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Abstract

Background: Physical inactivity is a preventable risk factor for several chronic diseases and one of the driving forces behind
the growing global burden of disease. Recent evidence has shown that interventions using mobile smartphone apps can promote
a significant increase in physical activity (PA) levels. However, the accuracy and reliability of using apps is unknown.

Objective: The aim of our review was to determine the accuracy and reliability of using mobile apps to measure PA levels in
young people. We conducted a systematic review guided by PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses).

Methods: Studies published from 2007 to 2020 were sourced from 8 databases—Ovid MEDLINE, Embase (Elsevier), Cochrane
Library (Wiley), PsychINFO (EBSCOhost), CINAHL (EBSCOhost), Web of Science (Clarivate), SPORTDiscus (EBSCOhost),
and IEEE Xplore Digital Library database. Studies were conducted in young people aged 10-24 years and without chronic illnesses,
who evaluated a mobile app’s ability to measure PA. Primary outcomes included validity, reliability, and responsiveness of the
measurement approach. Duplicate screening was conducted for eligibility, data extraction, and assessing the risk of bias. Results
were reported as a systematic review. The main physical activity measures evaluated for each study were the following: total PA
time (min/day or min/week), total moderate to vigorous PA per week, daily step count, intensity measure (heart rate), and frequency
measure (days per week).

Results: Of the 149 identified studies, 5 met the inclusion criteria (322 participants, 176 female; mean age 14, SD 3 years). A
total of 3 studies measured criterion validity and compared PA measured via apps against PA measured via an Actigraph
accelerometer. The 2 studies that reported on construct validity identified a significant difference between self-reported PA and
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the objective measure. Only 1 of the 5 apps examined was available to the public, and although this app was highly accepted by
young people, the app recorded PA to be significantly different to participants’ self-reported PA.

Conclusions: Overall, few studies assess the reliability, validity, and responsiveness of mobile apps to measure PA in healthy
young people, with studies typically only reporting on one measurement property. Of the 3 studies that measured validity, all
concluded that mobile phones were acceptable and valid tools. More research is needed into the validity and reliability of
smartphone apps to measure PA levels in this population as well as in populations with other characteristics, including other age
groups and those with chronic diseases.

Trial Registration: PROSPERO CRD42019122242; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=122242

(JMIR Mhealth Uhealth 2022;10(10):e39085)   doi:10.2196/39085

KEYWORDS

smartphone; mobile phone; mHealth; prevention; risk; physical activity; sedentary behavior; young people

Introduction

Physical inactivity is a preventable risk factor for several chronic
diseases and one of the driving forces behind the growing global
burden of disease [1,2]. Physical inactivity and excessive
sedentary behavior are increasing, especially in young people.
A review of Australia’s health published in 2018 showed that
92% of young people aged 13-17 years did not meet the physical
activity (PA) guidelines of 60 minutes of moderate to vigorous
intensity PA each day [1]. Similar global trends have also been
reported [2-4]. In addition, independent of PA, total sitting time
and TV viewing time are also associated with greater risk for
several major chronic disease outcomes [5]. However, data from
Australia’s health 2018 indicate that only 20% of young people
meet the sedentary screen-based behavior guideline [1]. Recent
cross-sectional and large population-based cohort studies
published by the authors of this paper [6-8] (sample sizes of
3826, 6640, and 231,048 participants) indicated that, on average,
85.9% and 77.7 % of Australian adolescents engage in too much
recreational screen time and do not meet the PA guidelines,
respectively [6-8].

Recent evidence has shown that interventions using mobile
smartphone apps or activity trackers can promote a significant
increase in PA levels [9]. Smartphone apps can track PA and
enable continuous self-monitoring and feedback on PA through
heart rate, step counts, and exercise type, duration, and intensity.
Other benefits of using smartphones for PA tracking are high
rates of smartphone ownership in young people, widespread
use of smartphone tools to track PA, tools being less burdensome
than traditional measures (eg, standalone step counter, heart
rate monitor, or pen and paper), and ability to be used in remote
locations.

If step counts and exercise duration and intensity are to be
effectively used as reference values for achieving recommended
PA levels, we need to ensure that the tools we are using to
measure activity are accurate for the population in which we
are measuring them. The Lancet PA Series Working Group’s
[10] current recommendation for continued improvement in
monitoring PA to help guide policies to increase activity levels
further highlights the need for accuracy and reliability of PA
monitors via smartphone technology, which has developed
significantly over the past decade. Previous research has
assessed the accuracy of PA data measured by smartphones to

influence PA [11]. However, to our knowledge, there is no
systematic review of the literature with respect to the validity
and reliability of using smartphones to quantify PA levels.

The promotion of PA, and tools available to monitor it, has
emerged as an important area of research that has drawn
increasing interest from researchers and health professionals in
a variety of fields. The growing availability of inexpensive parts
and equipment has led to the development of mobile devices
such as smartphones, providing platforms for new opportunities
in health care and the promotion of PA. Accelerometers have
emerged as the most useful and extensive tool to capture and
assess human physical activities in a continuous, unobtrusive,
and reliable manner, but they are expensive and not practical
in all settings. Recent evidence [9] has shown that using apps
or PA trackers is effective at promoting PA; however, if PA
recommendations for optimal health are based on minutes per
week and at least 60 minutes per day for young people, we need
to ensure that these measures are accurate and reliable.

The primary aim of this review was to assess the accuracy and
reliability of using smartphones to measure PA levels in young
people aged 10-24 years. This sample was chosen to avoid issues
regarding generalizability and to enable a clearer understanding
on the reliability of these measures to be established first (ie,
by focusing on healthy young people with less variability caused
by ageing, comorbidities, and health history); it was also chosen
because of behavioral differences in populations (eg, smartphone
use in younger compared to older adults).

The specific objectives of this review were to (1) identify and
describe the ways in which PA has been measured using
smartphones in young people; (2) describe and critically evaluate
the available evidence on the measurement properties and
feasibility of these measurement processes; and (3) provide
recommendations on the most suitable and effective ways of
measuring PA.

Methods

This review was conducted according to a published protocol
[12] and in line with the 2020 PRISMA (Preferred Reporting
Items for Systematic Review and Meta-Analysis) reporting
guidelines [13]. This review forms part of a larger review that
has been registered with the International Register of Systematic
Reviews in PROSPERO (CRD42019122242) [12,14]. This
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larger review aimed to examine the measurement properties of
smartphone approaches to assess 6 key health behaviors (ie,
PA, sedentary activity, sleep, diet, alcohol use, and tobacco use,
also known as the ‘big six’) that are recognized risk factors
related to the development of chronic diseases [15]. However,
studies identified for inclusion were heterogeneous, recruiting
different populations and using different measurement methods
across various health behaviors. Therefore, only those studies
that examined PA, specifically in healthy young people, were
included in this review. Findings regarding alcohol use, tobacco
use, and diet are described in Thornton et al [12,14]. Methods
for this review continued to follow those outlined in Thornton
et al [14], with any differences in methods presented in the
following sections. Only articles published between 2007 to
2022 were searched because smartphones with large
touchscreens (ie, where users input directly using their finger)
were not available before.

Search Strategy and Selection Criteria
A research librarian searched 8 web-based databases—Ovid
MEDLINE, Embase (Elsevier), Cochrane Library (Wiley),
PsychINFO (EBSCOhost), CINAHL (EBSCOHost), Web of
Science (Clarivate), SPORTDiscus (EBSCOhost), and IEEE
Xplore Digital Library database—as per the search strategy
published in previous studies [12,14], using particular search
terms (Table S1 in Multimedia Appendix 1). For inclusion in
the current review, studies were required to describe a
smartphone-based approach to assess PA in healthy young

people and to report on at least one measurement property of
this approach identified in the Consensus-Based Standards for
the Selection of Health Measurement Instruments (COSMIN)
taxonomy of measurement properties [16]. The COSMIN
checklist assesses the methodological quality of studies
investigating the measurement properties of patient-reported
outcome measures. Measurement properties assessed in this
study include internal consistency, reliability, measurement
error, content, construct, criterion validity, and responsiveness;
definitions are outlined in Table 1 according to COSMIN.
Healthy young people were defined according to the World
Health Organization as persons aged between 10 and 24 years
[17] with no known chronic conditions. Outcomes of interest
included measurement effectiveness (ie, accuracy and reliability)
of a smartphone to measure PA, reported as total PA time
(min/day or min/week), total moderate to vigorous PA per week,
daily step count, intensity measure (heart rate or rate of
perceived exertion), or frequency measure (days per week).

Studies were excluded if participants were not healthy young
adults; they were also excluded if they did not examine
methodological effectiveness; did not report on PA and
feasibility; did not use smartphones; were not published in
English; if they described feasibility of the measurement
approach only; described measurement properties of using text
messaging only to measure behaviors; and described the
measurement properties of a wearable device (eg, Fitbit) alone
(Figure 1).

Table 1. Measurement validity criterion types and their definition according to Consensus-Based Standards for the Selection of Health Measurement
Instruments (COSMIN) assessed in this study.

DefinitionCriterion

The degree of interrelatedness among devicesInternal consistency

The degree to which the measurement is free from measurement errorReliability

The difference between a measured quantity and its true valueMeasurement error

The degree to which the device being assessed is an adequate representation of the construct being measuredContent validity

The degree to which the results are consistent with the hypothesis, based on the assumption that the device
validly measures the construct to be measured

Construct validity

The degree to which the results are adequate reflections of a ‘gold standard’Criterion validity

The ability of a device to detect change over time in the construct being measuredResponsiveness
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Figure 1. PRISMA (preferred reporting items for systematic review and meta-analysis) flow chart of the search strategy outcomes, including those of
the larger review conducted by Thornton et al [12,14], followed by the narrowed search on studies measuring physical activity in healthy young people.
Big six: 6 identified risk factors related to the development of chronic disease [15]: physical inactivity, sedentary time, poor sleep, poor diet, and alcohol
and tobacco use.

Data Extraction
All identified studies were exported into Endnote (version X9)
for removal of duplicates. Records were then uploaded to
Covidence Systematic Review software (Veritas Health
Innovation) for screening. Authors participating in the screening,
full-text review, and data extraction process attended training
sessions, where multiple reviewers independently reviewed and
discussed the same selection of articles to help ensure
consistency across reviewers. As described in Thornton et al
[12,14] for the larger review, titles and abstracts were screened
by one reviewer (OG, RV, JW, CS, LT, BO, LB, LG, OG, ZB,

KC, or BP) and then the full text of potentially relevant studies
was independently assessed for eligibility by at least two
members of this group.

Titles and abstracts of included studies were then screened
according to the specific inclusion criteria of this review by one
reviewer (BP). The full texts of potentially relevant studies were
independently assessed for eligibility by 2 authors of the
research team (CS and JW), with any disagreements resolved
with the assistance of a third or fourth researcher (LT and BP).
CS and JW independently extracted data in duplicate using a
standardized extraction form to ensure that it adequately
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captured trial data, and they agreed on final reported data.
Further details of data extraction are included in a previously
published protocol [12].

Physical Activity Measures, Measurement Validity,
and Risk of Bias
The primary outcomes of interest for this review were PA
measurement properties of smartphone-based approaches to
assess PA. Specifically, we investigated, as reported in included
studies, the reliability, measurement error, content validity,
construct validity (including convergent validity, structural
validity, and cross-cultural validity), criterion validity, and
responsiveness of the identified approaches. In this review, for
studies to be classified as measuring criterion validity, the
smartphone-based approach of interest must have been compared
to an objective measure of PA that had already been tested for
reliability (eg, step count using a pedometer with an internal
spring that moves up and down with hip motion or an Actigraph
accelerometer that uses small motion sensors to measure
acceleration along 3 axes) [18]. Where the smartphone-based
approach was compared to a self-report measure, even if it was
described as the gold standard method by the studies’ authors,
the paper was classified as investigating construct and
specifically convergent validity. For this review, the gold
standard measurement tool for PA was classed as the Actigraph
accelerometer [19,20]. Risk of bias of the included studies was
assessed using the COSMIN risk of bias checklist [16,21,22].

Results

Summary of Included Studies
Of the 12,967 records identified through the search strategy
(Figure 1), 149 studies met the PA smartphone criteria for this
review without restricting studies by age. In summary, articles
were excluded for not examining the methodological
effectiveness of the measurement approach, not reporting on at
least one of the ‘big six’ [15] or on feasibility, and not using a
smartphone (Figure 1). When applying the inclusion criteria for
participants to be healthy young people, only 5 studies [23-27]
were eligible. The key characteristics of the included study
populations are presented in Table 2. In total, 322 young people
were included in the studies, and 176 were female, with a mean
age of 14.3 (SD 3.2) years. Only 2 studies reported the age range
of participants. Jongprasithporn et al [25] included participants
aged 18-23 year, whereas Dunton et al [24] studied participants
aged 9-13 years. As 90% of the participants were aged 10-14
years in the study by Dunton et al, the authors decided to include
it in this review. Two studies reported the study was conducted
with young people who were overweight or obese with a mean

BMI of 32.7 kg/m2 [27] and 31.3 kg/m2, respectively [26].

Two studies were conducted in the United States [23,24], two
in Germany [26,27], and one in Thailand [25]. Of the included
5 studies, all were assessing accuracy of smartphone apps
collecting PA data, compared to the more subjective
self-reporting or objective accelerometers.

The following 3 studies measured criterion validity, comparing
phone data to objectively measured and automatically collected

data: Bruening et al [23] completed an accuracy study to test
the validity of a mobile ecological momentary assessment
(EMA) methodology to assess PA levels ; Dunton et al [24]
conducted a validity and feasibility study investigating electronic
EMA of PA via smartphone-administered surveys; and the final
study [25] examined the accuracy of the Thai 3 Axis (or
TH3AX) smartphone app to assess PA. The 2 studies that
measured construct validity [26,27] were pilot studies conducted
on a group participating in an existing hospital treatment
program for weight loss. Both studies assessed the feasibility
and acceptability of modern electronic health care technology
in treatment compared to self-report, where the user manually
recorded bouts of PA across the study period.

Characteristics of included studies are outlined in Table 3. With
respect to the apps used to record the PA data, 3 studies did not
report the name of the app used, one used a mobile EMA app
called devilSPARC [23], and one study [25] used the TH3AX
app, which records PA data in real time. Four studies [23-25,27]
did not report if the apps were available to the public. Schiel et
al [26] reported the app was available to the public, but it could
not be located in the Apple or Google Play app stores.

In 2 studies [23,24], participants were sent real time prompts
throughout the day to answer questions about the activity they
were undertaking. The 3 remaining studies [25-27] used
real-time monitoring of PA though mobile phone motion. Only
one of the studies [25] that used passive motion sensing reported
where the participants were instructed to wear the phone; this
study asked participants to attach the phone to their right hip in
the first test and then the right anterior superior iliac spine in
the second test. Of the 5 studies, 4 monitored activities over an
average of 4 days. The remaining study [25] monitored activities
over a range of performance trials, where participants randomly
took part in standing, walking, and running activities. All 5
studies examined PA measurement on Android phones, with
only 1 study [23] looking at the feasibility of PA measures on
the Apple iOS. In this study, to those participants who were
interested in participating but did not own an Android or iOS
mobile phone, a Motorola Moto G was loaned to be used for
the duration of the study. Only two [23,24] of the 5 studies
mentioned the actual type and brand of the phones used. Of the
5 studies, 2 reported that they offered financial incentives (US
$80 and US $40) for participating in the study [23,25].

Two studies [23,24] required the user to actively enter bouts of
PA data. In the 3 remaining studies [25-27], PA data were
automatically collected through the motion or movement of the
mobile phone. Two studies [26,27] used a mobile motion sensor
that was integrated within the phone. One study [25] used an
accelerometer that was built into the phone. All 3 of these
studies [25-27] reported the algorithms used to compute PA
behavior; however, they did not report whether the algorithm
used was accessible via open source. None of the studies
reported if participants wore a PA tracking monitor for the
duration of the study. Sedentary behavior was measured in 4 of
the 5 studies, with 2 [26,27] recording it objectively and
automatically through the phone, and 2 through subjective
self-report measures [23,24].
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Table 2. Characteristics of the included study populations.

Instrument administrationPopulation in the studyAuthor and year

DeviceLanguageCountrySettingOther characteris-
tics

Gender (fe-
male), n
(%)

Age
(years),
range

Age
(years),
mean
(SD)

Sample size
(n)

Android smart-
phone

EnglishGermanyHospital
treatment
program

Overweight or
obese (BMI 32.7

kg/m2)

14 (47)NRa14 (3)30Schiel (2010)
[27]

Android smart-
phone

EnglishGermanyWeight re-
duction pro-
gram

Overweight or
obese (BMI mean
31.3, SD 5.2

kg/m2)

69 (56)NR13.5
(2.8)

124Schiel (2012)
[26]

Android smart-
phone

EnglishUnited
States

4th-8th
grade

38% risk of over-
weight or over-
weight

59 (49)9-1311

(NAb)

121Dunton (2013)
[24]

Android or iOS
smartphone

EnglishUnited
States

College
freshman

Friendship net-
works and weight-
related behaviors

30 (73)NR18.7
(0.5)

41Bruening (2016)
[23]

Android smart-
phone

EnglishThailandHealthy
young adults

Normal weight

(BMI 21.5 kg/m2)

4 (67)18-23NR6Jongprasithporn
(2017) [25]

aNR: not reported.
bNot available.

Table 3. Key characteristics of studies examining the measurement of physical activity via a smartphone.

Risk of bias properties assessedApp
name

Author and
year

Overall
rating

Responsive-
ness

Criteri-
on valid-
ity

Con-
struct
validity

Content
validity

Measure-
ment error

Reliabil-
ity

Internal
consisten-
cy

Measure-
ment ap-
proach

Pub-
licly
avail-
able

Inade-
quate

NoNoYesNoNoNoNoPassiveb-ob-
jective

NRNRaSchiel (2010)
[27]

Inade-
quate

NoNoYesNoNoNoNoPassive-ob-
jective

YesNRSchiel (2012)
[26]

Very
good

NoYesNoNoNoNoNoActivec self-
report

NRNRDunton (2013)
[24]

Very
good

NoYesNoNoNoNoNoActive self-
report

NRdev-
ilSPARC

Bruening
(2016) [23]

Very
good

NoYesNoNoYesNoNoPassive-ob-
jective

NRThai 3
Axis

Jongprasith-
porn (2017)
[25]

aNR: not reported.
bPassive: data automatically collected.
cActive: requires user to do something.

Risk of Bias Measurement Properties
Overall, the use of measurement properties to assess reliability,
validity, and responsiveness was poor, with each study only
reporting on one measurement property completed. No studies
looked at the reliability of their results through repeated
measures. Only 1 study [25] reported on an overall measurement
error, which was low at 0.12. No studies looked at structural
validity, that is, the degree to which studies measured PA levels.

No studies looked at cross-cultural validity and the applicability
of results across other cultures.

Two studies reported on construct validity, both of which were
conducted by the same research team [26,27]. In the first study
[26], there were significant differences between self-reported
PA and the PA measured by motion sensors in the phone. In
general, the duration of PA documented by children and
adolescents was much higher than the duration measured via
motion sensors. Correlation analyses, however, revealed
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moderate to strong significant correlations between the
calculated duration of PA and the time spent in activities such
as cycling (r=0.67; P<.01), the calculated duration of PA and
the total amount of activity units (r=0.89; P<.01), and the
calculated duration of PA and energy expenditure (r=0.82;
P<.01) [27]. This demonstrated the strong consistency between
PA assessment via a mobile motion sensor board and reality
[26]. In the second study [27], the duration of PA estimated by
children and adolescents was also significantly higher compared
to the measured values for walking and running in the first study
[26]. There was no difference between the estimates for cycling
in the two studies. There were also weak to moderate significant
correlations between the total calculated duration of PA and the
time spent in some of the different activities, such as cycling
(r=0.67; P=.001), driving (r=0.46, P=.01). There was a strong
significant correlation between the measured duration of PA
and the total number of activity units (r=0.89, P=.001). There
was also a strong significant correlation between the measured
duration of PA and the estimated energy expenditure (r=0.82,
P=.001) [27].

