jun;39(6):724-729 [FREE Full text] [doi:
10.1139/apnm-2013-0380] [Medline: 24869976]
Gal R, May AM, van Overmeeren EJ, Simons M, Monninkhof EM. The effect of physical activity interventions comprising
wearables and smartphone applications on physical activity: a systematic review and meta-analysis. Sports Med Open 2018
Sep 03;4(1):42 [FREE Full text] [doi: 10.1186/s40798-018-0157-9] [Medline: 30178072]
Wang Q, Egelandsdal B, Amdam GV, Almli VL, Oostindjer M. Diet and physical activity apps: perceived effectiveness
by app users. JMIR Mhealth Uhealth 2016;4(2):e33 [FREE Full text] [doi: 10.2196/mhealth.5114] [Medline: 27056639]
Owen N, Sugiyama T, Eakin EE, Gardiner PA, Tremblay MS, Sallis JF. Adults' sedentary behavior determinants and
interventions. Am J Prev Med 2011 Aug;41(2):189-196. [doi: 10.1016/j.amepre.2011.05.013] [Medline: 21767727]
Glasgow RE, Eakin EG, Fisher EB, Bacak SJ, Brownson RC. Physician advice and support for physical activity: results
from a national survey. Am J Prev Med 2001 Oct;21(3):189-196. [doi: 10.1016/s0749-3797(01)00350-6] [Medline:
11567839]
Phillips SM, Conroy DE, Keadle SK, Pellegrini CA, Lloyd GR, Penedo FJ, et al. Breast cancer survivors' preferences for
technology-supported exercise interventions. Support Care Cancer 2017 Dec;25(10):3243-3252 [FREE Full text] [doi:
10.1007/s00520-017-3735-3] [Medline: 28470368]
Kersten-van Dijk ET, IJsselsteijn W. Design beyond the numbersharing, comparing, storytelling and the need for a Quantified
Us. Int Des Archit J 2016;2016(29):121-135.
CBS [Centraal Bureau voor de Statistiek] StatLine. [People mobility in the Netherlands; personal characteristics and modes
of transport, region]. Netherlands: CBS StatLine URL: https://opendata.cbs.nl/statline/#/CBS/nl/dataset/83499ned/
table?dl=111E1

Abbreviations
SQUASH: Short QUestionnaire to ASsess Health-enhancing physical activity
UMCU: University Medical Center Utrecht
https://mhealth.jmir.org/2019/2/e10820/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10820 | p.485
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Wu et al

VO2peak: peak oxygen uptake

Edited by G Eysenbach; submitted 20.04.18; peer-reviewed by G Jerome, B Arnoldussen, B Lynch; comments to author 07.08.18;
revised version received 11.11.18; accepted 11.11.18; published 21.02.19.
Please cite as:
Wu HS, Gal R, van Sleeuwen NC, Brombacher AC, IJsselsteijn WA, May AM, Monninkhof EM
Breast Cancer Survivors’ Experiences With an Activity Tracker Integrated Into a Supervised Exercise Program: Qualitative Study
JMIR Mhealth Uhealth 2019;7(2):e10820
URL: https://mhealth.jmir.org/2019/2/e10820/
doi:10.2196/10820
PMID:30789349

©Hoi San Wu, Roxanne Gal, Niek C van Sleeuwen, Aarnout C Brombacher, Wijnand A IJsselsteijn, Anne M May, Evelyn M
Monninkhof. Originally published in JMIR Mhealth and Uhealth (http://mhealth.jmir.org), 21.02.2019. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR
mhealth and uhealth, is properly cited. The complete bibliographic information, a link to the original publication on
http://mhealth.jmir.org/, as well as this copyright and license information must be included.

https://mhealth.jmir.org/2019/2/e10820/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e10820 | p.486
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Wang et al

Corrigenda and Addenda

Multimedia Appendix Correction: mHealth Supportive Care
Intervention for Parents of Children With Acute Lymphoblastic
Leukemia: Quasi-Experimental Pre- and Postdesign Study
Jingting Wang1, PhD; Doris Howell2,3, PhD; Nanping Shen4, PhD; Zhaohui Geng1, PhD; Fulei Wu1, PhD; Min Shen5,
BA; Xiaoyan Zhang6, BA; Anwei Xie7, MSc; Lin Wang8, PhD; Changrong Yuan9, PhD, FAAN
1