The 3 remaining studies [23-25] specifically investigated
criterion validity, where the app was compared to a previously
validated objective measurement [22]. Although, one study [24]
reported it as construct validity. In Dunton et al [24], the
methodology of EMA activity responses was tested by
examining differences in the mean number of steps (measured
by an accelerometer) across EMA-reported activity categories.
We have, therefore, reported this under criterion validity. Across
both weight status groups, steps were significantly higher for
EMA surveys reporting active play, sports, or exercise compared
to any other type of activity. In addition, the mean number of
steps recorded while talking on the phone, doing chores, riding
in a car, and something else were significantly greater than mean
steps recorded while reading, using a computer, doing
homework, watching TV or movies, and playing video games
[24]. However, this study concluded that it is acceptable and
valid to use mobile phone EMA technology to measure PA and
sedentary behavior in children aged 9-13 years during leisure
time. In the second study [23], the odds of a participant having
their accelerometer-derived activity level match their reported
PA level were significant for mobile-based EMA-reported
sedentary PA, light PA, and moderate PA. Due to only one
participant having vigorous accelerometer values, odds were
not computed for vigorous activity. The match rates were highest
for EMA-reported sedentary and light PA (340/565, 60.3% and
37/63, 58.7%, respectively) and lowest for moderate PA (9/40,
22.5%) and vigorous PA (1/26, 3.8%). This study concluded
that the devilSPARC mobile EMA app is valid for assessing
the presence of sedentary activities during the day [23]. The
third study [25] on criterion validity reported that the lowest
sensitivity (0.975) of the TH3AX app was computed during
standing activity. The highest sensitivity (0.988), specificity,
and accuracy were all identified during running activity. The
average sensitivity, specificity, and accuracy of TH3AX for
standing, walking, and running were 0.981, 0.988, and 0.986,
respectively. Based on these results, the authors validated the
use of the smartphone app for activity recognition in young
people. No studies looked at the responsiveness of the apps used
and how well they detected change over time in PA levels.

Discussion

The primary aim of this review was to assess the accuracy and
reliability of using smartphones to measure PA levels in young
people aged 10-24 years. In summary, 5 studies met the
inclusion criteria (including 322 young people, with a mean age
of 14.3, SD 3.2 years) and objectively assessed the accuracy of
smartphone apps to collect PA data. Data were either collected
automatically via phone movement or manually by the user.
The overall rating for 3 studies was considered ‘very good,’ and
the remaining 2 studies were rated ‘Inadequate’ (Table 3). Only
one study reported that the app was available to the public [26],
but it could not be located in the Apple or Google Play app
stores.

Results from this review suggest that much more research is
needed on validating these apps against the gold standard tools
such as the Actigraph accelerometer. With only 5 studies eligible
for inclusion in this review, and only 3 of those studies
comparing mobile apps to more traditional objective measures
of PA, more research is needed on the efficacy and reliability
of mobile phone tracking and monitoring of PA in young people.
Furthermore, when reporting on the outcomes of these studies,
more information should be provided on participant
characteristics. Most of the studies in this review only reported
on age and gender, with 3 of them providing information on
weight status. Since only over 18% of children and adolescents
in the world were reported as overweight or obese in 2016 [28],
future studies on PA should start reporting weight status of
young people to assist with identifying interventions that may
reduce weight in this population.

It is crucial that studies report the most accurate placement site
for general community use, as most people tend to carry their
mobile phones in their pockets or handbags. For objective
monitoring, the attachment site of the phone and the place of
the accelerometer to which the phone was compared is important
information for people relying on mobile phone data for PA
monitoring. Previous work from our group showed that some
motion senses and activity trackers work better and more
accurate on specific parts of the body [29].

Of the 5 apps examined in this review, only 1 app is publicly
available, and 3 of the 5 studies did not report on the public
availability of the apps the researchers used. PA tracking apps
should be publicly and freely available to have the greatest
impact on improving PA levels and preventing the development
of chronic diseases. In addition, with the Apple iPhone being
the most popular smartphone on the market, more studies are
needed on the efficacy of PA measurements using this system.

Limitations
Due to the small number of studies examining the efficacy,
reliability, and validity of mobile apps measuring and tracking
PA we were unable to complete a meta-analysis on the data.
Each study’s methodology was so different, and it was not
practical to combine study data. Some studies did not report on
the actual measurement property used to examine reliability,
validity, or responsiveness. In this study, we analyzed the
information provided by one group under criterion validity,
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even though it was reported in the study as construct. However,
as the methods were so detailed, we were able to identify the
correct measurement property used. The range of sample sizes
across the 5 studies was large, from 6 to 124, and sample size
calculations were not reported. In addition, the measurement
approach of each study also ranged widely between using a
passive-objective or active self-report approach.

Conclusions
Few studies have examined the accuracy, validity, or reliability
of smartphones measuring and tracking PA levels in healthy
young people. Of the 3 studies that measured validity against

an objective measure of PA, such as the Actigraph
accelerometer, all concluded that mobile phones were acceptable
and valid tools. However, more research is needed that focuses
on population characteristics, such as gender, different age
groups, disability, and chronic diseases. Establishing the validity
and reliability of smartphones to measure PA levels in young
people will allow further research to investigate their use to
increase PA in this population (ie, prevention strategies for
developing chronic diseases or treating them), as well as
identifying suitability for use in other populations, such as older
adults and people currently living with chronic conditions.

 

Acknowledgments
This study was funded by the Paul Ramsay Foundation and the Australian National Health and Medical Research Council
(fellowship to KC [APP1120641]). The funders of the study had no role in the study design, data collection, data analysis, or data
interpretation.

Authors' Contributions
BP and LT led the development of the manuscript. KC, NN, TS, CC, BP, DRL, MS, and LT secured funding for the study. ABW
led the literature search. BP, LT, LAG, BO, OG, CS, RV, KC, JW, ZB, and LB conducted the data extraction. CB assisted with
the editing, interpretation, and write-up of the results and discussion. All authors contributed to the development of protocols for
the study and reviewed, edited, and approved the final version of the paper.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Table S1 in Multimedia Appendix 1.
[DOCX File , 18 KB - mhealth_v10i10e39085_app1.docx ]

References
1. Australia's health 2018. Australian Institute of Health and Welfare. URL: https://www.aihw.gov.au/reports/australias-health/

australias-health-2018/contents/table-of-contents [accessed 2022-09-25]
2. Kohl HW, Craig CL, Lambert EV, Inoue S, Alkandari JR, Leetongin G, et al. The pandemic of physical inactivity: global

action for public health. The Lancet 2012 Jul;380(9838):294-305. [doi: 10.1016/s0140-6736(12)60898-8]
3. Aubert S, Barnes JD, Abdeta C, Abi Nader P, Adeniyi AF, Aguilar-Farias N, et al. Global Matrix 3.0 physical activity

report card grades for children and youth: results and analysis from 49 countries. J Phys Act Health 2018 Nov
01;15(S2):S251-S273. [doi: 10.1123/jpah.2018-0472] [Medline: 30475137]

4. Guthold R, Stevens GA, Riley LM, Bull FC. Global trends in insufficient physical activity among adolescents: a pooled
analysis of 298 population-based surveys with 1·6 million participants. Lancet Child Adolesc Health 2020 Jan;4(1):23-35.
[doi: 10.1016/s2352-4642(19)30323-2]

5. Patterson R, McNamara E, Tainio M, de Sá TH, Smith AD, Sharp SJ, et al. Sedentary behaviour and risk of all-cause,
cardiovascular and cancer mortality, and incident type 2 diabetes: a systematic review and dose response meta-analysis.
Eur J Epidemiol 2018 Sep 28;33(9):811-829 [FREE Full text] [doi: 10.1007/s10654-018-0380-1] [Medline: 29589226]

6. Boers E, Afzali MH, Newton N, Conrod P. Association of screen time and depression in adolescence. JAMA Pediatr 2019
Sep 01;173(9):853-859 [FREE Full text] [doi: 10.1001/jamapediatrics.2019.1759] [Medline: 31305878]

7. Champion KE, Chapman C, Gardner LA, Sunderland M, Newton NC, Smout S, Heath4Life team. Lifestyle risks for chronic
disease among Australian adolescents: a cross-sectional survey. Med J Aust 2022 Feb 21;216(3):156-157. [doi:
10.5694/mja2.51333] [Medline: 34747039]

8. Ding D, Rogers K, van der Ploeg H, Stamatakis E, Bauman AE. Traditional and emerging lifestyle risk behaviors and
all-cause mortality in middle-aged and older adults: evidence from a large population-based Australian cohort. PLoS Med
2015 Dec 8;12(12):e1001917 [FREE Full text] [doi: 10.1371/journal.pmed.1001917] [Medline: 26645683]

9. Laranjo L, Ding D, Heleno B, Kocaballi B, Quiroz JC, Tong HL, et al. Do smartphone applications and activity trackers
increase physical activity in adults? Systematic review, meta-analysis and metaregression. Br J Sports Med 2021 Apr
21;55(8):422-432. [doi: 10.1136/bjsports-2020-102892] [Medline: 33355160]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e39085 | p.10https://mhealth.jmir.org/2022/10/e39085
(page number not for citation purposes)

Parmenter et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mhealth_v10i10e39085_app1.docx
mhealth_v10i10e39085_app1.docx
https://www.aihw.gov.au/reports/australias-health/australias-health-2018/contents/table-of-contents
https://www.aihw.gov.au/reports/australias-health/australias-health-2018/contents/table-of-contents
http://dx.doi.org/10.1016/s0140-6736(12)60898-8
http://dx.doi.org/10.1123/jpah.2018-0472
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30475137&dopt=Abstract
http://dx.doi.org/10.1016/s2352-4642(19)30323-2
https://europepmc.org/abstract/MED/29589226
http://dx.doi.org/10.1007/s10654-018-0380-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29589226&dopt=Abstract
https://europepmc.org/abstract/MED/31305878
http://dx.doi.org/10.1001/jamapediatrics.2019.1759
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31305878&dopt=Abstract
http://dx.doi.org/10.5694/mja2.51333
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34747039&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1001917
http://dx.doi.org/10.1371/journal.pmed.1001917
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26645683&dopt=Abstract
http://dx.doi.org/10.1136/bjsports-2020-102892
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33355160&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


10. Hallal PC, Andersen LB, Bull FC, Guthold R, Haskell W, Ekelund U. Global physical activity levels: surveillance progress,
pitfalls, and prospects. The Lancet 2012 Jul;380(9838):247-257. [doi: 10.1016/s0140-6736(12)60646-1]

11. Bort-Roig J, Gilson ND, Puig-Ribera A, Contreras RS, Trost SG. Measuring and influencing physical activity with smartphone
technology: a systematic review. Sports Med 2014 May 5;44(5):671-686. [doi: 10.1007/s40279-014-0142-5] [Medline:
24497157]

12. Thornton L, Osman B, Wescott AB, Sunderland M, Champion K, Green O, et al. Measurement properties of smartphone
approaches to assess key lifestyle behaviours: protocol of a systematic review. Syst Rev 2020 Jun 03;9(1):127. [doi:
10.1186/s13643-020-01375-w]

13. Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated
guideline for reporting systematic reviews. BMJ 2021 Mar 29;372:n71 [FREE Full text] [doi: 10.1136/bmj.n71] [Medline:
33782057]

14. Thornton L, Osman B, Champion K, Green O, Wescott AB, Gardner LA, et al. Measurement properties of smartphone
approaches to assess diet, alcohol use, and tobacco use: systematic review. JMIR Mhealth Uhealth 2022 Feb 17;10(2):e27337
[FREE Full text] [doi: 10.2196/27337] [Medline: 35175212]

15. Teesson M, Champion KE, Newton NC, Kay-Lambkin F, Chapman C, Thornton L, Health4Life Team. Study protocol of
the Health4Life initiative: a cluster randomised controlled trial of an eHealth school-based program targeting multiple
lifestyle risk behaviours among young Australians. BMJ Open 2020 Jul 13;10(7):e035662 [FREE Full text] [doi:
10.1136/bmjopen-2019-035662] [Medline: 32665344]

16. Terwee CB, Prinsen CAC, Chiarotto A, Westerman MJ, Patrick DL, Alonso J, et al. COSMIN methodology for evaluating
the content validity of patient-reported outcome measures: a Delphi study. Qual Life Res 2018 May 17;27(5):1159-1170
[FREE Full text] [doi: 10.1007/s11136-018-1829-0] [Medline: 29550964]

17. World HO. Adolescent and young adult health. World Health Organization. URL: https://www.who.int/news-room/
fact-sheets/detail/adolescents-health-risks-and-solutions [accessed 2022-09-16]

18. Arvidsson D, Fridolfsson J, Börjesson M. Measurement of physical activity in clinical practice using accelerometers. J
Intern Med 2019 Aug 16;286(2):137-153 [FREE Full text] [doi: 10.1111/joim.12908] [Medline: 30993807]

19. Aadland E, Ylvisåker E. Reliability of the Actigraph GT3X+ accelerometer in adults under free-living conditions. PLoS
One 2015 Aug 14;10(8):e0134606 [FREE Full text] [doi: 10.1371/journal.pone.0134606] [Medline: 26274586]

20. Kim Y, Lochbaum M. Comparison of polar active watch and waist- and wrist-worn ActiGraph accelerometers for measuring
children's physical activity levels during unstructured afterschool programs. Int J Environ Res Public Health 2018 Oct
16;15(10):2268 [FREE Full text] [doi: 10.3390/ijerph15102268] [Medline: 30332785]

21. COSMIN definitions of domains, measurement properties, and aspects of measurement properties. COSMIN. URL: https:/
/cosmin.nl/wp-content/uploads/COSMIN-definitions-domains-measurement-properties.pdf [accessed 2022-09-25]

22. Mokkink LB, de Vet HCW, Prinsen CAC, Patrick DL, Alonso J, Bouter LM, et al. COSMIN risk of bias checklist for
systematic reviews of patient-reported outcome measures. Qual Life Res 2018 May 19;27(5):1171-1179 [FREE Full text]
[doi: 10.1007/s11136-017-1765-4] [Medline: 29260445]

23. Bruening M, van Woerden I, Todd M, Brennhofer S, Laska MN, Dunton G. AMobile ecological momentary assessment
tool (devilSPARC) for nutrition and physical activity behaviors in college students: a validation study. J Med Internet Res
2016 Jul 27;18(7):e209 [FREE Full text] [doi: 10.2196/jmir.5969] [Medline: 27465701]

24. Dunton G, Liao Y, Intille SS, Spruijt-Metz D, Pentz M. Investigating children's physical activity and sedentary behavior
using ecological momentary assessment with mobile phones. Obesity (Silver Spring) 2011 Jun;19(6):1205-1212 [FREE
Full text] [doi: 10.1038/oby.2010.302] [Medline: 21164502]

25. Jongprasithporn M. A smartphone-based real-time simple activity recognition. 2017 Presented at: 3rd International Conference
on Control, Automation and Robotics (ICCAR); 24-26 April; Nagoya, Japan p. 539-542. [doi: 10.1109/iccar.2017.7942755]

26. Schiel R, Kaps A, Bieber G. Electronic health technology for the assessment of physical activity and eating habits in children
and adolescents with overweight and obesity IDA. Appetite 2012 Apr;58(2):432-437. [doi: 10.1016/j.appet.2011.11.021]
[Medline: 22155072]

27. Schiel R, Kaps A, Bieber G, Kramer G, Seebach H, Hoffmeyer A. Identification of determinants for weight reduction in
overweight and obese children and adolescents. J Telemed Telecare 2010 Aug 02;16(7):368-373. [doi:
10.1258/jtt.2010.091005] [Medline: 20679405]

28. World health organization newsroom fact sheets: obesity and overweight. World Health Organization. URL: https://www.
who.int/news-room/fact-sheets/detail/obesity-and-overweight [accessed 2022-09-25]

29. Chow JJ, Thom JM, Wewege MA, Ward RE, Parmenter BJ. Accuracy of step count measured by physical activity monitors:
the effect of gait speed and anatomical placement site. Gait Posture 2017 Sep;57:199-203. [doi:
10.1016/j.gaitpost.2017.06.012] [Medline: 28666177]

Abbreviations
EMA: ecological momentary assessment
PA: physical activity

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e39085 | p.11https://mhealth.jmir.org/2022/10/e39085
(page number not for citation purposes)

Parmenter et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1016/s0140-6736(12)60646-1
http://dx.doi.org/10.1007/s40279-014-0142-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24497157&dopt=Abstract
http://dx.doi.org/10.1186/s13643-020-01375-w
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=33782057
http://dx.doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33782057&dopt=Abstract
https://mhealth.jmir.org/2022/2/e27337/
http://dx.doi.org/10.2196/27337
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35175212&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=32665344
http://dx.doi.org/10.1136/bmjopen-2019-035662
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32665344&dopt=Abstract
https://europepmc.org/abstract/MED/29550964
http://dx.doi.org/10.1007/s11136-018-1829-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29550964&dopt=Abstract
https://www.who.int/news-room/fact-sheets/detail/adolescents-health-risks-and-solutions
https://www.who.int/news-room/fact-sheets/detail/adolescents-health-risks-and-solutions
https://doi.org/10.1111/joim.12908
http://dx.doi.org/10.1111/joim.12908
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30993807&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0134606
http://dx.doi.org/10.1371/journal.pone.0134606
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26274586&dopt=Abstract
https://www.mdpi.com/1660-4601/15/10/2268
http://dx.doi.org/10.3390/ijerph15102268
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30332785&dopt=Abstract
https://cosmin.nl/wp-content/uploads/COSMIN-definitions-domains-measurement-properties.pdf
https://cosmin.nl/wp-content/uploads/COSMIN-definitions-domains-measurement-properties.pdf
https://europepmc.org/abstract/MED/29260445
http://dx.doi.org/10.1007/s11136-017-1765-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29260445&dopt=Abstract
https://www.jmir.org/2016/7/e209/
http://dx.doi.org/10.2196/jmir.5969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27465701&dopt=Abstract
https://doi.org/10.1038/oby.2010.302
https://doi.org/10.1038/oby.2010.302
http://dx.doi.org/10.1038/oby.2010.302
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21164502&dopt=Abstract
http://dx.doi.org/10.1109/iccar.2017.7942755
http://dx.doi.org/10.1016/j.appet.2011.11.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22155072&dopt=Abstract
http://dx.doi.org/10.1258/jtt.2010.091005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20679405&dopt=Abstract
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
http://dx.doi.org/10.1016/j.gaitpost.2017.06.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28666177&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


PRISMA: preferred reporting items for systematic review and meta-analysis

Edited by L Buis; submitted 27.04.22; peer-reviewed by P Atorkey, M Swartz; comments to author 02.09.22; revised version received
16.09.22; accepted 16.09.22; published 21.10.22.

Please cite as:
Parmenter B, Burley C, Stewart C, Whife J, Champion K, Osman B, Newton N, Green O, Wescott AB, Gardner LA, Visontay R, Birrell
L, Bryant Z, Chapman C, Lubans DR, Sunderland M, Slade T, Thornton L
Measurement Properties of Smartphone Approaches to Assess Physical Activity in Healthy Young People: Systematic Review
JMIR Mhealth Uhealth 2022;10(10):e39085
URL: https://mhealth.jmir.org/2022/10/e39085 
doi:10.2196/39085
PMID:36269659

©Belinda Parmenter, Claire Burley, Courtney Stewart, Jesse Whife, Katrina Champion, Bridie Osman, Nicola Newton, Olivia
Green, Annie B Wescott, Lauren A Gardner, Rachel Visontay, Louise Birrell, Zachary Bryant, Cath Chapman, David R Lubans,
Matthew Sunderland, Tim Slade, Louise Thornton. Originally published in JMIR mHealth and uHealth (https://mhealth.jmir.org),
21.10.2022. 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 https://mhealth.jmir.org/, as well as this copyright and license information must be included.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e39085 | p.12https://mhealth.jmir.org/2022/10/e39085
(page number not for citation purposes)

Parmenter et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://mhealth.jmir.org/2022/10/e39085
http://dx.doi.org/10.2196/39085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36269659&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Review

Digital Biomarker–Based Studies: Scoping Review of Systematic
Reviews

Hossein Motahari-Nezhad1, MSc; Meriem Fgaier2, MSc; Mohamed Mahdi Abid3, MSc; Márta Péntek4, MD, DSc;

László Gulácsi4,5, MD, DSc; Zsombor Zrubka4,5, MBA, MD, PhD
1Doctoral School of Business and Management, Corvinus University of Budapest, Budapest, Hungary
2Doctoral School of Applied Informatics and Applied Mathematics, Óbuda University, Budapest, Hungary
3Research Center of Epidemiology and Statistics Sorbonne Paris Cité, Paris University, Paris, France
4Health Economics Research Center, University Research and Innovation Center, Óbuda University, Budapest, Hungary
5Corvinus Institute for Advanced Studies, Corvinus University of Budapest, Budapest, Hungary

Corresponding Author:
Hossein Motahari-Nezhad, MSc
Doctoral School of Business and Management, Corvinus University of Budapest
Fővám tér 8
Budapest, 1093
Hungary
Phone: 36 702097967
Email: h.motahari.lib@gmail.com

Abstract

Background: Sensors and digital devices have revolutionized the measurement, collection, and storage of behavioral and
physiological data, leading to the new term digital biomarkers.

Objective: This study aimed to investigate the scope of clinical evidence covered by systematic reviews (SRs) of randomized
controlled trials involving digital biomarkers.

Methods: This scoping review was organized using the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) guidelines. With the search limited to English publications, full-text SRs of digital
biomarkers included randomized controlled trials that involved a human population and reported changes in participants’ health
status. PubMed and the Cochrane Library were searched with time frames limited to 2019 and 2020. The World Health
Organization’s classification systems for diseases (International Classification of Diseases, Eleventh Revision), health interventions
(International Classification of Health Interventions), and bodily functions (International Classification of Functioning, Disability,
and Health [ICF]) were used to classify populations, interventions, and outcomes, respectively.

Results: A total of 31 SRs met the inclusion criteria. The majority of SRs studied patients with circulatory system diseases
(19/31, 61%) and respiratory system diseases (9/31, 29%). Most of the prevalent interventions focused on physical activity
behavior (16/31, 52%) and conversion of cardiac rhythm (4/31, 13%). Looking after one’s health (physical activity; 15/31, 48%),
walking (12/31, 39%), heart rhythm functions (8/31, 26%), and mortality (7/31, 23%) were the most commonly reported outcomes.
In total, 16 physiological and behavioral data groups were identified using the ICF tool, such as looking after one’s health (physical
activity; 14/31, 45%), walking (11/31, 36%), heart rhythm (7/31, 23%), and weight maintenance functions (7/31, 23%). Various
digital devices were also studied to collect these data in the included reviews, such as smart glasses, smartwatches, smart bracelets,
smart shoes, and smart socks for measuring heart functions, gait pattern functions, and temperature. A substantial number (24/31,
77%) of digital biomarkers were used as interventions. Moreover, wearables (22/31, 71%) were the most common types of digital
devices. Position sensors (21/31, 68%) and heart rate sensors and pulse rate sensors (12/31, 39%) were the most prevalent types
of sensors used to acquire behavioral and physiological data in the SRs.

Conclusions: In recent years, the clinical evidence concerning digital biomarkers has been systematically reviewed in a wide
range of study populations, interventions, digital devices, and sensor technologies, with the dominance of physical activity and
cardiac monitors. We used the World Health Organization’s ICF tool for classifying behavioral and physiological data, which
seemed to be an applicable tool to categorize the broad scope of digital biomarkers identified in this review. To understand the
clinical value of digital biomarkers, the strength and quality of the evidence on their health consequences need to be systematically
evaluated.
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Introduction

Background
In health care systems, the use of digital devices has become
an accelerating trend [1], and their application was sped up by
the COVID-19 pandemic [2]. The emergence of new
sensor-based devices and wearables has revolutionized
measuring, collecting, and storing clinical data, which has
definite consequences for clinical decision-making [3]. A new
notion, digital biomarkers, has emerged in medicine: “objective,
quantifiable, physiological and behavioral measures collected
using digital devices that are portable, wearable, implantable
or digestible” [4]. In addition to their clinical value, digital
biomarkers enable new health care value chains [5]. According
to published reports, the global digital biomarkers market size
was valued at >US $727 million in 2019 and is predicted to
grow at a compound annual growth rate of 40% to reach
approximately US $10.38 billion by 2027 [6].

Digital biomarkers are measured across multiple layers of the
hardware (eg, sensors) and software of medical devices that
capture signals (behavioral and physiological data) from patients
[7]. Digital biomarkers can increase diagnostic and therapeutic
precision in the modern health care system by remotely and
continuously measuring reliable clinical data and allowing
continuous monitoring and evaluation [8,9]. Captured by
wearable, implantable, and digestible devices and sensors, digital
biomarkers can be used at home to provide clinical data,
collecting data that is not possible in the clinical setting [10].
This information can improve physicians’ and patients’
decisions, personalize the treatment, and predict diseases’
current and future status [11]. Continuous evaluation allows
personalized therapy [12]; for instance, continuous blood
glucose monitoring by sensors in diabetes can be linked with
patients’physical activity and food intake data, which can tailor
insulin dose adjustments and generate predictive alerts for
critically low blood glucose levels [13]. In addition, digital
biomarkers play an essential role in the recognition of
disease-related symptoms [14], are commonly used in clinical
trials to evaluate different therapies [15], and offer better
treatment, especially when combined with other interventions
[16]. Overall, digital biomarkers play a significant role in
precision medicine [17], can reduce clinical mistakes, improve
the accuracy of diagnostic methods, and support personalized
clinical decisions [18].

Several systematic reviews (SRs) have been published on digital
biomarkers. However, most of them focused on a specific
technology or disease area; for instance, studies reviewed the
health impacts of wearable activity trackers on a general
population [19] and in patients with Parkinson disease [20], to
name a few that covered specific technologies in specific disease
areas [21-23]. Scoping reviews aim to capture the main concepts
of a research area and the available primary sources and

categories of evidence in a formal, rigorous, and transparent
manner [24]. Digital biomarkers cover various clinical areas
such as Fitbit devices, activity trackers, and implantable cardiac
defibrillators. The potential value of digital biomarkers in
effective, technologically enhanced, safe, and user-centered
care pathways [25,26] has been suggested by a plethora of
published SRs on their clinical benefits in various clinical areas.
However, no scoping review has covered all digital biomarkers
in a single, complete study. An overview of the scope of clinical
evidence can highlight clinical areas where the evidence
supports the integration of digital biomarkers into health systems
and areas with gaps in the evidence synthesis. Therefore, a
scoping review of SRs on digital biomarkers may help readers
grasp the breadth of the accumulated clinical evidence in the
field. As the Cochrane Handbook states, reviews of reviews
address the need for broad evidence synthesis by covering
multiple interventions for the same condition as well as
numerous reviews of the same intervention for different disease
areas [27].

Objectives
Given the rapid accumulation of clinical evidence partly driven
by the COVID-19 pandemic and the new European Medical
Device Regulation that took effect in May 2021, this scoping
review includes SRs published in 2019-2020 to determine in
which clinical domains digital biomarkers and sensors were
making progress before the new regulation took effect.
Specifically, this scoping review aimed to explore the following:

1. The characteristics of SRs of digital biomarkers in terms
of populations, interventions, and outcomes.

2. The characteristics of digital biomarkers in terms of
behavioral and physiological data types, the digital devices
and sensors used, and their role in the treatment pathway
in the SRs.

The purpose of this scoping review was to categorize the
building blocks of the research questions, not to synthesize or
evaluate the quality of clinical evidence on digital biomarkers;
this will be addressed in a separate SR of SRs of digital
biomarker–based interventions, which will assess the
methodological quality and quality of evidence for digital
biomarkers in meta-analyses using A Measurement Tool to
Assess Systematic Reviews-2 and Grading of Recommendations
Assessment, Development, and Evaluation, respectively [28].

Methods

We followed the PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses extension for Scoping
Reviews) guidelines [29].

Eligibility Criteria
According to the definition [4], digital biomarkers are behavioral
and physiological data such as heart rate, physical activity, and
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step counts collected using digital devices such as smartwatches
[30]. Accordingly, in this study, we identified digital biomarkers
as behavioral and physiological data that were measured using
digital devices. Digital technologies that do not objectively
quantify physiological or behavioral data were excluded from
this study. To focus on the evidence relevant to clinical care,
we included SRs that involved randomized controlled trials
(RCTs), indicating that the review synthesized causal evidence
concerning health outcomes [31]. Studies that did not report
changes in participants’health status were excluded. In addition,
SRs containing only observational studies were inappropriate
for this study. Following the general definition of SRs [32], we
included studies that used a systematic search strategy in
electronic databases and had a predefined and clear research
question, inclusion and exclusion criteria, screening, and data
analysis and synthesis methods. Reviews lacking the critical
appraisal of the included studies were considered SRs if other
criteria were met [32]. We did not restrict our scoping review
to a specific population. Human studies in any clinical setting
and any age group or sex were eligible for this study. We
considered all interventions that intentionally or unintentionally
influence the health status of participants and involve the use
of at least one digital biomarker for any purpose related to
diagnosing patients, monitoring outcomes, or affecting the
delivery of the therapeutic intervention or for prognostic
purposes. We did not limit the scoping review to any specific
type of comparator group. Full-text English-language SRs that
considered any kind of health outcome (eg, change in the health
status of individuals or a population due to an intervention) [31]
were eligible for this scoping review.

Exclusion Criteria
Studies were excluded if (1) they were not SRs; (2) all included
studies in the SR were not RCTs; (3) they were not human
studies; (4) they did not use at least one digital biomarker to
diagnose patients, monitor outcomes, or influence the delivery
of the therapeutic intervention or for prognostic purposes; (5)
they did not use at least a wearable, implantable, portable, or
digestible device to measure behavioral or physiological data;
(6) they did not report health outcomes (ie, they did not report
a change in population health status due to the use of an
intervention); (7) they were not published in full text written in
English; and (8) they had not been published in 2019 or 2020.

Search Strategy
A comprehensive strategy for searching published SRs was
established, including the following steps. First, the PubMed
electronic database was searched using keywords related to the
definition of digital biomarkers in the title or abstract, as well
as applicable Medical Subject Headings terms [4], combined
with the National Library of Medicine’s filter for SRs [33].
Second, the Cochrane Library database of SRs was also searched
using keywords related to digital biomarkers. The search was
limited to studies published in 2019 or 2020. Finally, during
the review process, an additional investigation was conducted
into the reference lists of identified studies.

We used the following digital biomarker–related search terms:
“digital biomarker” OR “digital biomarkers” OR “implantable”
OR “implantables” OR “wearable” OR “wearables” OR

“portable” OR “portables” OR “digestible” OR “digestibles”
[28] (refer to Multimedia Appendix 1 for details of the search
strategy).

Screening and Selection of Studies
Microsoft Excel was used to manage articles and remove
duplicate references according to their digital object identifier
numbers. Two independent reviewers selected the reviews in 2
phases as follows:

1. Titles and abstracts of retrieved records were screened to
identify relevant studies based on the following 2 inclusion
criteria: Is this an SR study (yes or uncertain, no)? and Is
it a digital biomarker–based study (yes or uncertain, no)?
The studies for which the answer to both questions was yes
or uncertain were considered eligible for the next step.

2. The full texts of articles that met the criteria for title and
abstract were assessed based on the following binary (yes
or no) factors: whether the study was published in 2019 or
2020; whether it was written in English; whether it was a
human study; whether the study included only RCTs;
whether health outcomes were reported; and whether there
was at least one digital biomarker in the study for
diagnosing patients, monitoring outcomes, and influencing
therapeutic intervention or use of a wearable, implantable,
portable, or digestible device for prognostic purposes.
Filtering the answers of all questions to yes identified all
eligible studies. At each screening stage, disagreements
were discussed between the two reviewers and resolved by
consensus (HM-N, MMA, and MF). At each screening
stage, the interrater agreement between the reviewers was
calculated using the Cohen κ statistic using Microsoft Excel.
The substantial agreement rate was considered to be κ>0.6
[34]. In case of low agreement (κ<0.6), the reviewers were
retrained before entering the full-text phase.

Data Charting

Overview
Two review authors independently extracted data from the
included reviews and discussed their findings to ensure
consistency. All entries were cross-checked. We used charting
data forms to extract data. Where possible, the data were copied
and pasted directly from the text to avoid misinterpretation.
Regarding the agreement rate, Cohen κ [34] was calculated
using Microsoft Excel. In terms of countries, populations;
interventions; outcomes; behavioral and physiological data; role
of digital biomarkers; type of sensor technology; and descriptive
statistics, including frequency and percentage, were calculated
using Stata statistical software (version 16.0; StataCorp LLC)
and Microsoft Excel. Regardless of country, type of digital
device, and role of digital biomarkers, the total frequency and
percentage of the other variables mentioned do not correspond
to the total number of SRs included (31% and 100%,
respectively) because an SR may have more than one category
of these variables, as shown in the reported results. R statistical
software (version 4.1.3; The R Foundation for Statistical
Computing) was used to visualize the graphs. We did not assess
the quality of the included reviews because this is not essential
in scoping reviews [29].
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The Characteristics of SRs
We used the classification systems developed by the World
Health Organization (WHO) to characterize populations,
interventions, and outcomes. The International Classification
of Diseases, Eleventh Revision (ICD-11), is the latest disease
classification system [35]. The International Classification of
Health Interventions (ICHI) is a tool proposed for statistical
classification, documenting, and analyzing of health
interventions [36]. The ICHI encompasses diagnostic, medical,
surgical, mental health, primary care, and allied health services;
practical support; rehabilitation; traditional medicine; and public
health initiatives offered by a wide range of professionals
throughout the spectrum of health care systems. The
International Classification of Functioning, Impairment, and
Health (ICF) is a framework for assessing health and disability
at the individual and population levels [37]. The populations
studied in the included SRs were categorized using the ICD-11.
In addition, the populations’ age range (children, adults, older
adults, other, or unspecified) and sex (male, female, or both
male and female) were extracted. The interventions and
outcomes were also grouped using the ICHI and ICF
instruments, respectively. The ICF instrument was also used to
classify physiological and behavioral data. In addition, the
comparison types were collected from the included SRs. We
also extracted the number of included RCTs in the SRs.

The Characteristics of Digital Biomarkers
The characteristics of digital biomarkers were recorded,
including their role in the SR (intervention, measure of outcome,
diagnostic tool, prognostic tool, or other), the type of
physiological and behavioral data gathered by digital devices
using the ICF tool [37], the type of digital device (implantable,
portable, wearable, or digestible), and the type of applied sensor
technology (biosensor, chemical sensor, flow sensor, fingerprint
sensor, force sensor, heart rate sensor or pulse rate sensor,
humidity sensor, hour monitor sensor, infrared sensor, image
sensor, level sensor, muscle sensor, position sensor, pressure
sensor, thermistor sensor, or temperature sensor) [38].

We identified sensors such as heart rate sensors and pulse rate
sensors if they were involved in sensing cardiac rhythm and
function (heart rate sensors) and blood pressure (pulse rate
sensors). By contrast, position sensors were assigned to those
reviews assessing physical activities, walking, running, or gait

functions. In addition, sensors related to smoking behavior were
grouped into flow sensors. The sensors that monitored body
temperature were categorized as temperature sensors.

Evidence Synthesis
This scoping review used descriptive-analytical methods,
including frequency, percentage, and data charting using Stata
statistical software (version 16.0). The screening process was
evaluated by calculating Cohen κ between the independent pairs
of reviewers. The graphs were designed using R statistical
software (version 4.1.3).

Results

Screening and Selection of Studies
From the computerized searches, 389 records were identified:
307 (78.9%) and 82 (21.1%) records in the PubMed and
Cochrane Library databases, respectively. After removing
duplicates, of the 389 records, 375 (96.4%) were screened for
titles and abstracts. During title and abstract screening, there
were 87 disagreements between the reviewers (Cohen κ=0.54).
Therefore, the reviewers were retrained to reach a higher level
of agreement. Consequently, they entered the discussion phase
to resolve the discrepancies. In the screening phases of the titles
and abstracts, 94% (82/87) of the disagreements were associated
with digital biomarker and 6% (5/87) with systematic review.
Of the 375 papers screened for titles and abstracts, 199 (53.1%)
full-text papers were selected for the evaluation of eligibility.
After resolving 42 disputes in the study selection phase (Cohen
κ=0.76; n=17, 40%, disagreements on health outcome; n=14,
33%, disagreements on digital biomarker–based studies; n=9,
21%, disagreements about RCTs; and n=2, 5%, disagreements
regarding published in 2019-2020), 44.7% (89/199) of the SRs
were excluded at the full-text screening phase because of the
study design (Multimedia Appendix 2). Of the 110 remaining
SRs, 30 (27.3%) matched the inclusion criteria. After checking
the reference lists of the qualifying SRs, one more record was
included, bringing the total number of SRs that fit the inclusion
criteria to 31. The PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) flowchart is shown
in Figure 1. The characteristics of the studies are summarized
in Multimedia Appendix 3 [39-69]. (Refer to Multimedia
Appendix 4 for the list of excluded studies and the reasons for
exclusion).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram of the selection and screening process. SR:
systematic review.

Characteristics of the Included SRs
The included SRs were published by authors from 14 different
countries, most of them from Australia (6/31, 19%) [39-44],
followed by Canada (4/31, 13%) [45-48]; the United States
(4/31, 13%) [49-52]; the United Kingdom (3/31, 10%) [53-55];
Hong Kong (3/31, 10%) [56-58]; Taiwan (2/31, 7%) [59,60];
and Belgium (2/31, 7%) [61,62]. The remaining 7 studies were
published by Chinese [63], French [64], Japanese [65],
Portuguese [66], Italian [67], Dutch [68], and Danish [69]
researchers.

Populations
Participants’ disease areas covered 13 ICD-11 chapters (Table
1). The majority of SRs studied participants with circulatory
system diseases (19/31, 61%) [40,41,45,46,49,51,53-55,
57,60,62-69], followed by respiratory system diseases (9/31,
29%) [43,46,50,57,61-65]; endocrine, nutritional, or metabolic
diseases (7/31, 23%) [40,45,50,57,62,64,65]; sleep-wake

disorders (4/31, 13%) [50,57,63,64]; diseases of the nervous
system (4/31, 13%) [40,57,63,64]; neoplasms (3/31, 10%)
[40,52,64]; factors influencing health status or contact with
health services (3/31, 10%) [40,56,60]; mental, behavioral, or
neurodevelopmental disorders (2/31, 7%) [63,64]; diseases of
the genitourinary system (2/31, 7%) [58,64]; and diseases of
the musculoskeletal system or connective tissue (2/31, 7%)
[40,64]. Moreover, the study by Lu et al [63] included patients
with visual system diseases (1/31, 3%). Injury, poisoning, or
certain other consequences of external causes as well as patients
with skin diseases were the eligible included populations in
another SR [64]. In 19% (6/31) of the studies, the included
populations were only nonclinical and general participants
[39,42,44,47,48,59]. In spite of comprising patients with the
aforementioned specific clinical conditions, some SRs also
included general populations without an applicable ICD-11
category, such as employees (3/31, 10%) [40,56,61]; students
(3/31, 10%) [40,46,50]; healthy participants (2/31, 7%) [40,53];
and office workers (1/31, 3%) [40].
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Table 1. Disease areas were identified using the International Classification of Diseases, Eleventh Revision, tool (N=31).