School of Nursing, Second Military Medical University, Shanghai, China

2

Department of Supportive Care, Princess Margaret Cancer Center, Toronto, ON, Canada

3

Faculty of Nursing, University of Toronto, Toronto, ON, Canada

4

Department of Nursing, Shanghai Children’s Medical Center, Shanghai, China

5

Department of Hematology, Children’s Hospital of Soochow University, Suzhou, China

6

Department of Hematology and Oncology, Shanghai Children’s Medical Center, Shanghai, China

7

Department of Infectious Disease, Children’s Hospital of Soochow University, Suzhou, China

8

United States Census Bureau, Washington, DC, United States

9

School of Nursing, Fudan University, Shanghai, China

Corresponding Author:
Changrong Yuan, PhD, FAAN
School of Nursing
Fudan University
Room 403, Building 8
305 Fenglin Road
Shanghai, 200032
China
Phone: 86 02164431803
Fax: 86 02164431803
Email: yuancr@fudan.edu.cn
Related Article:
Correction of: http://mhealth.jmir.org/2018/11/e195/
(JMIR Mhealth Uhealth 2019;7(2):e13159) doi:10.2196/13159
The authors of mHealth Supportive Care Intervention for Parents
of Children With Acute Lymphoblastic Leukemia:
Quasi-Experimental Pre- and Postdesign Study (JMIR Mhealth
Uhealth 2018;6(11):e195) noticed problems with all three
Multimedia Appendices which were published alongside the
article as supplementary files. The link for Multimedia Appendix
1 was broken and would not allow the file to be downloaded,
while the contents of Multimedia Appendices 2 and 3 were
incorrect. All three Multimedia Appendices have been replaced

with the appropriate files and the links have been confirmed as
functional.
The correction will appear in the online version of the paper on
the JMIR website on February 20, 2019, together with the
publication of this correction notice. Because this was made
after submission to PubMed, PubMed Central, and other full-text
repositories, the corrected article also has been resubmitted to
those repositories.

Multimedia Appendix 1
Participants’ baseline sociodemographic characteristics stratified by the study group.
[PDF File (Adobe PDF File), 134KB - mhealth_v7i2e13159_app1.pdf ]

http://mhealth.jmir.org/2019/2/e13159/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e13159 | p.487
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Wang et al