Values, n (%)Populations

19 (61)Diseases of the circulatory system

9 (29)Diseases of the respiratory system

7 (23)Endocrine, nutritional, or metabolic diseases

4 (13)Diseases of the nervous system

4 (13)Sleep-wake disorders

3 (10)Neoplasms

3 (10)Factors influencing health status

2 (6)Mental, behavioral, or neurodevelopmental disorders

2 (6)Diseases of the genitourinary system

2 (6)Diseases of the musculoskeletal system

1 (3)Diseases of the visual system

1 (3)Diseases of the skin

1 (3)Consequences of external causes

Interventions
According to the ICHI classification (Table 2), a high proportion
of the interventions focused on physical activity behavior (16/31,
52%) [39-46,48,52,55-57,61,62,68] and conversion of cardiac
rhythm (4/31, 13%) [49,53,66,67]. Percutaneous transluminal
destruction of the arrhythmia circuit was covered by 7% (2/31)
of the SRs [51,54]. Other SRs concerned assessment of weight
maintenance functions (2/31, 7%) [50,59]; cardiac
electrophysiological monitoring (1/31, 3%) [60]; assisting or
leading exercise for functions of the cardiovascular system
(1/31, 3%) [69]; assisting or leading exercise for functions
related to pregnancy (1/31, 3%) [58]; blood pressure functions

(1/31, 3%) [50]; noneconomic incentives to encourage improved
physical activity (1/31, 3%) [65]; and economic incentives to
encourage improved physical activity (1/31, 3%) [47]. The study
by Jo et al [50] included 4 different types of interventions, but
only 2 of these interventions could be categorized by the ICHI
instrument: weight maintenance function and blood pressure
function. The other 2 intervention types—blood cholesterol
monitoring and wearable blood glucose monitoring
systems—could not be categorized with the ICHI tool. Besides,
7% (2/31) of the SRs [63,64] did not assign an intervention
category because they did not define a specific type of
intervention; therefore, assignment to a specific intervention
was not possible with the ICHI tool.

Table 2. Categorization of interventions using the International Classification of Health Interventions tool (N=31).

Values, n (%)Interventions

16 (52)Assessment of physical activity behaviors

4 (13)Conversion of cardiac rhythm

2 (6)Percutaneous transluminal destruction of arrhythmia circuit

2 (6)Assessment of weight maintenance functions

1 (3)Cardiac electrophysiological monitoring

1 (3)Assisting or leading exercise for functions of the cardiovascular system

1 (3)Assisting or leading exercise for functions related to pregnancy

1 (3)Blood pressure function

1 (3)Noneconomic incentives to encourage improved physical activity

1 (3)Economic incentives to encourage improved physical activity

Outcomes
The reported outcomes fell into 13 unique categories of the ICF.
Looking after one’s health (physical activity; 15/31, 48%)
[39-41,43-48,52,55-57,64,68]; walking (12/31, 39%)
[39-43,46,52,56,57,61,62,68]; heart rhythm (8/31, 26%)
[49,51,53,54,60,66,67,69]; demographic change (mortality;
7/31, 23%) [49,51,53,54,66,67,69]; and weight maintenance

functions (7/31, 23%) [42,46-48,50,55,59] were the most
commonly reported outcomes in the studies. Blood pressure
functions (3/31, 10%) [50,55,64] and heart functions (3/31,
10%) [54,63,69] were the primary types of outcomes in 3
distinct SRs each. In addition, the following classifications were
each assigned to one review: aerobic capacity (1/31, 3%) [41];
functions related to pregnancy (1/31, 3%) [58]; sleep functions
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(1/31, 3%) [64]; and heart rate (1/31, 3%) [64]. Refer to Table 3 for further details.

Table 3. Categorization of outcomes using the International Classification of Functioning, Disability, and Health tool (N=31).

Values, n (%)Outcomes

15 (48)Looking after one’s health

12 (39)Walking

8 (26)Heart rhythm

7 (23)Demographic change (mortality)

7 (23)Weight maintenance functions

3 (10)Blood pressure functions

3 (10)Heart functions

2 (6)Hematological system functions

2 (6)Exercise tolerance functions

1 (3)Aerobic capacity

1 (3)Functions related to pregnancy

1 (3)Sleep functions

1 (3)Heart rate

Characteristics of Digital Biomarkers
The behavioral and physiological data characteristics, digital
devices, and sensors are summarized in Multimedia Appendix
5 [39-69].

Behavioral and Physiological Data and Digital Devices
Digital biomarkers were extracted from the included SRs. In
total, 16 physiological and behavioral data groups were
identified using the ICF tool, such as looking after one’s health
(physical activity; 14/31, 45%) [39,40,43-48,52,55-57,64,68];
walking (11/31, 36%) [39-43,52,56,57,61,62,68]; heart rhythm
(7/31, 23%) [49,51,53,54,66,67,69]; and weight maintenance
functions (7/31, 23%) [42,46-48,50,55,59]. The other identified
data can be found in Multimedia Appendices 5 and 6. Besides,
various digital devices were also used to collect these data when
assessing other interventions; for example, an implantable
cardiac defibrillator to gather heart function data [60]; a Fitbit
device for capturing running activity [46]; Yorbody and
AiperMotion for capturing physical activity [45]; and smart
glasses, smartwatches, smart bracelets, smart shoes, and smart
socks for capturing data related to heart function, gait pattern
function, and temperature [63]. For more information, refer to
Multimedia Appendix 5.

Role of Digital Biomarkers in Clinical Care
A substantial number of digital biomarkers were used as
intervent ions in  the SRs (24/31,  77%)
[39-46,48-50,52,53,55-62,65-67]. By contrast, digital biomarkers
were used to measure outcomes in 10% (3/31) of the studies
[47,64,68]. In addition, in the review by Lu et al [63], digital
biomarkers were used as intervention as well as outcome
measurement and diagnostic tools. The remaining studies (3/31,
10%) [51,54,69] did not use digital biomarkers as intervention
or diagnostic tools, as prognostic tools, or to measure outcomes;
we categorized the role of digital biomarkers as other. In these

studies, the included populations were patients with digital
biomarkers (implantable cardiac defibrillators).

Types of Sensor Technologies
Wearables (22/31, 71%) were the most common types of digital
devices [39-48,50,52,55,57-59,61-65,68], followed by
implantable devices (8/31, 26%) [49,51,53,54,60,66,67,69].
The study by Liu et al [56] included both wearable and portable
digital devices. Position sensors (21/31, 68%)
[39-48,50,52,55-59,61-63,68,69] and heart rate sensors and
pulse rate sensors (12/31, 39%) [49-51,53-55,60,63,64,66,67,69]
were identified as the most prevalent types of sensors used to
acquire behavioral and physiological data in the reviews. Flow
(1/31, 3%) [64] and temperature (1/31, 3%) [63] sensors were
used in 1 review each. Multimedia Appendix 5 shows the
included studies and the role and types of digital devices,
sensors, and physiological and behavioral data.

Discussion

Principal Findings
This scoping review of SRs of digital biomarkers published in
2019-2020 aimed to determine the scope of the literature in
terms of populations, interventions, outcomes, technologies
used, behavioral and physiological data, device types, and
sensors. The search yielded 31 SRs that met the inclusion criteria
and were published primarily by Australian, Canadian,
American, and British researchers. The results showed that most
of the populations studied were patients with circulatory,
respiratory, endocrine, nutritional, or metabolic diseases.
Intervention types were also predominantly used to assess
physical activity behaviors and cardiac rhythm conversion.
Wearables were the most common types of digital devices,
mainly as interventions in the form of position and heart rate
sensors.
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There are numerous scoping reviews in this area, divided into
2 categories. First, scoping reviews focus on a specific type of
digital device; for example, the study by Brognara et al [70]
examined wearable sensors for assessing gait and postural
alterations in patients with diabetes. Another scoping review
highlighted the scope of wearable technologies in field hockey
competitions [71]. Second, some scoping reviews considered
only a specific behavioral or physiological data type; for
example, the scoping review by Youn et al [21] examined digital
biomarkers for neuromuscular disorders. Another study also
reported the capabilities of artificial intelligence–aided digital
biomarkers to aid in the early detection of dementia [72].
Therefore, we did not restrict the study to a particular digital
device or behavioral or physiological data type to establish
comprehensive results on digital biomarkers.

Populations, Interventions, and Outcomes
According to the findings, the populations, interventions, and
outcomes studied in the SRs predominantly fall into 2 groups:
physical activity and cardiovascular diseases. Although only
13 chapters of the ICD-11 and 10 categories of the ICHI were
included in the SRs, because of the rapid pace of developments
in the field and the fact that digital health and digital biomarkers
are in transition [73,74], it is expected that the number of studies
in other categories will increase. In addition, new devices, digital
biomarkers, and sensors are expected to be introduced in health
care systems and various disease areas because of the new
advancements [75].

SRs are essential to evidence-based practice and health care
decision-making [27,76]. According to the Cochrane Handbook,
formulating a research topic based on population, intervention,
comparison, and outcomes is one of the most significant
requirements for SRs [27]. Although 61% (19/31) of the
included SRs explicitly described a particular group with a
clinical condition such as chronic obstructive pulmonary disease
[43], others (6/31, 19%) included populations without clinical
disorders [39,42,44,47,48,59]. By contrast, 19% (6/31) of the
studies did not restrict their targeted population to a particular
therapeutic area; rather, they encompassed diverse disease areas
[46,50,57,62-64]. As evidenced by the findings, several reviews
included general populations (patients with nonclinical
conditions) to whom ICD-11 codes could not be assigned. As
the use of wearable devices and sensors is spreading to broad
populations such as students, employees, and office workers,
and certain studies (RCTs) have included these populations,
ICD-11 coding should include these populations. This issue
also applies to interventions. Some (2/31, 6%) of the SRs did
not clearly define the type of intervention in their study.
Wearable health devices in health care settings, as well as
pharmacologic and nonpharmacologic interventions, are not
specific enough to be categorized using the ICHI tool. Therefore,
researchers in this area are advised to consider this issue when
formulating their research questions. In addition, 2 types of
interventions (blood cholesterol monitoring and wearable blood
glucose monitoring systems) could not be categorized with the
ICHI tool, which should be considered by the developers of the
tool.

Although some (11/31, 35%) of the studies evaluated the impact
of a single kind of digital technology on the population, such
as a Fitbit device [46], an implanted cardiac defibrillator [53],
or a pedometer [61], others (20/31, 65%) included a variety of
technologies [40,63-65]. In this context, the Cochrane Handbook
suggests that reviews of reviews may be one way to address the
need for breadth in evidence synthesis because they may
combine multiple reviews of different interventions for the same
condition or numerous reviews of the same intervention for
different types of participants [27]. This is particularly true for
the digital biomarker literature because this area encompasses
a wide variety of populations and therapies, as demonstrated
by this study’s results.

Digital Devices, Physiological and Behavioral Data,
and Sensors
Although numerous studies have shown that the accuracy of
digital devices in measuring behavioral and physiological data
may vary [77-80], most (20/31, 65%) of the included studies
used different digital devices to synthesize qualitative or
quantitative findings, which can be considered a gap in the
literature on digital biomarkers; for example, the SR by Hannan
et al [41] included various wearable digital devices (Garmin
Forerunner, Fitbit Charge, My Wellness Key accelerometer,
Yamax Digiwalker pedometer, Gex vital signs sensor, Nokia
smartphone, and SenseWear Mini Armband) as interventions
to quantitatively summarize the evidence for cardiac
rehabilitation. By contrast, another study used only a Fitbit
device to generate a meta-analysis for physical activity [46].
Despite the growing acceptance of wearables, the widespread
adoption of wearables in clinical practice is still hampered by
several barriers, including concerns about device accuracy and
cost. To overcome these barriers, multiple stakeholders must
collaborate in developing comprehensive assessment
frameworks, clinical trials, and medical education programs.
However, companies developing digital health technologies
should consider the importance of evidence generation and
validation for digital devices [7], considering that verification
and validation of digital biomarkers require a multidisciplinary
approach that includes engineering, data science, health
information technology, and clinical research [8].

As shown in Multimedia Appendix 5, various digital devices
are used to collect the same behavioral and physiological data;
for example, an implantable cardiac defibrillator, iPhone-based
rhythm monitoring device [60], and Cardio First Angel [81] to
capture cardiac functions. Health economics research should
evaluate the cost-effectiveness of each device in collecting
behavioral and physiological data to determine the most
cost-effective digital device for collecting specific data; for
example, a study examined the potential cost-effectiveness of
a wearable cardioverter defibrillator for patients with
implantable cardiac defibrillator explant in a high-income
Chinese city. It concluded that the cost-effectiveness of the
wearable cardioverter defibrillator was highly dependent on the
daily cost of the device in China [81]. Another study that
examined the cost-effectiveness of portable devices for stroke
diagnosis found no evidence of the cost-effectiveness under
consideration for stroke diagnosis [82]. Another question that
might arise from our results is the clinical effectiveness as well
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as cost-effectiveness of different digital devices; for example,
portable devices (tablet computers) and wearables (Jawbone
UP24) were used to measure physical activity [56], or
implantable cardiac monitors and portable devices (Holter
electrocardiogram) were applied to record cardiac parameters
[83]. Still, the question of comparative assessment of clinical
effectiveness and cost-effectiveness between wearables and
portables has remained unanswered. Digital health is undergoing
rapid change, and new digital devices are being integrated into
health care systems to facilitate it [84]. However, research shows
that in medicine, more is not necessarily better [85], and rigorous
evaluation of such therapies will become increasingly important
in the future [84]. As a result, the cost-effectiveness of similar
digital technologies could help clinicians and policy makers
improve health care quality and reduce clinical costs.

We also used a simple search syntax derived from the definition
of digital biomarkers. Still, the precision and specificity of this
search formula to find all relevant studies have not been
determined. Hence, the question regarding the development of
a comprehensive and authoritative search formula with high
precision and specificity has remained unanswered and is
beyond the scope of this research. One of the significant
challenges in digital health or biomarkers is the lack of a
standard definition and mechanism for researchers to use when
formulating a search syntax for reviews [82]. Standardizing
definition terms is paramount to enhancing information retrieval
and evidence synthesis. Accordingly, the quality of evidence
synthesis of digital biomarkers may be compromised by
publication bias, resulting in lower certainty of the evidence
[83]. Digital biomarkers are an emerging field in flux and
encompass various technologies. As we explained in the
Methods section, digital biomarkers, by definition, are
physiological and behavioral data collected using digital devices,
including wearables as well as implantable, portable, and
digestible devices. As can be inferred from the definition, there
are 2 concepts to consider with digital biomarkers: behavioral
and physiological data and digital devices that capture these
data. However, no SR of portable digital devices that satisfied
the inclusion requirements for this scoping study was discovered.
This issue may result from the search formula obtained from
the definition or a gap in the literature.

The varieties of digital biomarkers used in different health
domains require specialized definitions, standards, and
methodologies for achieving integration [84,85]. We used the
ICF tool in this study to identify and classify behavioral and
physiological data and outcomes in digital biomarkers and
concluded that this tool has the potential to be used as a system
for recognizing and categorizing behavioral and physiological
data in the field. As there is no categorization scheme for digital
biomarkers, we propose that researchers use this tool. This
review also used other coding systems such as the ICD-11 and
ICHI. The former allows systematic classification of the
population, whereas the latter supports categorization of
interventions. Using these systematized techniques, we can
place digital biomarker research into a relevant population,
intervention, comparison, and outcomes query. This may help
to ensure the consistency and advancement of digital biomarker
research [86] because the new Medical Device Regulation in

the European Union [87] has increased the need for clinical
evidence to support medical device approval; hence, the number
of industry-sponsored SRs in this area is expected to increase
in the future.

Implications
This scoping review examined SRs of digital biomarker–based
studies regarding population, intervention, and outcomes. To
our knowledge, this is the first scoping review of SRs of RCTs
involving digital biomarkers. Therefore, these results may help
clinicians and researchers to keep updated about the scope of
the literature concerning digital biomarkers. In addition, we
highlighted the behavioral and physiological data types as well
as digital devices and sensors used in SRs of digital biomarkers.
The aforementioned findings could also inform researchers
about the field’s gaps, as examined in the Digital Devices,
Physiological and Behavioral Data, and Sensors subsection the
Discussion section. In addition, as mentioned earlier, we have
proposed that the ICF tool can be used by digital biomarker
researchers as a standard tool for categorizing behavioral and
physiological data.

Limitations
This study’s findings should be considered in light of its
limitations. First, we searched for studies on digital biomarkers
using a mix of “digital biomarkers, wearable, implantable,
portable, digestible” terms. We did not test the search strategy’s
precision and specificity in finding all field-related research,
but we hypothesized that relevant publications might be found
using this method. Nonetheless, this search formula may have
missed some SRs relating to this topic. Second, the short time
period (2019-2020) of the study is one of its possible
weaknesses. Due to the broad scope of the topic, we chose a
shorter time period. However, given the new European medical
device legislation proposed in 2017 [87], we felt that this would
be a critical time period for reviewing clinical data before
regulation.

Moreover, we expected that because the studies in our analysis
were SRs, we could incorporate all relevant studies if we
included SRs. It is possible that non–English-language reviews
were ignored because we limited the scope of this study to
English-language research. Finally, the ICHI and ICF tools used
in this study to categorize interventions and outcomes are not
officially authorized (they are still being developed by the
WHO) because there are no established definition systems for
digital technologies. We did not examine the SRs for overlap
among RCTs. Therefore, some results may overlap.

Strengths
To our knowledge, our scoping review is the most thorough
presentation of SRs of digital biomarkers. Several scoping
reviews have already been published on digital biomarkers,
such as the use of accelerometers to measure physical activity
[88], the use of wearable and mobile technology to measure and
promote healthy sleep patterns in adolescents [89], the use of
wearable inertial sensors in work-related activities [90], and the
use of wearable sensor technology to detect shock impacts in
sports and occupational settings [91], all of which relate to a
specific type of digital device or population. By contrast, this
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scoping review was conducted as comprehensive research to
demonstrate the full spectrum of the topic and how digital
biomarkers are already being integrated into health care systems.
Our research described the scope of SRs of digital biomarkers
without limitation to a specific type of patient or digital
biomarker. Another strength of our study is that we used the
WHO’s classification tools (ICD-11, ICHI, and ICF) to identify
and categorize the included studies’ patients, interventions, and
outcomes. In addition, physiological and behavioral data (digital
biomarkers) were classified using the ICF tool, which was
considered reliable for this purpose.

Conclusions
Our scoping review revealed that clinical evidence for a wide
range of study populations, interventions, digital biomarkers,
and sensor technologies has been systematically reviewed in

recent years. Still, some clinical areas dominate, and notable
unexplored fields exist. Understanding the clinical value of
digital biomarkers requires a systematic assessment of the
strength and quality of the evidence for their health effects.
Understanding the breadth and quality of clinical evidence will
inform clinical and health policy decision-makers about which
areas are ripe for widespread adoption and evidence-based use
of digital biomarkers and in which areas evidence gaps remain
to be filled. Given the volume of literature on digital biomarkers
across many health domains, specific definitions, standards,
and methods for integration seem to be needed. We used the
ICF tool to categorize behavioral and physiological data (digital
biomarkers) in this study because there is no standard
measurement in this area. The results suggest that this
approach’s categorization of behavioral and physiological data
is applicable to digital biomarkers.
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Abstract

Background: The terms health app and medical app are often used interchangeably but do not necessarily mean the same thing.
To better understand these terms and better regulate such technologies, we need distinct definitions of health and medical apps.

Objective: This study aimed to provide an overview of the definitions of health and medical apps from an interdisciplinary
perspective. We summarized the core elements of the identified definitions for their holistic understanding in the context of digital
public health.

Methods: The legal frameworks for medical device regulation in the United States, the European Union, and Germany formed
the basis of this study. We then searched 6 databases for articles defining health or medical apps from an interdisciplinary
perspective. The narrative literature review was supported by a forward and backward snowball search for more original definitions
of health and medical apps. A qualitative analysis was conducted on the identified relevant aspects and core elements of each
definition. On the basis of these findings, we developed a holistic definition of health and medical apps and created a decision
flowchart to highlight the differences between the 2 types.