Multimedia Appendix 2
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Abstract
Background: People aging with HIV are living with increased risk for functional decline compared with uninfected adults of
the same age. Early preclinical changes in biomarkers in middle-aged individuals at risk for mobility and functional decline are
needed.
Objective: This pilot study aims to compare measures of free-living activity with lab-based measures. In addition, we aim to
examine differences in the activity level and patterns by HIV status.
Methods: Forty-six men (23 HIV+, 23 HIV−) currently in the MATCH (Muscle and Aging Treated Chronic HIV) cohort study
wore a consumer-grade wristband accelerometer continuously for 3 weeks. We used free-living activity to calculate the gait speed
and time spent at different activity intensities. Accelerometer data were compared with lab-based gait speed using the 6-minute
walk test (6-MWT). Plasma biomarkers were measured and biobehavioral questionnaires were administered.
Results: HIV+ men more often lived alone (P=.02), reported more pain (P=.02), and fatigue (P=.048). In addition, HIV+ men
had lower blood CD4/CD8 ratios (P<.001) and higher Veterans Aging Cohort Study Index scores (P=.04) and T-cell activation
(P<.001) but did not differ in levels of inflammation (P=.30) or testosterone (P=.83). For all participants, accelerometer-based
gait speed was significantly lower than the lab-based 6-MWT gait speed (P<.001). Moreover, accelerometer-based gait speed
was significantly lower in HIV+ participants (P=.04) despite the absence of differences in the lab-based 6-MWT (P=.39). HIV+
participants spent more time in the lowest quartile of activity compared with uninfected (P=.01), who spent more time in the
middle quartiles of activity (P=.02).
Conclusions: Accelerometer-based assessment of gait speed and activity patterns are lower for asymptomatic men living with
HIV compared with uninfected controls and may be useful as preclinical digital biomarkers that precede differences captured in
lab-based measures.
(JMIR Mhealth Uhealth 2019;7(2):e11190) doi:10.2196/11190
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aging; digital biomarker; gait speed; HIV
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Introduction
Survival for people aging with HIV (PAWH) is now
approaching the lifespan of uninfected individuals, in part,
owing to the success of effective antiretroviral therapy [1]. In
developed countries, more than half of the PAWH are over 50
years old and may be at greater risk for age-related
comorbidities, including a decline in functional capacity [2].
Why these age-related comorbidities more often occur at
younger ages in PAWH compared with uninfected (HIV−)
individuals is presently unclear [3].
The functional decline in PAWH increases their risk for
premature frailty and early mortality [4,5]. In multiple studies,
slower walking speed has been consistently associated with a
decline in mobility and performance of activities of daily living
[6-8], and faster decline in walking speed is associated with
increased mortality [9]. An emerging challenge is that while
current assessments of functional capacity and mobility
limitations in PAWH aged <65 years have been effective in
identifying impairment [5,10], these assessment tools were
historically developed in the context of geriatric population
studies of adults aged >65 years [7] and may not always be
suitable for assessing middle-aged individuals without overt
mobility limitations [11]. Therefore, there is an unmet need for
additional diagnostic tools sensitive to preclinical risk factors
for the functional decline that occurs in middle-aged (ie, 50-65
years) persons [12]. One such tool might be physical activity
monitoring. People living with HIV tend to be sedentary and
less fit [13,14]. In this study, we posited that the objective
assessment of habitual physical activity might provide a more
sensitive way to identify preclinical changes in middle-aged
HIV+ men.
Wearable accelerometers are now frequently used in research
studies to measure free-living physical activity and are useful
in providing an objective measurement of low-intensity activity
[15,16]. The use of accelerometry in the function assessment
of PAWH is limited [17-21]. The use of consumer-grade
accelerometers has become cost-effective [22]. Although
technical and methodological limits remain [16,22], many
consumer-grade accelerometers display strong validity when
compared with lab-based measurements and research-grade
accelerometers [23,24].
This study included participants in the MATCH (Muscle and
Aging in Treated Chronic HIV) cohort of middle-aged men and
women living with HIV and uninfected control participants of
similar age [25]. Overall, HIV+ participants in the MATCH
cohort are relatively healthy but displayed increased levels of
inflammation and immune activation compared with their
uninfected counterparts and displayed modest but significant
subclinical deficits in lab-based physical function [25]. However,
when men and women were analyzed separately, we noticed
that performance in the lab-based 6-minute walk test (6-MWT)
in men did not reach significance despite reporting greater
fatigue [25]. We hypothesized that measuring physical activity
in daily life using consumer-grade accelerometers might provide
additional information, potentially detecting subclinical deficits
that do not as yet reach significance in the lab-based assessment
http://mhealth.jmir.org/2019/2/e11190/
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of gait speed. Therefore, this pilot study aims to measure and
compare walking speed and activity patterns between HIV+
and HIV− men in the MATCH cohort using a consumer-grade
accelerometer. Accelerometer data were used to measure steps
taken per minute and to estimate the gait speed and classify
patterns of activity.

Methods
Study Population
Participants in this study (MPACT: MATCH Physical ACtivity
Tracker) consisted of HIV+ and HIV− men aged 50-65 years
who were enrolled in the MATCH study [25] and who consented
to this study. The MATCH cohort is a longitudinal observational
study of middle-aged people living with HIV on effective ART,
along with age-matched uninfected controls, all living in the
Boston metropolitan area in Massachusetts [25]. At the first
visit, the study protocol and procedures were explained and
consent obtained. After consent, demographic information was
collected, and questionnaires were administered to assess
health-related quality of life (HRQoL; Patient Reported Outcome
Measurements Information System [PROMIS-29]), disability
(Pepper Assessment Tool for Disability [PAT-D]), and
depression (Center for Epidemiological Studies Depression
[CES-D]). All study procedures were approved by the Partners
Human Research Committee institutional review board.

Questionnaires
Patient Reported Outcome Measurements Information
System-29
PROMIS-29 assesses general HRQoL on 7 dimensions,
including depression, anxiety, physical function, pain, fatigue,
sleep, and social engagement with each of the 7 domains having
4 questions and a single question assessing pain intensity [26].
For example, in the pain domain, a sample question is, “How
much did pain interfere with your day to day activities?”
Responses include a range of 5 choices (eg, not at all, very
much). The pain intensity is assessed by, In the past 7 days,
how would you rate your pain on average? Responses range
from 0 “No pain” to 10 “Worst imaginable pain.” Scores are
negatively associated with HRQoL.

Pepper Assessment Tool for Disability
The PAT-D is a 19-item questionnaire used to assess whether
functional limitations impact disability across 3
domains—mobility, activities of daily living, and instrumental
activities of daily living [27]. Responses are recorded on a
5-point Likert scale. An example question is, “How much
difficulty walking one block?” Responses include a range of 7
choices (eg, no difficulty, a lot of difficulty).

Center for Epidemiological Studies Depression
The CES-D scale measures clinical depression [28] and uses a
20-item score to assess clinically significant depression [29].
An example question is, “How often over the past week were
you depressed?” Responses include a range of 4 choices (eg,
rarely, most or all the time).
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Functional Assessment of Chronic Illness
Therapy-Fatigue
Fatigue was assessed using the 13-item Functional Assessment
of Chronic Illness Therapy-Fatigue (FACIT-F) subscale [30].
An example question is, “How often do you feel fatigued?”
Responses include a range of 5 choices (eg, not at all, very
much).

Veterans Aging Cohort Study Index Score and
Biomarkers
The Veterans Aging Cohort Study Index calculation includes
age, CD4 (cluster of differentiation 4 T cells), HIV RNA, Hb,
creatinine, FIB-4, and HCV [31,32]. Blood biomarkers (CD4
T-cell count, CD4/CD8 T-cell ratio), an inflammatory composite
score of circulating biomarkers for inflammation (ie, sCD163,
sCD14, C-reactive protein, and interleukin-6 expression) and
a T-cell immune activation composite score (ie, CD8, CD38,
and HLA-DR expression) were evaluated in this study sample
similar to what is described for the larger cohort [25]. Total
testosterone (TT) and serum hormone-binding globulin (SHBG)
were measured in the Brigham Research Assay Core facility
using liquid chromatographic-tandem mass spectrometry
(LC-MS/MS). SHBG was measured using radioimmunoassay.
Free testosterone (FT) was calculated from TT and SHBG [33].

Accelerometer Data Collection and Measures
The accelerometer used in this study was the Withings Pulse
Ox, a consumer-grade triaxial accelerometer with published
validity for step counts when compared with research-grade
accelerometers [23,24]. Participants were instructed to wear the
accelerometer on their nondominant wrist 24 hours per day, 7
days per week for 3 consecutive weeks. Each individual in this
study returned to the study center weekly for study personnel
to recharge the Pulse Ox battery and upload data using a
randomly assigned and anonymous study account. Data were
collected in 1-minute intervals when any step activity was
detected by the accelerometer, including low-intensity levels
of activity that are not typically analyzed or accessible using
consumer-grade trackers. In 13 cases, the tracker was lost or
malfunctioned during the study period and was replaced to
continue with one additional week of data collection. In 10
cases, data were collected for <3 weeks, primarily because of
participants failure to wear the device. In total, 3 weeks of data
were collected from 36 participants, 2 weeks from 6 participants,
and 1 week of data from 4 participants.
In addition to step counts, accelerometer data were used to
calculate gait speed, metabolic equivalents (METs), and relative
activity intensity based on each participant’s activity distribution
throughout the day. The mean gait speed in meters/second was
based on the number of steps per minute and a formula using
participant’s height in meters: (steps×height×0.414)/60) [34].
METs were calculated using a formula developed by Withings:
1+1/2×speed (km/h)+0.086×speed (km/h)×slope (in %) (Eva
Roitmann, Withings, email communication; March 10, 2017
and March 28, 2018).
The standardized 6-MWT [11] was administered at the study
site by the same trained and experienced exercise physiologist
as in this study. A comparison test was conducted between both
http://mhealth.jmir.org/2019/2/e11190/
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measures, in which participants wore an activity tracker (Pulse
Ox) to determine the gait speed using the formula indicated
above. The simultaneous measurement of gait speed using the
lab-based assessment 6-MWT [calculated by the distance walked
(m) in 6 minutes] and accelerometry indicated that the gait speed
differed on average by <2%, similar to results in prior studies
([23,24] and Multimedia Appendix 1).
Accelerometer-derived patterns of physical activity were defined
as the percent of the time a participant spends at one of 3 levels
(ie, low, moderate, or intense) of their maximum observed
intensity or gait speed. Two measures were created, a weekly
measure using the relative maximum intensity observed for
each participant during each week, and a summary measure that
used the maximum observed intensity for a participant across
3 weeks of activity. The total activity for each individual was
divided into 3 groups, with low activity defined as the lowest
quartile (ie, 0%-25%, Q1), moderate activity as the middle 2
quartiles (ie, 25%-75%, Q2+Q3), and vigorous (intense) activity
as the highest quartile (ie, 75%, Q4) for each participant.