Results: The legal framework showed that medical apps could be regulated as mobile medical devices, whereas there is no legal
term for health apps. Our narrative literature review identified 204 peer-reviewed publications that offered a definition of health
and medical apps. After screening for original definitions and applying the snowball method, 11.8% (24/204) of the publications
were included in the qualitative analysis. Of these 24 publications, 22 (88%) provided an original definition of health apps and
11 (44%) described medical apps. The literature suggests that medical apps are a part of health apps. To describe health or medical
apps, most definitions used the user group, a description of health, the device, the legal regulation, collected data, or technological
functions. However, the regulation should not be a distinction criterion as it requires legal knowledge, which is neither suitable
nor practical. An app’s intended medical or health use enables a clear differentiation between health and medical apps. Ultimately,
the health aim of an app and its main target group are the only distinction criteria.
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Conclusions: Health apps are software programs on mobile devices that process health-related data on or for their users. They
can be used by every health-conscious person to maintain, improve, or manage the health of an individual or the community. As
an umbrella term, health apps include medical apps. Medical apps share the same technological functions and devices. Health
professionals, patients, and family caregivers are the main user groups. Medical apps are intended for clinical and medical purposes
and can be legally regulated as mobile medical devices.

(JMIR Mhealth Uhealth 2022;10(10):e37980)   doi:10.2196/37980

KEYWORDS

mobile health; health app; medical app; digital health; regulation; mobile medical device; digital health applications; DiGA;
digital care applications; DiPA; snowball search; mobile phone

Introduction

Background
The way people monitor their health has changed rapidly in the
last decades owing to the smartphone and its widespread
accessibility [1,2]. According to the World Health Organization
(WHO), mobile health (mHealth) is a general term that covers
public health and medical practice through the use of
smartphones, sensors, personal digital assistants, wireless
monitoring devices, or other wireless devices [3]. It can enable
and improve the delivery of health care [4,5]. Mobile apps are
defined as software programs that run on smartphones or tablet
platforms [6]. Such apps can promote health and primary disease
prevention [7,8]. At the same time, apps can support people
with chronic illnesses in managing their medical conditions
[8,9] or improve treatment adherence [10]. Furthermore, apps
offer the opportunity to increase the autonomy of patients
without necessarily needing to include physicians [11]. Not
only may apps help in improving or monitoring one’s health,
but they can also play an important role in health economics as
they can help in saving costs and increasing utility for health
care systems [4,12-14].

The use of apps in health can have downsides. First, it is unclear
whether and how mHealth contributes to a health care system
with improved cost-effectiveness. Second, the evidence of a
positive health impact through apps is not always available.
Some studies suggest a lack of (long-term) evidence for health
apps, which indicates a potential risk to the health of mHealth
users [7,9,15]. These potential risks may cause unintended
consequences for users, their social environment, and the overall
health care system [16]. Although some studies have reported
positive long-term effects on users’ health [7-11,15], a clear
directive on whether apps are an effective tool for diagnosing
and treating health issues is yet to be established. Hence, there
is a need to disentangle some of the conceptual unclarities in
this domain and further advance research.

The potential of apps on the one hand and their risks on the
other have drawn the attention of legislators as well. Several
countries have started to regulate mobile apps in their function
as medical devices—in 2021, the European Union (EU) Medical
Device Regulation (MDR) started to uniformly regulate apps
as medical devices in Europe [17]. The MDR is not an
app-specific regulation as it addresses medical devices in
general, including apps and other medical devices (eg, cardiac
pacemakers, catheters, and filtering facepiece 2 masks). Apps
can be affected by the areas of, for example, data protection,

data security, consumer protection, medicine, and social law.
App-specific laws, on the contrary, are rare [18,19]. In Germany,
apps as medical devices have been officially made available for
prescription since October 2020. This was introduced in the
Digital Healthcare Act. The Digital Healthcare Act explicitly
considers apps as digital health applications (DiGA), which,
therefore, fall under app-specific law [20]. Despite all this,
regulation—regardless of being app-specific or not—shares no
common understanding of apps in the field of health. Although
the law is highly dependent on accurate definitions, there is no
legal definition of apps in the field of health. On the basis of a
standard definition of apps in health, we argue that app
developers will be nudged to use evidence-based approaches
to develop apps in health. This ensures user safety and reduces
the risk of harm [21].

The number of different stakeholders is mainly what causes the
current unsatisfying situation. The diversity of stakeholders
shows that apps in this field are not geared exclusively toward
health care providers but also toward the general public and
policy makers. When developing a new app, developers of
mHealth apps need to consider patients, clinicians, families,
researchers, politicians, providers, and payers alike [22].
Especially in health care systems with public funding, payers
and users do not necessarily have to be the same person. In some
countries (eg, Germany), health insurance companies have
started to reimburse their clients for specific mHealth apps once
prescribed by a physician [23].

Objectives
To better understand apps in health and aim at a more precise
regulation of such technologies, exact definitions of these terms
are needed. The goal of our literature review was to explore
existing definitions of health and medical apps in the academic
literature, specifically from a public health and law perspective.
In this study, we focused on the differences and similarities in
definitions and how health and medical apps relate to each other.
We summarized the findings, resulting in more holistic
definitions of health and medical apps generatively.
Furthermore, we presented the differences between the
definitions and terms used in research and legal regulation in
the United States, the EU, and Germany. To date, existing
frameworks have only focused on, for example, user groups
[24-26] or technical functions [27-29]. Our aim was to follow
a holistic approach that combines the user group, functions, and
health aim of the apps. This approach provided us with a starting
point that may also support researchers in building a more
in-depth understanding of what constitutes health and medical

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e37980 | p.30https://mhealth.jmir.org/2022/10/e37980
(page number not for citation purposes)

Maaß et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.2196/37980
http://www.w3.org/Style/XSL
http://www.renderx.com/


apps. Consequently, we hope that this will help progress the
discourse on regulating such apps and provide a basis for further
research in this domain.

Methods

To address our study’s objective, we first conducted a backward
and forward snowball search of the literature published in 6
different databases. Second, we analyzed the literature by
inductively applying a thematic content analysis approach [30].

Inclusion Criteria and Search Strategy
We applied an inclusive, multistep approach to chart
interdisciplinary research on health and medical apps. Owing
to this paper’s interdisciplinary nature, we searched for
publications in the following academic databases that cover
scientific literature from various disciplines: MEDLINE
(PubMed), The Cochrane Library, Web of Science, Beck-Online,
Juris, and Google Scholar. Through this approach, we were able
to cover different disciplines (eg, psychology, human-computer
interaction, epidemiology, ethics, public health, law, and health
economics) that are involved in the field of mHealth. We
included and excluded papers based on the criteria described in
Textbox 1.

We formed an initial search strategy that we applied to all the
databases. Our basic search syntax included terms and their

synonyms, such as “health application,” “medical application,”
and “definition” (Textbox 2).

We did not conduct a systematic literature review but rather a
backward and forward snowball search to better connect
different research fields and their understanding of health and
medical apps (see the flowchart in Figure 1). The initial database
search was conducted on January 21, 2021, and produced 60
papers that provided a definition of health apps or medical apps.
All of these papers (60/60, 100%) were used to conduct the
snowball search (see the following section for further
explanation). Of these initially identified 60 publications, 20
(33%) provided an original definition and, thus, were included
(n=6, 30% were identified through the database search and
n=14, 70% were identified through snowballing).

Owing to the rapidly developing field of health and medical
apps and the corresponding literature being published, we reran
the search for updates on February 3, 2022. We identified 144
more publications that offered a definition of health and medical
apps during a database search. However, only 2.8% (4/144)
provided an original definition, and no other publications were
identified during the snowball search. This resulted in a total
of 24 publications that were included in our qualitative analysis.
Of these 24 publications, 22 (92%) provided an original
definition of health apps and 11 (46%) defined medical apps.

Textbox 1. Inclusion and exclusion criteria of the search.

Inclusion criteria

• Peer-reviewed publications

• Full text available in English, Chinese, or German (as these languages are spoken fluently by at least one author each)

• Full text focused on mobile health apps or mobile medical apps

Exclusion criteria

• No named concrete definitions or frameworks for apps in health

• Published in another language

• Evaluated the effectiveness of a single app without giving a description

• No available full text

Textbox 2. Search terms in PubMed for the initial search.

Example search terms in PubMed

• Synonym health app or medical app: (“health application”[Title/Abstract] OR “health app”[Title/Abstract] OR “medical application”[Title/Abstract]
OR “medical app”[Title/Abstract])

• AND

• Synonym definition: character*[Title/abstract] OR defin*[Title/abstract] OR concept*[Title/abstract] OR outlin*[Title/Abstract] OR
mean*[Title/abstract] OR descri*[Title/abstract] OR terminology[Title/abstract] OR glossary[Title/abstract] OR framework[Title/abstract])
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Figure 1. Flowchart of the search strategy.

Snowball Method: Backward Search
We formed a citation network using the snowball method after
identifying the first set of potential publications from the
narrative database search. The snowball search method allows
for linking various scientific fields. This is essential as they all
have different search terms, leading to overseen but relevant
papers in systematic literature searches with a specific search
string [31-33]. Our approach followed the guidelines for
snowballing in systematic literature studies by Wohlin [32].
The already identified papers (identified through keyword
search) served as seed articles (level 1). We screened the
reference lists of these seed articles to identify other relevant
publications (level 1). As a next step, relevant papers identified
through the reference lists of level 1 publications were included
(level 2). We stopped after level 2 screening as publications
became less relevant to the seed publication the further we
continued the search.

Snowball Method: Forward Search
To avoid the bias of citing only older literature (based on the
literature search solely through reference lists), we used the
platform Connected Papers [34]. This website connects
databases from different fields to form holistic citation trees
around a chosen paper. This way, Connected Papers allows for
forward snowballing (ie, which other reports cited the selected
article?) and backward snowballing (ie, which references did
the chosen paper use?). Connected Papers displays all papers
that cite the publication (level 1) and that cite level 1
publications (level 2) in a tree-like graphic. The multilevel
multidisciplinary tree of connected references helped us identify
our topic’s core papers. We screened the publications shown in
the tree and included them if they met our inclusion criteria.

Qualitative Analysis
One author collected all definitions in a table in preparation for
the data synthesis. In total, 2 German authors independently
translated German definitions into English following the
translation by Kramer [35] that Gesundheits-Apps in German
are health apps and Medizin-Apps in German are medical apps.
A third author translated them from English back to German to
check if the meaning was the same. Disagreements between the
authors were resolved in a group discussion between all authors,
where a final consensus was reached.

After collecting and translating the definitions from the retrieved
literature, we conducted qualitative data analysis for evidence
synthesis. Qualitative methods helped us better understand the
rationale, perspectives, assumptions, statements, and approaches
that researchers used to define health or medical apps [36]. In
synthesizing the search results, we opted for an inductive
bottom-up approach (conventional content analysis [37]). We
developed categories for the qualitative content assessment from
the material we screened. This was an iterative process, with
new categories being added whenever indicated by the search
results. We applied a thematic content analysis approach to the
original and translated definitions to categorize the recurrent or
common topics [30]. One author coded the definition themes
using the software MAXQDA 2020 (VERBI GmbH).

Results

Overview
The basis for the qualitative content analysis was formed by a
review of the legal landscape from the United States, the EU,
and the particular case of Germany. The given nature of law is
to form precise definitions in which every word has a concrete
meaning. Although legal definitions need to be exact enough
to be used, they also need to be abstract enough to suit individual
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cases—such as medical apps. We applied the legal definitions
of medical apps as mobile medical devices as an understanding
lens to later analyze our scientific findings.

Legal Definitions of Medical Apps as Medical Devices

Overview
Apps are not entirely unregulated, but app-specific law is still
rare [18,19]. For example, data protection law requires a legal
basis for the data processing of an app [38], and the MDR sets
high standards of quality and safety for software entering the
market as a medical device [39]. Nevertheless, these laws do
not use the term app and are not intended to regulate apps only.
These laws use broader terms such as data processing or medical
device, thus fitting more product categories than just apps.
Consequently, apps can be affected by all these laws. Only the
German regulation of DiGA and digital care applications (DiPA)
is app-specific in the health context. The following sections
provide an overview of the legal definitions of medical devices,
mobile medical apps, DiGA, and DiPA and their thematic
overlap.

Medical Devices
Both the United States and the EU regulate some apps through
the control and supervision of medical devices. Although in the
United States only the Food and Drug Administration (FDA)
is responsible for regulating and approving, in the EU, several
national conformity assessment bodies evaluate whether medical
devices meet the standards of the EU MDR [40]. Although they
are 2 different legal frameworks, the US and EU definitions of
medical devices resemble each other—they concentrate on
particular intended purposes. Related to the Federal Food, Drug,
and Cosmetic (FD&C) Act, the US medical device is “an
instrument, apparatus, implement, machine, contrivance,
implant, in vitro reagent, or other similar or related article,
including a component, part, or accessory, which is: [...]
intended for use in the diagnosis of disease or other conditions,
or in the cure, mitigation, treatment, or prevention of disease,
in man or other animals [...]” [41].

Similarly, the European MDR depicts medical devices as “any
instrument, apparatus, appliance, software, implant, reagent,
material or other article intended by the manufacturer to be
used, alone or in combination, for human beings for one or more
of the following specific medical purposes [...]” [17].

Comparing these laws, the definition of medical devices focuses
on their intended use for medical purposes.

Mobile Medical Apps
The United States and European countries have recognized
various apps and their potential benefits and risks to public
health. Consequently, they have published orientation guides
and policies defining which apps are considered medical devices,
creating the term mobile medical apps. According to the
definition of the FDA, a mobile medical app is “a mobile app
that incorporates device software functionality that meets the
definition of device in section 201(h) of the FD&C Act 11; and
either is intended to be used as an accessory to a regulated
medical device; or to transform a mobile platform into a
regulated medical device” [42].

This definition suggests that a mobile medical app is inevitably
a medical device from a legal perspective and, thus, is intended
to be used for the same medicinal purposes as a medical device.
In parallel, the German Federal Institute for Drugs and Medical
Devices orientation guide on medical apps also qualifies medical
apps as medical devices, referring to particular intended
purposes [43]:

Stand alone software like smartphone apps can indeed
be classified as a medical device. In order for this to
be the case, the software must be intended by the
manufacturer to be used for humans and for at least
one of the following purposes pursuant to Section 3
number 1 [Act on Medical Devices] MPG:

• diagnosis, prevention, monitoring, treatment or alleviation
of disease,

• diagnosis, monitoring, treatment, alleviation or
compensation of injuries or handicaps,

• investigation, replacement or modification of the anatomy
or of a physiological process,

• control of conception.

As this guidance was published before the current MDR entered
into force, Article 2 (1) of the MDR [17] replaces the outdated
purposes of the Act on Medical Devices. In summary, based on
the legal definitions, mobile medical apps are medical devices
and, therefore, are intended to be used for medical purposes.
Thus, the key phrase is the intended use [44].

DiGA Definition
Closely related to medical apps are DiGA, which are officially
available for prescription in Germany since October 2020. The
law itself defines DiGA as “medical devices of lower risk class
[intended to] support the detection, monitoring, treatment or
alleviation of disease or the detection, treatment, alleviation of,
or compensation for, an injury or disability of insured people”
(own translation [45]).

Referring to medical devices, the definition of DiGA reveals
that the intended use is again essential for their definition.
Hence, DiGA are a small subset of mobile medical apps and
medical devices. Spoken more abstractly, all DiGA are medical
apps—and, therefore, medical devices—but not all medical
devices and medical apps are DiGA. DiGA are predominantly
regulated by the German Medical Device law and are only
offered when they fulfill the Digital Health Applications
Ordinance requirements regarding, for example, quality and
safety, data protection, and data security.

DiPA Definition
Shortly after introducing DiGA, the German legislature
regulated so-called DiPA in January 2022. According to the
law, DiPA are “applications that are essentially based on digital
technologies and are used by those in need of care or the
interaction of those in need of care, relatives, and approved
outpatient care facilities to reduce impairments to the
independence or abilities of the person in need of care and to
counteract a worsening of the need for care, insofar as the
application is not to be provided by the health insurance or other
responsible service providers due to illness or disability (digital
care applications)” (own translation [46]).
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Unlike DiGA, DiPA can but do not necessarily have to be
medical devices. This affects the health aim of DiPA as
well—DiGA need to be medical devices and, thus, have to be
intended by the manufacturer to be used for medical purposes.
However, DiPA do not need this health aim as they focus on
care and the reduction of impairments or abilities of care
recipients. According to the legislator, a DiPA can sometimes
cover the same purposes as a DiGA [46], which implies that
DiPA can be used for medical purposes. Through this statement,
the legislator classifies care as a possible medical purpose.

Nevertheless, delimitation questions appear when an app
addresses medical and care purposes. In addition, DiPA can
include medical apps that cannot be reimbursed as DiGA. DiGA
are limited to medical devices of a lower-risk class (according
to the risk classes of the MDR), whereas DiPA can also include
those of higher-risk classes. As the DiPA regulation was just
passed at the time this paper was written, the distinction between
DiPA and DiGA is not clear yet. It is presumed that it will be
part of the former DiPA ordinance—the equivalent of the Digital
Health Applications Ordinance.

Summary of the Legal Landscape
Legal norms and guidance only contain the terms medical
devices, mobile medical apps, DiGA, and DiPA. They do not
include the term health app. Consequently, there are only legal
definitions of medical devices, mobile medical apps, DiGA, and
DiPA. Except for DiPA, these definitions directly share one key
characteristic: the intended use for medical purposes. As the
legislator implies that caring is a medical purpose, DiPA
indirectly share the intended use for medical purposes.

However, the question remains as to which aspects are regulated
by the named laws. The regulation of medical devices, mobile
medical apps, and DiGA is part of the Medical Device Law.
Accordingly, the Federal Food, Drug, and Cosmetic Act and
the MDR set high quality and safety standards for medical
devices to meet everyday safety concerns. Medical devices need
to fulfill special requirements to enter the market. For example,
the MDR stipulates the supervision of notified bodies,
conformity assessment procedures, clinical investigations,
clinical evaluation, vigilance, market surveillance, transparency,
and traceability [47].

Scientific Definitions

Overview
Our search produced a total of 22 papers providing a definition
of health apps and 11 papers that defined medical apps in
English or German (the total number of included papers was
24). No original definitions in Chinese were identified (the only
definition coming from a Chinese publication [48] was published
in English). We identified more papers providing a description.
For example, Karakoyun et al [49] referred to the FDA definition
of medical apps [42]. In contrast, Azad-Khaneghah et al [50]
cited the definition of health apps by Morse et al [51], and Sun
et al [52] used the description of health apps by Aitken and Lyle
[53]. However, all these other papers referenced definitions
from the papers included in our corpus. Hence, they were not
included in our final data set.

The included original definitions are presented in Table 1.
Where publications provided a definition of both health and
medical apps, the definitions are displayed next to each other
to make differences more visible.
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Table 1. Overview of the included original definitions of health apps and medical apps sorted by publicationa.

Definition of medical appDefinition of health appAuthor, year, country

“Medical apps are used to diagnose, self-manage, monitor
and treat conditions, provide decision-support, and collect
health-related information.”

“At the core of many mobile phone health applications is a
single strategy: using the phone to track health-related behav-
iors, physiological states, symptoms, and other parameters
relevant to health. [...] In addition to automatic detection of

Klasnja and Pratt [54],
2012, United States

health-related behaviors, a number of phone-based health
applications can connect, often wirelessly, to devices for
measuring and uploading physiological data.”

—c“Transferring the established health definition of the WHO
from 1946, health apps can be described as mobile applica-

Scherenberg and Kramer

[55], 2013, Germanyb

tions that aim to positively and sustainably influence physi-
cal, mental and social well-being on the basis of scientific
evidence.”