Statistical Analysis
Continuous and categorical variables were expressed as means
(SD) or percentages. Differences in demographics, plasma
biomarkers, and self-reported measures between HIV+ and
HIV− men were analyzed by logistic regression and Student’s
t tests. Differences by HIV status in accelerometer-derived
measures of gait speed, METs, and activity patterns were
hypothesized to be lower in HIV+ men and, therefore, conducted
using a one-sided t test. One-sided t tests were used to analyze
differences between groups (HIV+ vs HIV−) in lab-based
physical function assessments of gait speed (6-MWT) and METs
collected within the 16 months prior to this substudy [25].
Whether the HIV status and other markers were predictive of
physical activity (ie, as gait speed assessment in the lab,
free-living gait speed based on activity trackers, and lowest
quartile of activity based on activity trackers) was assessed
using univariate and multivariate linear regression. To evaluate
what factors might be significant predictors of gait speed, the
following variables were evaluated in univariate analysis: body
mass index (BMI), HIV status, testosterone levels, and
CD4/CD8 ratios. Multivariate models were used to examine
BMI and HIV status as independent predictors of activity, and
the significance of these predictors after adjusting for race,
smoking, and living alone. An alpha of <.05 was used to indicate
statistical significance.

Results
Characteristics of Study Participants
Forty-six men participating in the MATCH cohort [25]
consented to participate in this substudy. Tables 1 and 2 present
the characteristics of the study participants. Participants were
aged between 50 and 65 years and included 23 asymptomatic,
generally healthy HIV+ participants on effective antiretroviral
therapy with undetectable viremia (<50 copies/mL) and 23
HIV− (confirmed by HIV serology) participants, all living in
the Boston area. HIV+ participants were more often nonwhite
(P=.001) and more often lived alone (P=.02). We observed no
significant differences in education or working status. BMI and
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smoking behavior approach statistical significance with HIV+
men having a lower BMI compared with HIV− men (P=.05)
and elevated smoking behavior (P=.51). Blood biomarker
profiles indicated that when compared with HIV−, HIV+
participants had significantly reduced CD4/CD8 ratios (P<.001),
higher Veterans Aging Cohort Study scores (P=.04), and
elevated immune activation (P<.001) but did not differ in levels
of inflammation (P=.30), TT (P=.83), FT (P=.72), or SHBG

(P=.29). Biobehavioral questionnaires were administered to
obtain self-reported measures and indicated that when compared
with uninfected HIV− participants, HIV+ participants reported
more fatigue (FACIT-F: P=.048) and pain intensity
(PROMIS-29: P=.02); however, there were no self-reported
differences in alcohol abuse (P=.79), depression (CES-D:
P=.74), or disability (PAT-D: P=.39).

Table 1. The baseline characteristics of the study participants (continuous variables).
Continuous variables

HIV+ (n=23), mean (SD)

HIV− (n=23), mean (SD)

P valuea

Age (years)

58.1 (3.8)

59.2 (4.5)

.38

Body mass index (kg/m2)

26.9 (3.8)

29.9 (5.8)

.05

CD4/CD8 ratio

0.99 (0.65)

2.80 (1.56)

<.001

Veterans Aging Cohort Study Index score

22.39 (8.48)

17.70 (6.49)

.04

Inflammation composite scoreb

1.09 (1.00)

0.78 (0.95)

.30

T-cell immune activation composite scorec

1.43 (1.12)

0.09 (0.29)

<.001

Total testosteroned

2.82 (0.53)

2.78 (0.48)

.83

Free testosteroned

2.58 (0.56)

2.63 (0.43)

.72

Serum hormone-binding globulind

4.00 (0.51)

3.84 (0.53)

.29

Fatigue (Functional Assessment of Chronic Illness Therapy-Fa- 41.91 (9.69)
tigue)

46.61 (5.17)

.048

Pain intensity (Patient Reported Outcome Measurements Infor-

3.22 (2.70)

1.52 (1.75)

.02

1.38 (0.56)

1.26 (0.42)

.39

mation System)e
Disability (Pepper Assessment Tool for Disability)
a

P values were determined by 2-sided t tests.

b

Composite score of sCD163, sCD14, CRP, and interleukin-6 expression.

c

Composite score of CD8, CD38, and HLA-DR expression.

d

Values are natural log-transformed.

e

Scale 0 to 10, in the past 7 days.

Table 2. The baseline characteristics of the study participants (categorical variables).
Categorical variables

HIV+ (n=23), n (%) HIV− (n=23), n (%) P valuea

Odds ratio (95% CI)

White

8 (35)

22 (96)

.001

0.02 (.00-.21)

Living alone

17 (77)b

10 (43)

.02

4.42 (1.21-16.12)

College degree

9 (41)b

13 (57)

.30

0.53 (.16-1.74)

Working

9 (39)

10 (43)

.77

0.84 (.26-2.71)

≥100 cigarettes lifetime

16 (73)b

10 (43)

.05

3.47 (.99-.12.09)

Alcohol abusec

5 (23)b

6 (26)

.79

0.83 (.21-3.26)

Self-reported depression (Center for Epidemiological

7 (30)

6 (26)

.74

1.24 (.34-4.49)

Studies Depression)d
a

P values were determined by logistic regression with HIV status as the outcome.

b

n=22.

c

Defined as ≥3 drinks per day.

d

CES-D score ≥16.
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Physical Function Assessment
Laboratory-based physical function assessment was recently
described in MATCH participants [25], and those data were
used to evaluate the subset of individuals in this study. In the
subset of individuals in this study, no significant differences
were detected between HIV+ and HIV− men in gait speed using
the 6-MWT (P=.39), nor in predicted METs (P=.15; Table 3)
[13]. However, all participants, both HIV+ and HIV−, displayed
a significantly reduced accelerometer-based (aka, free-living
or volitional) gait speed when compared with the lab-based
6-MWT measurements (0.44 [SD 0.13] m/s vs 1.52 [SD 0.27]
m/s; P<.001). Furthermore, HIV+ participants displayed
significantly slower free-living gait speeds (0.41 [SD 0.11] m/s
vs 0.48 [SD 0.14] m/s; P=.04) and METs (1.03 [SD 0.31] vs
1.24 [SD 0.42]; P=.03) compared with HIV− participants under
free-living conditions. The MET difference is equivalent to
about 300 Kcal/day (based on 16 hours of waking time).

Personalized Physical Activity Distribution
To evaluate patterns of daily activity, HIV+ participants were
compared with HIV− participants based on the time spent as a

Hale et al
percentage of the total activity for each participant. As shown
in Figure 1, HIV+ participants spent significantly more of their
time in the lowest quartile of activity compared with HIV−
participants, during both the first week (P=.01) and all 3 weeks
combined (P=.01; Table 3; Figure 1). By contrast, HIV−
participants spent more of their time in the middle quartiles of
activity compared with HIV+ participants, in the first week
(P=.04) and again in all 3 weeks combined (P=.02; Table 3;
Figure 1).
Tables 4 and 5 present the results from linear regression models.
In univariate linear regression analyses, the BMI was the only
significant predictor of lab-based gait speed (P=.04), whereas
HIV status (P=.02), total and FT (P=.04), and the CD4/CD8
ratio (P=.02) were significant predictors of accelerometer-based
metrics. In a multivariate regression model, the BMI and HIV
status were independent predictors of accelerometer but not
lab-based gait speed (Model 1). However, when adjusted for
race, smoking, and living alone in Model 2, only BMI was an
independent predictor of the accelerometer and lab-based gait
speed, likely because of the small sample size of the study.

Table 3. Lab-based and accelerometer-based measurements of physical function and activity patterns.
HIV+ (n=23)

HIV− (n=23)

P valuea

6-minute walk test gait speed (m/s)

1.51 (0.23)

1.53 (0.31)

.39

Predicted metabolic equivalentsb

2.93 (0.30)

3.04 (0.41)

.15

Gait speed (m/s)c

0.41 (0.11)

0.48 (0.14)

.04

Predicted metabolic equivalentsc

1.03 (0.31)

1.24 (0.42)

.03

Week 1: Q1 (Low, %)

67 (12)

58 (11)

.01

Week 1: Q2-Q3 (Moderate, %)

22 (7)

26 (10)

.04

Week 1: Q4 (Intense, %)

11 (9)

15 (11)

.11

Week 1,2,3: Q1 (Low, %)

68 (13)

60 (10)

.01

Week 1,2,3: Q2-Q3 (Moderate, %)

23 (7)

28 (10)

.02

Week 1,2,3: Q4 (Intense, %)

9 (9)

12 (12)