“Apps dealing with the prevention of or aid with diagnostics
and treatment of diseases as well as injuries could also be

“To better define the term ‘health app,’ we would like to
suggest using the definition provided by the World Health

Albrecht et al [21], 2014,
Germany

added to this category, but since they touch on areas typicallyOrganization (WHO) in 1946 that defined health as ‘a state
covered by medical professionals, assigning the label ‘med-of complete physical, mental, and social well-being and not
ical app’ seems more appropriate to underline the diagnosticmerely the absence of disease or infirmity’ (WHO, 1948).
and therapeutic aspects of such apps. Medical apps usuallyApps that are in accordance with this definition of
target health care professionals as well as patients that havehealth—including apps that deal with wellness and fit-
already been diagnosed with a specific—often chronic—prob-
lem.”

ness—can be summarized as ‘health apps.’ Health apps
generally address healthy individuals who are simply inter-
ested in obtaining general information about their body and
health status and want to keep fit and stay healthy.”

“[...] apps categorized as medical are usually designated for
medical professionals or as supportive apps for patients with

“Usually, apps designated for health and fitness are meant
for daily use by patients, performing such functions as calorie
and diet recorders, exercise assistants and patient diaries.”

Aungst et al [56], 2014,
United States

a medical condition. [...] What sets apart a medical app from
others is that they can play a role as a clinical tool in medical
practice. They are utilised by allied health professionals in
medical education, at the point-of-care, through direct inter-
action with patients, and as clinical references.”

—“Phone application designed to promote health behavior or
health maintenance [...], with the majority being related to
diet and physical activity.”

Boudreaux et al [57],
2014, United States

—“Lifestyle and health apps are primarily apps that directly
or indirectly promote healthy behaviors, quality of life, and
well-being for individuals.”

European Commission
[58], 2014, Belgium

“Medical applications (‘apps’) for mobile devices such as
smartphones and tablet computers provide health care pro-

—Seabrook et al [59],
2014, Canada

fessionals, patients, and the public with a growing number
of specialized tools and resources.”

“Among the large group of ‘health apps,’ there are of course
also apps that have their mission in the prevention, detection

“The term ‘Health App’ therefore refers to mobile applica-
tions that aim to positively and sustainably influence physi-

Gehring et al [60], 2014,

Germanyb

and treatment of diseases and injuries. These are genuinecal, mental, and social well-being on the basis of scientific
medical topics and a differentiation into ‘medical apps’ (appsfindings. [...] In addition to apps that are intended to assist
with a medical purpose—derived from the Latin ars medici-with relaxation (wellness), those that prescribe or accompany
nae, ‘medical art’ or ‘medicine’ [...]) is appropriate here in
order to emphasize the diagnostic and therapeutic aspect.”

a physical work out (fitness) also belong to the category of
‘health.’”

—“mHealth apps are mobile device applications intended to
improve health outcomes, deliver health care services, or

Powell et al [61], 2014,
United States

enable health research. [...] Because apps can be used to in-
expensively promote wellness and manage chronic diseases,
their appeal has increased with health reform and the increas-
ing focus on value.”

—“The availability of consumer apps continues to grow, par-
ticularly in the area of health care apps. Commonly referred

Aitken and Lyle [53],
2015, United States

to as mHealth apps, these apps assist consumers in self-
management of overall wellness, disease prevention and
disease management.”
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Definition of medical appDefinition of health appAuthor, year, country

“In general, medical apps are apps for health care profession-
als that support their everyday work, as well as apps for pa-
tients to better manage mostly chronic diseases. These apps
are mainly found in the ‘Medicine’category of the two major
app stores (Google Play, Apple iTunes).”

“Health apps aim at maintaining fitness and supporting a
health-promoting lifestyle. These apps are offered in the
‘Health and Fitness’ category.”

Lucht et al [62], 2015,

Germanyb

—“Health apps can be defined as apps that provide users with
functionalities for the areas of health, medicine, healing or
wellness and thus, in a broader sense, transfer the WHO
definition of health (WHO 1948) to the app area.”

Albrecht and von Jan

[63], 2016, Germanyb

“Medical apps address patients or their family members who
are looking for support to better manage their daily lives,
e.g., with a chronic disease. These apps are designed to
strengthen the ‘self-empowerment’ of those affected to
manage their disease. Medical apps also include apps that
support health care professionals (physicians, nurses, thera-
pists) in their daily practice or clinical routine, e.g., with
reference works, dosage calculators, and medical decision-
making aids. In the English-speaking world, medical apps
are also referred to as medical apps.”

“Health apps address healthy users who want to use the app
to support themselves in a health-promoting lifestyle, and
who want to strengthen their resources—for relaxation, for
a better understanding of health or illness, for a healthy, ac-
tive lifestyle—with the help of an app.”

Kramer [35], 2017, Ger-

manyb

—“Mobile health (mHealth) applications (apps) are software
that are incorporated into smartphones to improve health
outcome, health research, and health care services.”

Morse et al [51], 2018,
Malaysia

“Medical apps that address either medical professionals or
must be classified as medical devices due to their medical
indication. Applications that are specifically intended to de-
tect, cure or alleviate diseases, illnesses and physical injuries
are classified as medicine and medical science.”

“Basically, health apps are application programs for mobile
devices, in particular smartphones and tablets, whose aim is
to have a positive effect on the user’s health.”

Evers-Wölk et al [64],

2018, Germanyb

“Medical apps are a smaller group of health apps that are
specifically related to medicine. These include applications
for service providers to support everyday professional life
as well as applications for patients for the self-management
of mostly chronic diseases.”

“Health apps are applications for citizens and patients whose
primary goal is health or health promotion. According to the
WHO definition of health, health apps are mobile applica-
tions that ‘positively and sustainably influence physical,
mental, and social well-being on the basis of scientific find-
ings.’”

Gregor-Haack [65],

2018, Germanyb

“A distinction must be made here between health apps, which
address primarily laypersons interested in health, and medical
apps, which address representatives of the health care profes-
sions. Medical apps focus on medical and nursing functions
and often relate to the areas of diagnostics and therapy; they
are regulated by the Medical Devices Act. Examples include
medical reference works, calculators (e.g. for drug dosages)
or the presentation of medical documents and images.”

“A distinction must be made here between health apps, which
are primarily aimed at medical laypersons interested in
health, and medical apps, which are aimed at representatives
of the health care professions. Health apps are much more
common, mostly available free of charge in app stores and
not subject to regular quality control. They range from pe-
dometers, nutrition and weight control tools, fitness-related
applications, the collection of (disease-related) user measure-
ment data, to medication management.”

Groß and Schmidt [66],

2018, Germanyb

“One form of mHealth is mobile medical applications
(MMAs) also known as ‘apps.’ These are a type of software
available for mobile platforms (e.g., smartphone, tablet,
smartwatch). In a medical context, MMAs may be used by
patients to self-manage and/or screen medical conditions,
rather than presenting at hospitals or clinics for additional
appointments. MMAs may also allow for medical practition-
ers and/or allied health workers to remotely monitor, screen
and manage their patients.”

—Moshi et al [67], 2018,
Australia

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e37980 | p.36https://mhealth.jmir.org/2022/10/e37980
(page number not for citation purposes)

Maaß et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Definition of medical appDefinition of health appAuthor, year, country

—“The delimitation is based on the consideration of three
central perspectives: the user perspective, the technological
perspective and the regulatory perspective. Health apps are
primarily aimed at health-conscious users and offer support
in the areas of prevention, education and health promotion.
They are generally not aimed at healthcare professionals.
From a technological perspective, their focus is on the col-
lection, recording, processing and visualization of users'
health-related data. A not insignificant proportion of apps
focus purely on imparting knowledge. From a regulatory
perspective, it is worth noting that, unlike medical apps or
DiGA, health apps are not generally subject to any specific,
binding regulation.”

Heretleif et al [68], 2021,

Germanyb

—“Mobile health applications, the principal manifestation of
mobile healthcare, refer to health applications based on mo-
bile terminal systems such as Android and iOS that provide
services such as medical information inquiry and symptom
self-examination. Mobile health applications allow users not
only to seek answers to health problems but also to gain ac-
cess to healthcare, exercise and fitness, health management,
and other related services anytime and anywhere. Mobile
health applications alleviate the shortage of health informa-
tion resources to a certain extent, provide a convenient way
for users to obtain health information and services, and play
an important role in spreading health knowledge and meeting
the users’ need for health consultation.”

Wang and Qi [48], 2021,
China

—“Mobile health apps (mHealth) offer a way to monitor pa-
tient’s health conditions, such as diet, body weight, blood
pressure, mood, and sleep, among others, and can be used
in combination with traditional health care to facilitate access
to health information [...]. Thus, mHealth apps might increase
awareness of needed behavioral changes and the adherence
to healthy habits, along with the health care provider’s
awareness of what the patient is doing [...]. Moreover,
mHealth apps can guide illness self-management, providing
patients with psychological support and decision-making
support, and facilitating collaboration between health profes-
sionals, patients, and their families.”

Volpi et al [69], 2021,
Brazil

—“In recent years, mobile health (mHealth) apps on smart-
phones have become ubiquitous tools for personal health
management and behavior tracking. mHealth apps can pro-
vide individuals with continuous feedback on health status
and progress, push notification reminders, and other useful
engagement features.”

Golden et al [70], 2021,
United States

—“The Health apps specifically have the potential to enhance
patient/provider communication and assessment through
active and passive evaluation and tracking. Smartphone
mobile applications are able to record self-reported patient
outcomes, whereas activity trackers such as the Apple Watch
and Fitbit are able to collect real-time physiological data
such as heart rate and step counts.”

Racioppi et al [71], 2021,
United States

—“Health apps can monitor health conditions and alert the
patient or attending physician about deterioration.”

Tobias and Spanier [72],
2021, Israel

aOf the 22 definitions of health apps, 9 (41%) were in German and translated into English. A total of 45% (10/22) of the publications came from Germany,
and 32% (7/22) came from the United States. Other definitions were identified from Asia (3/22, 14%) [50,53,54] or South America (1/22, 5%) [55].
For medical apps, of the 11 definitions, 6 (55%) were published in German. As for health apps, most descriptions for medical apps came from Germany
(7/11, 64%) or the United States (2/11, 18%), only 9% (1/11) came from Australia [71], and 9% (1/11) came from Canada [72].
bGerman publications translated by the authors (MF, HHD, and TJ) into English.
cNo definition given.
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Quality Analysis of Found Definitions From Scientific
Papers
We analyzed the identified definitions using MAXQDA to form
word clouds of the terms used for health apps and medical apps.
Multimedia Appendix 1 provides a brief overview of the
differences in wording of health and medical apps (for word
cloud data, see also Multimedia Appendix 1). The following
sections provide a more detailed analysis of the definitions’
topics.

Health Apps
Our qualitative analysis identified the 7 most common topics
(user, health aim, definition of health, device, regulation, data,
and technological functions) addressed by most publications
for health apps. For health apps, the 2 dominant topics were the
health aim of health apps and the used or produced data. Only
a few definitions (2/22, 9%) addressed the missing regulation
and the functions of the apps (Multimedia Appendix 2
[21,35,48,51,53-58,60-66,68-72]).

Except for 9% (2/22) of the publications [54,72], every
definition addressed the aim of health apps. A total of 45%
(10/22) of the papers [35,51,56-58,62-65,68] named health
promotion as a goal of health apps. Other frequently given aims
included improving the user’s fitness [21,56,60,62,66], wellness
[21,35,53,60,61,63], and mental and social well-being
[55,60,65]. Less frequently stated were the health aims disease
prevention and disease management [53,69]; illness or disease
self-management [53]; behavior tracking [70]; access to health
information; psychological support; and decision-making
support to facilitate collaboration between the patient, their
family, and their physician [69]. More generally, Tobias and
Spanier [72] spoke about health conditions.

The user group was described in 64% (14/22) of the papers.
Although 21% (3/14) of these papers mentioned users in general
[48,63,64], 29% (4/14) limited this group to health-conscious
users [68], (healthy) users who are interested in health [21,35],
or medical laypersons interested in health [66]. Similarly,
mentioned user groups of health apps were citizens [65] and
individuals [58,63,70], patients [56,65,69,71,72], or the family
as a potential user group [69]. Only 29% (4/14) of the definitions
named professionals (ie, non-healthcare professionals [68],
health professionals [69], or physicians [72]) as users of health
apps.

A total of 64% (14/22) of the publications included data
collection in their definition of health apps. However, the types
of data collected were heterogeneous. In total, 36% (5/14) of
the papers stated that health apps collect data on health behavior
[35,54,57,62,70]. Other publications reported data on physical
activity (4/14, 29%) [35,56,57,60] or dietary data (4/14, 29%)
[56,57,66,69]. Some definitions restrained themselves from
naming concrete fields and were phrased more generically as
collecting general information about their body (1/14, 7%) [21],
other parameters related to health (1/14, 7%) [54], health
outcomes (1/14, 7%) [51], health conditions (2/14, 14%) [69,72],
physiological data (1/14, 7%) [71], or health-related data (1/14,
7%) [68].

Concerning devices, of the 12 papers that defined health apps,
6 (50%) described health apps as mobile applications in their
definitions [51,55,60,65,66,71]. Some publications described
health apps as mobile phone (2/12, 17%) [54,57]; smartphone
(3/12, 25%) [64,70,71]; or, more generally, as mobile device
based (3/12, 25%) [54,61,64]. Only 8% (1/12) of the papers
included tablets as devices for health apps [64].

In total, 41% (9/22) of the papers described the technical
functions of health apps. These included tracking [54,66,70,71],
data collection [66,68,71], recording [56,68,71], exercise
assistance [56,60], monitoring [69,72], detection, connecting,
measuring, and uploading [54]. A total of 5% (1/22) of the
papers each added the role of a diary [56], prescribing tools
[60], providing continuous feedback [70], alerting [72], or more
general tools for processing and visualizing data [68].

In total, 18% (4/22) of the papers (all from German authors)
included a definition of health in their description of health apps
[21,55,63,65]. All of them (4/4, 100%) referred to the definition
given by the WHO in 1948, which framed health as “a state of
complete physical, mental, and social well-being and not merely
the absence of disease or infirmity” [73]. The regulation of
health apps was addressed by only 9% (2/22) of the definitions
[66,68]. Both publications stated that health apps are not subject
to regular quality control [66] or not generally subject to any
specific, binding regulation [68].

Medical Apps
In the definitions of medical apps, the common topics were
similar to those of health apps. In contrast to health apps, no
publication on medical apps defined medicine. Therefore, only
6 recurring issues in the descriptions of medical apps were
identified. The reports on medical apps most often stated the
health aim of the app and the user groups. Only 9% (1/11) of
the definitions specified the data and function of medical apps
(Multimedia Appendix 2).

In total, 91% (10/11) of the definitions described that the health
aim of medical apps is to serve as clinical tools for detection,
diagnosis, monitoring, and treatment of diseases or injuries
[21,35,54,56,60,62,64,66,67] and decision support for medicine
and nursing [21,35,54]. A total of 36% (4/11) of the definitions
also stated that medical apps serve as self-management tools
for chronic diseases and empowerment of patients
[35,54,62,65,67]. In total, 18% (2/11) of the definitions
mentioned the preventional purpose of medical apps [21,60].

Of the 11 definitions, 9 (82%) addressed users of medical apps.
Most of the definitions commonly indicated that the users of
medical apps are medical professionals (3/11, 27%) [21,64,67],
medical service providers (1/11, 9%) [65], health care
professionals (7/11, 64%) [21,35,56,59,62,66,67], and patients
(7/11, 64%) [21,35,56,59,62,65,67]. A total of 9% (1/11) of the
definitions included the general public in the user group [59].
Another definition specifically pointed out that patients’ family
members (eg, in their function as guardians or caretakers) are
also part of the medical app user group [35].

Only 27% (3/11) of the papers defined medical apps as mobile
applications or software that operate on mobile devices,
including smartphones and tablets [59,66,67], or smartwatches
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[67]. Equally less often addressed was the data criterion. Only
9% (1/11) of the definitions stated that medical apps collect
health-related information [54], whereas no other publication
described the data or technological functions of medical apps.
In total, 18% (2/11) of the papers stated that medical apps are
regulated as medical devices in Germany and the United States
[64,66]. We described the legal regulation of medical apps as
medical devices in detail in the previous section.

Discussion

Many of the definitions identified through the literature search
addressed the criteria user group, a specific understanding of
the term health, a concrete device, the fragmentary regulation
of medical apps (or the lack of regulation for most other types
of health apps), data collected, or technological functions to
gather or display content within the app. A definition of health
and medical apps should reflect this structure by using these
criteria.

Definition of Health Apps
The health aim of health apps can be summarized as
maintaining, improving, or managing the user’s health.
However, it remains unclear what health means. Although none
of the definitions of medical apps are built on a definition of
health or medicine, some health app definitions (4/22, 18%)
included their understanding of health. Although 18% (4/22)
of the papers mentioned a definition of health [21,55,63,65],
they all followed the WHO definition of health from 1948. On
the basis of this definition, “health is a state of complete
physical, mental, and social well-being and not merely the
absence of disease or infirmity” [73]. Although there is no
consensus on what aspects the term health entails, many authors
see the WHO definition as outdated [74-77]. It is criticized for
defining health as binary (complete health or no health) and,
therefore, as a utopian status that cannot be achieved [77]. When
we use the term health (aim), we consequently do not understand
health as a binary construct, as the WHO defined it once.
Instead, we see health as the “capability to cope with and to
manage one’s malaise and well-being conditions” [75]. This
capability is affected by potential limitations of the social,
biological, physical, or interpersonal environment [78].

Building on the literature, health apps are software programs
on mobile devices that process health-related data on or for
their user. Every health-conscious individual can use them, be
it medical laypersons, family caregivers, or health professionals,
to maintain, improve, or manage the health of an individual as
well as communities or the whole population of a country (such
as COVID-19–tracing apps). Data processing, in our
understanding, includes any operation performed on personal
data (eg, collecting; organizing; storing; adapting; visualizing;
retrieving; disseminating or otherwise making it available;
restricting; or erasing) according to the General Data Protection
Regulation [79].

Definition of Medical Apps
Medical apps are generally used for clinical and medical
purposes and can but do not have to be legally regulated as

mobile medical devices. From a public health perspective, they
focus on secondary (early diagnosis and treatment of acute
diseases or injuries) and tertiary (rehabilitation and management
of chronic diseases) prevention. Nevertheless, the health aim
of medical apps leads to the problem that some health apps (eg,
fitness trackers or diary apps) could be seen as medical apps
when used for self-monitoring by people with chronic illnesses.
This would turn the health app into a medical app. To avoid
delimitation questions, we propose integrating the
manufacturer’s intention into the health aim of the app (see the
legal definition of medical devices). Accordingly, medical apps
are intended for medical purposes, which is stated in the app’s
description, privacy policies, or terms and conditions. Thus, we
propose the following holistic definition of medical apps:
Medical apps are a subgroup of health apps that focus on
secondary and tertiary prevention. They share the same
technological functions (processing of health-related data) as
health apps, and can be used on mobile devices. The main target
groups (but not exclusively) are health professionals, patients,
and family caregivers.

Following the legal definitions of DiPA and DiGA, both are
subgroups of medical apps. DiGA must necessarily be used for
medical purposes as they are medical devices. As the legislator
implies that caring is a medical purpose, DiPA indirectly share
the intended use for medical purposes, too.

Health-Related Apps
We identified a third group of apps during the literature search
for definitions of health and medical apps: health-related apps.
This relatively vague term was used in different publications
[4,25,80]. It remains unclear to what extent this type of app is
related to health and whether apps within this group are
homogeneous enough for an umbrella definition. We want to
emphasize that the term health-related app should not be used
as a category because of its fuzzy nature. This term displays the
uncertainty within the scientific community of what a health
app is and, therefore, expresses the need for a clear definition.

Relationship Between Health and Medical Apps
Our findings regarding the differentiation between health and
medical apps (and the 2 exceptional German cases of DiGA
and DiPA) are displayed in Figure 2. Comparing the definitions
of health apps with those of medical apps, we recognized that
some criteria are equally relevant for both types of apps (ie,
definition criteria), whereas others are not (ie, distinction
criteria). The criteria device, collected data, and technological
function are the definition criteria as they are equal for health
and medical apps. In addition, regulation should not be a
distinction criterion either. Defining medical apps by the way
they are regulated requires legal knowledge, which is neither
suitable nor practical for a definition and cannot be expected
from all stakeholders.