.19

Measurements
Lab-based assessments, mean (SD)

Accelerometer assessments, mean (SD)

Activity patternsd , n (%)

a

P values were determined by one-sided t tests.

a

Adjusted for height.

c

Based on the following formula calculation for gait speed: ([steps×height×0.414]/60) [34]] and METs: 1+1/2×speed (km/h)+0.086×speed (km/h) ×slope
(in %).
d

Percent time spent in lowest (Q1), moderate (Q2-Q3), intense (Q4) quartiles of activity, as assessed using the maximum intensity from each week or
from the overall period (21 days).
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Figure 1. Comparison of free-living activity patterns between men living with HIV (HIV+) and uninfected men (HIV–), represented as mean percent
time spent at different activity levels.

Table 4. Univariate linear regression models for activity outcomes.
Predictorsa

a

Lab-based outcomes

Accelerometer-based outcomes

Gait speed

Gait speed

Low activity

Coefficient (95% CI)

P value

Coefficient (95% CI)

P value

Coefficient (95% CI)

P value

HIV status

−0.01 (−0.11 to 0.10)

.91

−0.15 (−0.34 to 0.03)

.10

0.16 (0.02 to 0.29)

.02

Body mass index

−0.32 (−0.63 to −0.02)

.04

−0.44 (−0.98 to 0.097)

.11

−0.06 (−0.50 to 0.38)

.78

Total testosterone

0.06 (−0.05 to 0.18)

.26

0.21 (0.02 to 0.40)

.04

−0.02 (−0.19 to 0.14)

.77

Free testosterone

0.05 (−0.06 to 0.17)

.34

0.21 (0.01 to 0.40)

.04

−0.05 (−0.22 to 0.13)

.60

CD4/CD8 ratio

0.01 (−0.06 to 0.08)

.81

0.09 (−0.03 to 0.20)

.14

−0.10 (−0.18 to −0.02)

.02

All variables were natural log-transformed before analysis.
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Table 5. Multivariate linear regression models for activity outcomes.
Predictorsa

Lab-based outcomes

Accelerometer-based outcomes

Gait speed

Gait speed

Low activity

Coefficient (95% CI)

P value

Coefficient (95% CI)

P value

Coefficient (95% CI)

P value

HIV status

0.04 (−0.15 to 0.07)

.47

−0.20 (−0.39 to −0.02)

.03

−0.15 (0.01 to 0.29)

.04

Body mass index

−0.35 (−0.67 to −0.36)

.03

−0.59 (−1.13 to −0.06)

.03

0.01 (−0.41 to 0.43)

.96

HIV statusb

0.12 (−0.17 to 0.26)

.08

−0.10 (−0.37 to 0.16)

.44

0.14 (−0.06 to 0.33)

.17

Body mass index

−0.32 (−0.61 to −0.02)

.04

−0.65 (−1.22 to −0.07)

.03

0.02 (−0.06 to 0.33)

.94

Model 1

Model 2b

a

All variables were natural log-transformed before analysis.

b

Adjusted for race (ie, white), smoking, and living alone.