On the contrary, the user group is a distinction criterion for the
main user group. Equally, the health aim of an app is a
distinction criterion. This leads to our understanding of health
apps as the umbrella term, which includes medical apps as a
subgroup.
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Figure 2. The connection between health apps, medical apps, digital health applications (DiGA), and digital care applications (DiPA). °Can be affected
by medical device regulation because of the intended use for medical purposes. ~Regulated by section 33a of volume 5 of the German Social Insurance
Code and DiGAV as low-risk mobile medical devices in Germany only. *Regulated by section 40a of volume 11 of the German Social Insurance Code
in Germany only.

Decision Flowchart for Health and Medical Apps
On the basis of our analysis of the definitions derived from
scientific literature and the legal regulations in the United States,
the EU, and Germany, we designed a flowchart to classify health
and medical apps (Multimedia Appendix 3).

Most of the definitions of medical apps given by scientific
papers (6/11, 55%) matched the legal regulations in the United
States and the EU insofar as they listed medical purposes (if
they did not, it was because the scientific descriptions were not
as specific as the legal papers). Owing to this finding, the
flowchart offers insights on health and medical apps based on
the legal definitions in the United States and the EU. However,
it does not provide insights into whether an app is legally
regulated. Instead, it showcases a specific app that fits the legal
definitions in the named regions. However, other countries
might have different legal regulations for mobile medical apps,
so this flowchart can only report on the 2 regions given as case
studies. The decision tree is intended to provide a low-threshold
and practical way to differentiate between health and medical
apps quickly. Therefore, it can be used by scientists and
developers, politicians, or users of health-related apps. Owing
to the recent introduction of DiPA, a concrete regulatory
framework for these apps is still missing in Germany. As such,
the flowchart does not include DiPA.

However, it is still unclear whether there will be more
health-specific legal definitions once other countries begin
regulating apps, similar to how Germany regulates DiGA and
DiPA. Furthermore, it is unknown how app stores define and
use the terms health app and medical app in their app
categorization. Building on these questions, it is also unclear
how the many different definitions affect the various
stakeholders. It is yet to be examined what specific user groups

expect from health and medical apps and how they would define
both (eg, do health-conscious people or family caregivers want
to use them in their daily lives?). It is also not evident whether
prescribed apps affect the health care systems in any way and
whether they improve health care. Finally, it remains unclear
how we can ensure that health apps do not harm their users as
most of them are unregulated. Further research needs to be
conducted to answer all these questions.

Strengths and Limitations
To our knowledge, this is the first study to use an
interdisciplinary approach to differentiate between health and
medical apps from a legal and scientific point of view. By
analyzing various sources, we provided an interdisciplinary and
international overview of the multiple uses of the terms health
app and medical app. The in-depth discussion of the scientific
and legal perspective on health and medical apps offers a more
holistic and deeper understanding of the similarities and
differences between these terms. We conducted a qualitative
analysis using the MAXQDA software to ensure the
transparency of the analysis process of the identified definitions.
To present the results of our approach, we incorporated our
research findings into the creation of a decision chart
(Multimedia Appendix 3). This may not only assist researchers
in fostering a shared and clear understanding of the terms but
also enable practitioners to interpret the findings of our study
efficiently.

We do recognize that our research is prone to certain limitations.
First, we applied the snowballing method in line with Wohlin
[32]. However, although using a systematic collection technique
[81] might have yielded different results, one of the key
strengths of this review is its diversity of included disciplines
and breadth of content. Hence, as the goal of our study was to
be as inclusive as possible and analyze a wide range of fields
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and databases, the snowballing method was the most feasible
option. Furthermore, we excluded gray literature that was not
cited in our references or displayed the legal regulation in
regions other than the United States or the EU. The same applies
to the descriptions of apps in the app stores. We deemed this
approach appropriate as the focus was on using the terms in
science. However, scientists and policy makers are not the only
parties involved in developing apps for health. Other
stakeholders, such as developers or users, may have a scientific
education but may struggle to discern health and medical apps
represented in scientific publications. Subsequent research
should be dedicated primarily to these sources to incorporate
practitioners and other legal perspectives into our definitions
of health and medical apps. It should further be noted that we
only included literature published in Chinese, English, or
German. Economically speaking, a large part of the health and
medical app market is in the Asian region (eg, Japan). Therefore,
from a global perspective, our research is undoubtedly
fragmentary. Finally, it should be noted that this study does not
report whether other publications used the identified scientific
definitions.

Conclusions
With our literature review and qualitative analysis of the
scientific definitions of health and medical apps and the legal
perspective on medical apps, we offered the first step toward
defining health and medical apps more holistically—health apps
are software programs on mobile devices that process
health-related data on or for their users. Every health-conscious
individual can use them, be it medical laypersons, family
caregivers, or health professionals, to maintain, improve, or
manage an individual’s and the community’s health. As an
umbrella term, health apps include medical apps.

Medical apps can be defined as a subgroup of health apps that
have the same technological functions (processing health-related
data) as health apps and can be used on mobile devices. The
main target user groups (not exclusively) include health
professionals, patients, and family caregivers. Medical apps
share the intended use for clinical and medical purposes and
can be legally regulated as mobile medical devices. From a
public health perspective, they focus on secondary (early
diagnosis and treatment of acute diseases or injuries) and tertiary
(rehabilitation and management of chronic diseases) prevention.
For the special case of Germany, medical apps include DiGA
and DiPA.
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Abstract

Background: Electronic health diaries hold promise in complementing standardized surveys in prospective health studies but
are fraught with numerous methodological challenges.

Objective: The study aimed to investigate participant characteristics and other factors associated with response to an electronic
health diary campaign in persons with multiple sclerosis, identify recurrent topics in free-text diary entries, and assess the added
value of structured diary entries with regard to current symptoms and medication intake when compared with survey-collected
information.

Methods: Data were collected by the Swiss Multiple Sclerosis Registry during a nested electronic health diary campaign and
during a regular semiannual Swiss Multiple Sclerosis Registry follow-up survey serving as comparator. The characteristics of
campaign participants were descriptively compared with those of nonparticipants. Diary content was analyzed using the Linguistic
Inquiry and Word Count 2015 software (Pennebaker Conglomerates, Inc) and descriptive keyword analyses. The similarities
between structured diary data and follow-up survey data on health-related quality of life, symptoms, and medication intake were
examined using the Jaccard index.
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Results: Campaign participants (n=134; diary entries: n=815) were more often women, were not working full time, did not
have a higher education degree, had a more advanced gait impairment, and were on average 5 years older (median age 52.5, IQR
43.25-59.75 years) than eligible nonparticipants (median age 47, IQR 38-55 years; n=524). Diary free-text entries (n=632;
participants: n=100) most often contained references to the following standard Linguistic Inquiry and Word Count word categories:
negative emotion (193/632, 30.5%), body parts or body functioning (191/632, 30.2%), health (94/632, 14.9%), or work (67/632,
10.6%). Analogously, the most frequently mentioned keywords (diary entries: n=526; participants: n=93) were “good,” “day,”
and “work.” Similarities between diary data and follow-up survey data, collected 14 months apart (median), were high for
health-related quality of life and stable for slow-changing symptoms such as fatigue or gait disorder. Similarities were also
comparatively high for drugs requiring a regular application, including interferon beta-1a (Avonex) and glatiramer acetate
(Copaxone), and for modern oral therapies such as fingolimod (Gilenya) and teriflunomide (Aubagio).

Conclusions: Diary campaign participation seemed dependent on time availability and symptom burden and was enhanced by
reminder emails. Electronic health diaries are a meaningful complement to regular structured surveys and can provide more
detailed information regarding medication use and symptoms. However, they should ideally be embedded into promotional
activities or tied to concrete research study tasks to enhance regular and long-term participation.

(JMIR Mhealth Uhealth 2022;10(10):e38709)   doi:10.2196/38709

KEYWORDS

registry; multiple sclerosis; digital health; electronic health diary; diary; participation; adherence; patient-reported outcome;
natural language processing; unstructured text

Introduction

Background
Electronic health diaries are consumer- or patient-facing
electronic tools to record personal health-relevant information
prospectively [1]. Flexibility and ease of use make electronic
health diaries an attractive option for self-learning, patient
empowerment, and health care management support [2].
Electronic health diaries are also used in research contexts where
they offer more timely or even real-time reporting of
health-related indicators and can thus meaningfully complement
medical records or retrospective questionnaires [1]. In addition,
free-text entries of diary studies can offer a window into a
person’s emotions [3-6] and daily-life contexts.

Electronic health diaries have also found application in multiple
sclerosis (MS) research, where they have been used as logbooks
of physical activity sessions [7] or to record disability- or
health-related quality of life scores [8-10]. Furthermore, health
diaries have also been explored in the context of
self-management improvement programs for persons with MS
[11,12], as well as to monitor and enhance medication adherence
to disease-modifying treatments (eg, through reminder
functionalities) [13,14].

However, numerous methodological and user challenges have
been highlighted [1,15]. First, keeping health diaries over
extended periods (ie, months or even years) demands continual
intrinsic and extrinsic motivation, as well as substantial support
from study investigators [1,15]. Second, studies relying on
free-text entries require special analytical methods [1,15] that
involve substantial manual data preprocessing. Finally, to
increase compliance, the number of diary questions needs to be
relatively small—thus limiting the depth of health information
that can realistically be collected (eg, regarding a person’s
disease history).

Objectives
In light of these challenges, we aimed to explore the applicability
and usability of electronic health diary data collected by the
Swiss Multiple Sclerosis Registry (SMSR) during a week-long
health diary campaign. Specifically, we aimed to compare the
characteristics of the participants in the health diary campaign
with eligible nonparticipants of the SMSR campaign (aim 1).
Furthermore, we intended to analyze the content of the diary
free-text field section by applying 2 different natural language
processing methods (aim 2). Finally, we aimed to evaluate the
diary-collected health-related quality of life, symptoms, and
treatment information by comparing it with corresponding
survey-based information (aim 3).

These investigations were guided by several literature- and
research-based assumptions. Recent research has revealed that
younger age is linked to a more frequent adoption of mobile
health technologies [1,2]. Therefore, we hypothesized that the
electronic health diary campaign participants would be younger
than nonparticipants with access to the registry’s web-based
platform. Furthermore, although there is usually very good
intraindividual consistency of stable symptoms, treatments, or
side effects among semiannual surveys [16,17], the health diary
may be better able to capture dynamic symptoms and treatment
effects in a more comprehensive and fine-grained fashion.

Methods

Study Context
The electronic health diary data were collected by the SMSR
as part of a nested campaign entitled “A week in the life of
persons with MS,” which ran from March 9, 2019, to March
17, 2019. The SMSR is a nationwide, patient-centered registry
for persons with MS (trial registration: ClinicalTrials.gov
NCT02980640) [18,19]. The registry was launched in June 2016
as a collaboration between the Swiss Multiple Sclerosis Society
and the University of Zurich with the aim to create a
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patient-centered registry for adult persons with MS living in
Switzerland.

Since its launch in 2016, the SMSR has been collecting and
updating standard information on MS symptoms, treatment
histories, and health-related quality of life in semiannual surveys
[19]. As of July 13, 2019, a total of 2350 participants had
contributed data to the SMSR. Participants can either enroll for
digital participation (approximately 80% of all participants), or
they can choose to complete the surveys on paper
(approximately 20%). The baseline assessment has 2 stages.
First, participants complete a short survey (initial questionnaire)
that collects basic sociodemographic characteristics and core
data on MS diagnosis, as well as symptom and treatment
histories. A second, more extensive survey (baseline
questionnaire) collects current symptoms and treatments, as
well as detailed information on education, work, health care
use, comorbidities, and MS status [18,19].

The electronic health diary is a separate feature on the digital
SMSR study platform, available in German, French, and Italian,
and specifically developed to work on PCs and mobile devices.
The diary was semistructured (Figures S1-S6 in Multimedia
Appendix 1). It contained a free-text field where participants
could describe their current health status and any other
information that they deemed relevant. There were no
restrictions on the number of characters. In addition, the diary
included structured questions that mirrored corresponding survey
items from the longitudinal surveys, namely the EQ-5D-5L and
the EuroQol visual analog scale (EQ-VAS; 0-100 scale), as well
as current MS symptoms (checkboxes) and current use of
immunomodulatory and complementary therapies (checkboxes;
Figures S5 and S6 in Multimedia Appendix 1). Visually, the
diary was organized as a calendar sheet that allowed
retrospective entries.

Description of the Nested Electronic Health Diary
Campaign
To promote the release of the electronic health diary, the SMSR
launched a campaign entitled “A week in the life of persons
with MS,” which ran from March 9, 2019, to March 17, 2019.
All web-based participants were invited to make daily diary
entries in the free-text field and complete the structured
questions on current symptoms and medication intake
(Multimedia Appendix 2). Participants were encouraged to share

positive and negative experiences as well as self-management
strategies.

The campaign included different communication activities
(Multimedia Appendix 3, red numbers). First, a general
announcement was issued by email on January 28, 2019. One
month later (February 28, 2019), a personal invitation was sent
by email to all web-based participants, followed by a reminder
on March 8, 2019 (ie, the day before the launch of the
campaign). A final motivational reminder was sent through
email on March 14, 2019. An announcement and daily campaign
updates were posted on the SMSR website as well as on the
public website and the Facebook page of the Swiss Multiple
Sclerosis Society. The daily campaign updates included visual
summaries of different health diary items (average EQ-VAS
score, percentage of participants with a specific mood, the 3
most frequent symptoms, percentage of users of complementary
therapies, and the 3 most frequent complementary therapies).

Study Population
Of the 1550 SMSR enrollees who had completed the baseline
assessments, 1318 (85.03%) participated through the SMSR
web platform (Figure 1). Paper-and-pencil participants were
excluded a priori because the health diary was only available
on the web. After the application of inclusion criteria and data
quality checks, we included 96.66% (1274/1318) of the
web-based enrollees with baseline assessments completed until
1 week after the campaign ended (March 26, 2019). This time
frame was chosen because a small number of participants (n=21)
joined the SMSR during the diary campaign but completed the
baseline assessment only a few days after the campaign ended.
Of these 1274 enrollees, 658 (51.65%) had completed the next
semiannual survey in the spring of 2020—hereafter follow-up
survey—that included all standardized assessments from the
diary (health-related quality of life, symptoms, and medication
use). Among these 658 enrollees, 134 (20.4%) had made a
nonempty free-text entry in the electronic health diary collected
between February 27, 2019 (1 day before the invitation to the
campaign was emailed), and March 19, 2019 (2 days after the
official end of the campaign), including retrospective entries
(Multimedia Appendix 4). This analysis time frame was chosen
because the first campaign announcement on February 28, 2019,
had already triggered numerous entries (Multimedia Appendix
3). Entries for retrospective dates were included if they were
created during the analysis time frame.
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Figure 1. Flowchart of the study population, from the perspective of the completion of the baseline and follow-up surveys (refer to Multimedia Appendix
3 for more detailed information regarding the electronic health diary entries).

Measures
We analyzed 3 different types of data items that were collected
both in the diary and the follow-up survey. The first data item
consisted of textual diary entries describing notable daily events
or current physical and mental well-being. Only German diary
entries containing at least one word were considered for the
analysis. The second analysis included the EQ-5D-5L index
(derived from French reference value sets [20-22]) and the
EQ-VAS. The third type of data pertained to current symptoms
and the use of immunomodulatory medications [20,23].

In the diary and in the follow-up survey, participants were asked
to indicate their current MS symptoms and the MS symptoms
they had experienced within the last 12 months, respectively,
from the following list: visual impairments, speech disorders,
swallowing difficulties (dysphagia), weakness, signs of
paralysis, fatigue, paresthesia (eg, deafness and tingling),
dizziness, pain, gait disorder, vestibular disorders, bladder
disorders (eg, bladder weakness), spasms (muscle cramps),
convulsions and tics, tremor, intestinal disorders (eg,
constipation), epileptic convulsions, sexual disorders, memory
disorders, depression, concentration problems, problems with
spatial orientation, affective lability or lack of control over
emotions, or other unspecified symptoms.

Any current use of an immunomodulatory MS drug (diary and
follow-up survey) and use of an immunomodulatory MS drug
within the last 6 months (follow-up survey) were collected based
on the following medication list: teriflunomide (Aubagio),
interferon beta-1a (Avonex), interferon beta-1b (Betaferon),
glatiramer acetate (Copaxone), cyclophosphamide (Endoxan),
interferon beta-1b (Extavia), fingolimod (Gilenya), azathioprine
(Imurek), alemtuzumab (Lemtrada), rituximab (MabThera),
laquinimod (Nerventra), mitoxantrone (Novantron), ocrelizumab
(Ocrevus), peginterferon beta-1a (Plegridy), interferon beta-1a
(Rebif), cyclosporine (Sandimmun), tetracosactide (Synacthen),
dimethyl fumarate (Tecfidera), natalizumab (Tysabri), and other
unspecified medications.

Statistical Analyses
Baseline characteristics of diary campaign participants (that is,
persons with at least one valid health diary entry during the
analysis time frame) and nonparticipants were compared
descriptively (aim 1). Continuous data were analyzed by
medians and IQRs and categorical information by frequency
counts and percentages. Using visual plots, we analyzed the
frequency and patterns of diary use over time, intending to learn
more about the impact of reminders on participants’ behavior.

For aim 2, the content of diary text entries was analyzed using
the Linguistic Inquiry and Word Count (LIWC) 2015 software
(Pennebaker Conglomerates, Inc) [24,25] using a German
dictionary [26]. On the basis of this dictionary, the LIWC
program scores the texts according to 118 word attributes and
categories by dividing the number of words belonging to a
specific attribute or category by the number of words within a
text entry to standardize for diary entry length [24]. The
following seven categories related to health and personal
experience were selected for further inspection: (1) health, (2)
body, (3) family, (4) friends, (5) work, (6) positive emotions
(eg, happy, good, and love), and (7) negative emotions (eg,
sadness, anger, and fear). Using these 7 word categories, we
calculated the percentage of entries containing at least one
category-specific keyword across all diary entries. In addition,
we analyzed an LIWC-integrated summary score for emotional
tone by plotting its distribution across all diary entries in a
histogram. The LIWC-generated emotional tone score represents
the overall emotional tone of a text, ranging from 0 (negative)
to 100 (positive). The score is computed based on the difference
between dictionary-based positive and negative emotion scores,
but details of this proprietary algorithm are not publicly available
[24,27].

Furthermore, German diary text entries containing at least 10
words were analyzed descriptively by visualizing them as a
word cloud of the 100 most frequent words in Python (version
3.7; Python Software Foundation) in the Spyder integrated
development environment (version 4.1.5). The text entries were
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prepared for the visualization in several preprocessing steps.
Stop words (ie, words without a specific meaning such as and
or the) were removed using an open-source German stop word
list [28]; numerals and punctuation marks were removed as
well. The remaining words were filtered to retain only nouns,
adjectives, and verbs. Words with the same meaning were
replaced manually by 1 unique word (eg, the word work replaced
the following words: occupation, job, company, office,
workplace, work hours, work colleagues, etc). The words were
then lemmatized using the Python library spaCy (version 2.2.2)
[29]. Lemmatization refers to the removal of inflectional endings
to obtain the dictionary form of a word [30]. Vowels followed
by an e (such as oe) were replaced by a vowel with an umlaut
(in this specific case, ö) as commonly used in German. Capital
letters were then replaced by lowercase letters. Finally, all
lemmatized entries were translated into English using DeepL
Pro (DeepL SE).