Discussion
Principal Findings
An emerging challenge in managing PAWH is identifying
preclinical sentinel biomarkers to identify changes in the risk
for functional decline [35,36]. While consistently associated
with adverse health outcomes [6-8], historically, physical
function assessments, such as slow walking speed, were
designed and validated in older geriatric uninfected populations
[7] and may be less sensitive to preclinical features of functional
decline in healthier middle-aged individuals. There is, therefore,
a need for additional tools for preclinical detection of decline
in mobility to prevent the development of disability later in life
[12].
In our previously published study of middle-aged HIV+ and
HIV− men and women, we observed modest but significant
deficits in gait speed, predicted METs, and lab-based stair climb
power in HIV+ compared with HIV− men and women [25].
However, when men from that study were analyzed as a subset,
despite significantly reduced METs and trend deficits in stair
climb power, the differences in gait speed, though lower on
average did not reach significance, raising the speculation in
this study that lab-based assessment may not fully capture
subclinical deficits in mobility emerging in this population. The
gait speed obtained during the 6-MWT done under standardized,
lab-based conditions did not differentiate performance between
HIV+ and HIV− individuals and were not different from
published reference values for healthy men of the same age as
those in this study [37]. The short duration and controlled
conditions under which the 6-MWT is performed may result in
faster gait speeds that may not be representative of average and
variable daily physical activity and, possibly because of the
current reserve capacity of participants, may allow them to
compensate for this short-duration assessment [38,39]. In
contrast, our measures of physical activity through
accelerometry were able to differentiate between groups (P=.04),
suggesting that this might be a useful preclinical measure of
average daily physical activity in this population. As the habitual
level of physical activity is associated with physical performance
ability (greater physical activity, better physical function),
monitoring physical activity may provide a useful marker for
http://mhealth.jmir.org/2019/2/e11190/
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identifying preclinical signs of functional decline. The reduced
volitional activity observed in this study may reflect diminished
physiological energy reserve prior to overt signs of functional
deficit.
Prior studies have evaluated PAWH with more advanced
inflammation and functional deficits than the current status of
participants in this study [5,10]. While HIV+ participants in
this study did not differ in a composite score for inflammation
(Table 1), they did have elevated levels of the monocyte
activation marker sCD163 (data not shown) and did display
higher levels of an immune activation composite score and a
lower CD4/CD8 ratio, collectively signaling increased risk for
multiple comorbid conditions [40], including functional
impairment [41]. HIV+ participants reported more pain and
increased fatigue (Table 1), consistent with a recent study that
showed that pain and exhaustion were predictors of falls in
middle-aged HIV+ adults and that functional impairment was
associated with elevated immune activation as well as
inflammation [4,41].
Conditions, such as depression and pain, which often are
identified in PAWH, are known to be associated with the
development of frailty [42]. This study shows that men living
with HIV were less active than uninfected men when assessed
by accelerometers and were also more likely to live alone and
experience chronic pain. Social isolation (in this study measured
as living alone; Table 1) results in a reduced social network of
support and can be a barrier to physical activity that may
accelerate the risk for functional decline. Moreover, smoking,
common among individuals with HIV [43] may disincentivize
activity and exercise because of its negative impact on
cardiovascular and pulmonary health [44]. Such modifiable
social and behavioral risk factors will need to be further
investigated to develop preclinical intervention strategies to
prevent disability later in life. Physical activity is an efficacious
strategy for the prevention of many chronic conditions, including
metabolic, cardiovascular, pulmonary, and musculoskeletal
[45], and found to be beneficial for people living with HIV
[46-49]. Therefore, a better assessment of activity can improve
intervention and monitoring strategies.
A novel aspect of this study was to develop person-specific
activity profiles enabled by accelerometry monitoring; this
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 2 | e11190 | p.495
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approach may provide individuals with a reference activity
pattern that can be used to capture longitudinal changes that
signal the development of declines in their reserve that is not
yet clinically apparent [50]. Notably, in univariate regression
analysis, lab-based gait speed was sensitive to BMI as a
predictor, whereas accelerometer-based metrics were sensitive
to HIV status, testosterone levels, and CD4/CD8 ratios as
predictors (Tables 4 and 5). Despite the small sample size, in a
multivariate regression model, BMI and HIV status were
independent predictors of accelerometer but not lab-based gait
speed (Table 4). However, when adjusted for race, smoking,
and living alone, only BMI was an independent predictor of the
accelerometer and lab-based gait speed (Table 4), likely because
of the small sample size of the study. Collectively, these data
suggest that accelerometer- and lab-based physical activity may
be linked to physiological conditions that underlie physical
activity and may be useful in stratifying individuals into risk
groups for future functional limitations.

Limitations
This study has multiple limitations. The sample size is small
and will need confirmation in a larger study. Also, laboratory
assessments were performed an average of 16 months prior to
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activity tracker data collection. However, participants in this
study are clinically stable, with an overall accelerometry-based
gait speed (0.44 m/s) similar to gait speeds in an independent
study sample of over 800 men (0.46 m/s) using Withings
trackers in the same age range and sampled randomly across
the East Coast (Multimedia Appendix 2). Additional limitations
include potential differences in activity because of seasonal
variation, physical autonomy, and access to urban greenspaces
[51].

Conclusions
In summary, this study identifies a significantly reduced gait
speed and activity pattern in otherwise asymptomatic
middle-aged men living with HIV compared with those without
HIV, in the absence of detectable differences in physical
performance assessed in a laboratory setting. HIV+ participants
reported more fatigue and pain, which when coupled with the
observed reduced activity may signal a state of preclinical risk
for functional decline. Free-living accelerometry may provide
a useful biometric tool for monitoring the efficacy of future
interventions focused on reducing decline in the physical
function in PAWH.
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