Moreover, we evaluated the individual-level similarity of
health-related quality of life indices (EQ-5D-5L and EQ-VAS),
symptoms, and medication use between the structured diary
data and follow-up survey data (aim 3). Similarity was expressed
by the Jaccard index, which reflects the proportion of persons
with the concurrent mention of a specific attribute value (eg, a
symptom) in the diary and the follow-up survey (overlap),
divided by the number of persons with at least one mention of
the same attribute value in either the diary or the follow-up
survey (union) [31,32]. The Jaccard index was chosen over
standard percentages because it is less affected by the rarity of
an attribute value. In case a participant had several complete
health diary entries, the health-related quality of life indices of
the closest follow-up survey were used for the similarity
analyses. The diary-based categorical symptom and medication
use variables were compared with similar follow-up survey
information on symptoms and medication use. The continuous
EQ-5D-5L and EQ-VAS scores were dichotomized using
median splits to calculate the Jaccard indices. The respective
medians were computed from the follow-up survey of all
included SMSR participants (n=658).

All descriptive analyses were conducted in R (version 4.0.3),
using the RStudio integrated development environment (version
1.4.1103). Text preprocessing and word cloud visualization
were performed using Python (version 3.7) in the Spyder
integrated development environment (version 4.1.5). The
dictionary-based text categorizations were performed using the
LIWC software [24,25]. All text analyses were conducted using
the original German text entries, and the results were
subsequently translated into English for presentation using
DeepL Pro.

Ethics Approval
The SMSR has been approved by the responsible ethics
committee (Zurich Cantonal Ethics Committee; study number
PB-2016-00894), and informed consent was obtained from all
participants.

Results

Study Populations and Diary Use
After we had applied our inclusion and exclusion criteria, our
study population comprised 658 persons with MS, of whom
134 (20.4%) had used the electronic health diary between
February 27, 2019, and March 19, 2019 (Figure 1). During this
period, 815 nonempty, unique diary entries written in German
(n=632, 77.5%), French (n=135, 16.6%), and Italian (n=48,
5.9%) were collected (Multimedia Appendix 4).

The median time span between the last diary entry written by
each diary campaign participant and the follow-up survey was
14 (IQR 13-15) months.

Participant Characteristics
Characteristics of the SMSR web-based study enrollees who
participated in the campaign by completing at least one
electronic health diary entry (n=134; henceforth referred to as
participants) and those who did not (n=524; henceforth referred
to as nonparticipants) are compared in Table 1. The median
age of the participants (52.5, IQR 43.25-59.75 years) was higher
than that of the nonparticipants (47, IQR 38-55 years). Of the
134 participants, 101 (75.4%) were women, whereas of the 524
nonparticipants, 356 (67.9%) were women. The median time
since the diagnosis of MS was 9 (IQR 4-19 for participants and
IQR 4-16 for nonparticipants) years for both groups. Persons
with primary progressive MS (PPMS) and secondary progressive
MS (SPMS) tended to be more represented among participants
(PPMS: 18/134, 13.4%; SPMS: 32/134, 23.9%) than among
nonparticipants (PPMS: 50/524, 9.5%; SPMS: 79/524, 15.1%).
In addition, the participants’ group contained proportionally
fewer persons in the lowest Self-Reported Disability Status
Scale stratum (84/134, 62.7%) than the nonparticipants’ group
(381/524, 72.7%).

The nonparticipants’ group comprised a somewhat larger
percentage of persons with higher professional education
(including with an applied university or university degree;
250/524, 47.7%, vs 57/134, 42.5%, for participants). However,
there were fewer people working >40% of weekly working
hours among the participants (45/134, 33.6%, vs 252/524,
48.1%, for nonparticipants). Nonparticipants seemed to talk
more openly about their MS with their relatives (485/524,
92.5%, vs 116/134, 86.6%, for participants).

Regarding symptoms experienced within the last 12 months,
participants reported a higher percentage for the 10 most
frequent symptoms. The largest differences in percentages were
observed for the following symptoms: gait disorder (52/134,
38.8%, vs 138/524, 26.3%, for nonparticipants), spasms (45/134,
33.6%, vs 119/524, 22.7%, for nonparticipants), and bladder
disorders (40/134, 29.9%, vs 109/524, 20.8%, for
nonparticipants). Furthermore, a higher proportion of diary
campaign participants reported no use of a disease-modifying
drug within the last 6 months (53/134, 39.6%, vs 156/524,
29.8%, for nonparticipants). The full list of symptoms and
disease-modifying medications is available in Multimedia
Appendix 5.
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Table 1. Characteristics of the study population and their corresponding P values (significance level: .05; N=658).a

P valueNonparticipants (n=524)Participants in health diary campaign (n=134)Characteristics

<.001b47 (38-55)52.5 (43.25-59.75)Age (years), median (IQR)

.12cSex, n (%)

356 (67.9)101 (75.4)Female

168 (32.1)33 (24.6)Male

<.001cLanguage, n (%)

433 (82.6)100 (74.6)German

73 (13.9)25 (18.7)French

18 (3.5)9 (6.7)Italian

.17b9 (4-16)9 (4-19)MSd duration (years), median (IQR)

<.001cMS type, n (%)

10 (1.9)2 (1.5)CISe

50 (9.5)18 (13.4)PPMSf

352 (67.2)79 (59)RRMSg

16 (3.1)3 (2.2)Transition

79 (15.1)32 (23.9)SPMSh

17 (3.2)N/AiMissing information

<.001cMarital status, n (%)

174 (33.2)43 (32.1)Unmarried

273 (52.1)71 (53)Registered partnership or married

59 (11.3)17 (12.7)Separated or divorced

8 (1.5)1 (0.7)Widowed

10 (1.9)2 (1.5)Missing information

.59cEducation, n (%)

8 (1.5)3 (2.2)Partial or completed mandatory schooling

250 (47.7)68 (50.8)Apprenticeship or qualification to study at university level
(Matura diploma)

250 (47.7)57 (42.5)Higher professional education, applied university, or uni-
versity

7 (1.4)1 (0.8)Other

9 (1.7)5 (3.7)Missing information

.02cWork situation or work percentage, n (%)

184 (35.1)63 (47)Not working

69 (13.2)22 (16.4)1% to 40%

138 (26.3)27 (20.2)41% to 80%

114 (21.8)18 (13.4)81% to full time

19 (3.6)4 (3)Missing information

.87cTalk about MS with...j

485 (92.6)116 (86.6)...relatives

412 (78.6)109 (81.3)...friends

179 (34.2)48 (35.8)...boss
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P valueNonparticipants (n=524)Participants in health diary campaign (n=134)Characteristics

189 (36.1)46 (34.3)...work colleagues

131 (25)36 (26.9)...leisure-time partners

23 (4.4)7 (5.2)...other

13 (2.5)6 (4.5)...nobody

.02cSRDSSk score, n (%)

381 (72.7)84 (62.7)0 to 3.5

90 (17.2)37 (27.6)4 to 6.5

39 (7.4)13 (9.7)≥7

14 (2.7)N/AMissing information

.42cTen most frequent symptoms within the last 12 monthsj,l, n (%)

227 (43.3)50 (37.3)None

210 (40.1)57 (42.5)Fatigue

138 (26.3)52 (38.8)Gait disorder

187 (35.7)50 (37.3)Paresthesia (eg, numbness and tingling)

119 (22.7)45 (33.6)Spasms (muscle cramps)

135 (25.8)43 (32.1)Vestibular disorders

129 (24.6)40 (29.9)Weakness

143 (27.3)40 (29.9)Pain

109 (20.8)40 (29.9)Bladder disorders (eg, bladder weakness)

127 (24.2)35 (26.1)Concentration problems

83 (15.8)29 (21.6)Intestinal disorders (eg, constipation)

193 (36.8)64 (47.8)Other

.20cTen most frequent disease-modifying medications within the last 6 monthsj,l, n (%)

156 (29.8)53 (39.6)None

87 (16.6)28 (20.9)Ocrelizumab (Ocrevus)

90 (17.2)15 (11.2)Fingolimod (Gilenya)

54 (10.3)10 (7.5)Dimethyl fumarate (Tecfidera)

19 (3.6)6 (4.5)Interferon beta-1a (Rebif)

18 (3.4)6 (4.5)Glatiramer acetate (Copaxone)

14 (2.7)5 (3.7)Interferon beta-1b (Betaferon)

15 (2.9)5 (3.7)Teriflunomide (Aubagio)

40 (7.6)3 (2.2)Natalizumab (Tysabri)

15 (2.9)3 (2.2)Rituximab (MabThera)

10 (1.9)2 (1.5)Interferon beta-1a (Avonex)
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P valueNonparticipants (n=524)Participants in health diary campaign (n=134)Characteristics

10 (1.9)1 (0.7)Other

aComparison between participants in the Swiss Multiple Sclerosis Registry electronic health diary campaign (defined by having at least one valid diary
entry; column 2) and nonparticipants (column 3).
bTwo-tailed t test conducted.
cChi-square test conducted.
dMS: multiple sclerosis.
eCIS: clinically isolated syndrome.
fPPMS: primary progressive multiple sclerosis.
gRRMS: relapsing-remitting multiple sclerosis.
hSPMS: secondary progressive multiple sclerosis.
iN/A: not applicable.
jMultiple answers possible.
kSRDSS: Self-Reported Disability Status Scale.
lFull list of symptoms and disease-modifying medications available in Multimedia Appendix 5.

Health Diary Use Patterns
The use of the electronic health diary was monitored over 21
days between February 27, 2019, and March 19, 2019
(Multimedia Appendix 3). Over these 21 days, a total of 815
unique electronic health diary entries were collected from 134
diary campaign participants. Of note, more health diary entries
were collected on days when email invitations or reminders
were sent than on the adjacent days; for example, the final
reminder sent on March 14, 2019 (bar marked by a red numeral
3 in Multimedia Appendix 3), displayed the largest number of

entries (n=130) of the whole observation period. In addition,
the electronic health diary was used more intensively during
the official health diary campaign period (striped bars in
Multimedia Appendix 3).

As shown in Table 2, 23.1% (31/134) of the participants wrote
only 1 entry in the diary, and 11.2% (15/134) wrote 2. Moreover,
15.7% (21/134) of the participants had ≥10 entries (reflecting
≥1 entry every 2 days). The highest number of entries written
by 1 person was 32 (including retrospective entries made during
the analysis time frame). Multimedia Appendix 6 summarizes
the completeness of health diary entries.

Table 2. Frequency counts and percentages of participants totalizing a certain number of diary health entries written during the campaign (N=134).

Participants, n (%)Number of entries in the health diary per participant

31 (23.1)1

15 (11.2)2

6 (4.5)3

5 (3.7)4

6 (4.5)5

6 (4.5)6

9 (6.7)7

16 (11.9)8

19 (14.2)9

6 (4.5)10

5 (3.7)11

2 (1.5)12

1 (0.7)13

2 (1.5)15

1 (0.7)17

1 (0.7)18

1 (0.7)19

1 (0.7)20

1 (0.7)32
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Content Analysis of the Textual Diary Data
The 134 electronic health diary campaign participants provided
a total of 815 electronic health diary entries (in German: n=632,
77.5%; in French: n=135, 16.6%; and in Italian: n=48, 5.9%).
For the subsequent analysis, we only used the German health
diary entries, provided by 100 participants. The emotional scores
of the 632 diary entries were low overall, reflecting negative
emotions such as very anxious, sad, or hostile tone [33]. Of the
632 diary entries, 163 (25.8%) scored between 0 and 10, and
420 (66.5%) scored between 20 and 30. Furthermore, positive
emotions were expressed in only 7.6% (48/632) of the entries,
whereas words related to negative emotions were used in 30.5%
(193/632) of the entries (Table 3). Other frequent LIWC-based
topic categories pertained to the body (191/632, 30.2%), health
(94/632, 14.9%), and work (67/632, 10.6%).

Of the 632 German electronic health diary entries, 526 (83.2%;
written by 93 participants) contained at least 10 words and were

used to create a 100-word word cloud (Multimedia Appendix
7; refer to Multimedia Appendix 8 for the frequency of the 25
most common words). As shown in Multimedia Appendix 7
and Multimedia Appendix 8, the words “good” and “day” occur
most often, followed by “work,” “up,” “go,” “sleep,” and “tired.”
Among the 25 most frequent words, some refer to time,
including “day,” “evening,” “morning,” “hour,” “time,” and
“afternoon.” Other words pertained to activities or movement,
such as “work,” “go,” “walk,” “make,” and “errand.” Several
frequent words also related to body parts, physical well-being,
and health issues; for example, “tired,” “leg,” “pain,” “therapy,”
and “feel.” Although comparatively fewer words were associated
with social contacts, some were very common in diary entries,
such as “contact” or “family.” A word cloud and the frequency
of the most common words for each MS type (ie, PPMS,
relapsing-remitting multiple sclerosis, transition, and SPMS)
are available in Multimedia Appendix 9.

Table 3. Frequency counts and percentages of the diary entries containing relevant Linguistic Inquiry and Word Count word categories (N=632).

Values, n (%)Characteristics

193 (30.5)Negative emotion

191 (30.2)Body

94 (14.9)Health

67 (10.6)Work

48 (7.6)Positive emotion

10 (1.6)Friends

8 (1.3)Family

Similarities Between Structured Electronic Health
Diary Data and Questionnaire-Based Data
The responses to the electronic health diary and the follow-up
survey exhibited several notable differences and similarities
quantified by the Jaccard index (Table 4). The EQ-5D-5L
(Jaccard indices: 0.73 and 0.63 below and above the median,
respectively) and the EQ-VAS (Jaccard indices: 0.59 and 0.49,
respectively) presented the highest Jaccard indices. Furthermore,
the electronic health diary and the follow-up survey methods
converged for the evaluation of gait disorder, signs of paralysis,
and fatigue (Jaccard indices: 0.5, 0.5, and 0.49, respectively).
By contrast, several symptoms, including pain, vestibular
disorder, weakness, spasms, bladder disorders, and concentration

problems displayed comparatively lower Jaccard indices (<0.4),
despite being reported quite frequently (n>45; refer to the
column Union in Table 4 and the Ten most frequent symptoms
within the last 12 months section in Table 1) and at least once
in the diary and the survey. The injectable immunomodulatory
drugs interferon beta-1a (Avonex) and glatiramer acetate
(Copaxone), as well as the oral drugs fingolimod (Gilenya) and
teriflunomide (Aubagio), exhibited the highest similarities across
both assessment methods (Jaccard indices between 0.5 and 1;
refer to Multimedia Appendix 10 for the complete list of
disease-modifying medications). Of note, despite currently being
used frequently, ocrelizumab (Ocrevus) was not mentioned in
the diary.
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Table 4. Similarity between diary and follow-up survey information on health-related quality of life, symptoms, and medication use provided by 134

electronic health diary campaign participants.a

Jaccard indexUnionOverlapCharacteristics

EQ-5D-5L

0.737152EQ-5D-5L: ≤0.71 (overall median)

0.635233EQ-5D-5L: >0.71

EQ-VASb

0.595834EQ-VAS: ≤80 (overall median)

0.494723EQ-VAS: >80

Symptoms

0.506633Gait disorder

0.502412Signs of paralysis

0.498039Fatigue

0.477334Paresthesia (eg, numbness and tingling)

0.44188Tremor

0.413414Intestinal disorders (eg, constipation)

0.385822Weakness

0.376223Vestibular disorders

0.356322Pain

0.33155Affective lability and lack of control over emotions

0.325618Spasms (muscle cramps)

0.32289Memory disorders

0.315116Bladder disorders (eg, bladder weakness)

0.29175Convulsions and tics

0.26195Sexual disorders

0.23307Visual impairments

0.23307Problems with spatial orientation

0.22327Dizziness

0.20204Speech disorders

0.20153Swallowing difficulties (dysphagia)

0.19163Depression

0.15467Concentration problems

0100Other

010Epileptic convulsions

Ten most frequent disease-modifying medications c

122Interferon beta-1a (Avonex)

0.7175Glatiramer acetate (Copaxone)

0.572112Fingolimod (Gilenya)

0.5084Teriflunomide (Aubagio)

0.4052Interferon beta-1b (Betaferon)

0.03321Dimethyl fumarate (Tecfidera)

0360Ocrelizumab (Ocrevus)

0330Other

060Interferon beta-1a (Rebif)
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Jaccard indexUnionOverlapCharacteristics

060Natalizumab (Tysabri)

030Rituximab (MabThera)

aThe Jaccard index was used to measure the similarities (reporting overlap) among the different sources (0=no similarity and 1=maximum similarity).
The column Overlap represents the number of participants with overlapping reports in the diary and in the follow-up survey. The column Union represents
the total number of participants who reported a specific data item at least once in the diary or the follow-up survey collecting the symptoms experienced
within the last 12 months and the medication used within the last 6 months. The column Jaccard index represents the quotient of the Overlap values
and the Union values. The EQ-5D-5L index and the EuroQol visual analog scale index were dichotomized using the respective medians of all included
Swiss Multiple Sclerosis Registry enrollees with completed follow-up survey (n=658).
bEQ-VAS: EuroQol visual analog scale.
cThe full list of disease-modifying medications is available in Multimedia Appendix 10.

Discussion

Principal Findings
On the basis of a health diary campaign nested into the SMSR,
our study sought to explore the factors associated with electronic
health diary use as well as the added value of diary entries
vis-à-vis survey-collected information. By comparing the
characteristics of 134 health diary campaign participants with
those of 524 nonparticipants, our study revealed that women,
persons with a more advanced disease state, those with a lower
work percentage, or those without higher education (eg, a
university degree) were more likely to devote time to the
electronic health diary.

Contrary to our initial expectations, electronic health diary
participants were on average 5 years older than the
nonparticipants, more likely to be women, less likely to have
completed higher education, and more frequently had an
advanced Self-Reported Disability Status Scale score (≥4). In
addition, a larger proportion of participants reported
experiencing diverse MS symptoms within the last 12 months,
in particular from more strongly hindering symptoms such as
fatigue, gait disorder, spasms, and vestibular disorders. Not only
are these symptoms disabling, but they may also lead to a more
confined life at home. These findings may seem counterintuitive
at first glance because studies comparing characteristics between
web-based and paper-and-pencil study participants (including
a study from the SMSR) usually found younger age, higher
education, and less disease severity to be associated with a
higher probability of web-based participation [34,35]. However,
this study focused entirely on web-based participants. Thus, the
stratification by health diary use reflects a further segmentation
of this population. In our analysis, persons with a higher
symptom burden and not working full time, which are two
factors associated with older age, were more likely to contribute
to the electronic health diary campaign. This finding overlaps
with an independent SMSR analysis showing that, based on a
set of standardized questions, persons with a high affinity for
using digital tools for MS management also tended to be older
(but still middle-aged) and to have a higher disease burden
(Nittas, unpublished data, March 2022). It can be speculated
that an elevated disease burden seems to come with more time
at disposal and a stronger desire to tell one’s story as well as to
understand one’s disease.

When analyzing the content of health diary entries, participants’
reports mainly addressed themes related to the body, health,

and work, as confirmed by the LIWC and word cloud analytic
approaches. Moreover, the frequent mention of words such as
“sleep” or “tired” corresponds well with frequent reports of
fatigue in the diary as well as in the SMSR follow-up survey
(Table 1).

A substantial number of participant reports had a negative
emotional coloration and were referring to, for example, the
adverse effects of MS on their body and daily life activities.
Indeed, keywords from the LIWC categories negative emotion
and body appeared in the same proportion of diary entries and
were thus possibly co-occurring. Diary participants seemed to
rather express concerns—possibly about their disease affecting
their body and their active life. Whereas a larger proportion of
the nonparticipants talk about MS to their relatives, diary
participants seemed to confide their worries in the diary [36].

Of further note, the comparison of structured information from
the electronic health diary and the follow-up survey generally
exhibited good overlaps for health-related quality of life aspects,
relatively stable and frequent symptoms, and—to a lesser
extent—for medications with a frequent intake schedule (eg,
injectable or oral drugs). The health-related quality of life index
EQ-5D-5L revealed the highest overlap, which is consistent
with the general notion that this indicator is not very responsive
to smaller health status changes. The more subjective EQ-VAS
showed somewhat smaller overlaps, possibly because the
EQ-VAS is more responsive to daily fluctuations [9]. The
Jaccard index was also relatively high for stable or
slow-changing symptoms such as gait disorder, signs of
paralysis, and fatigue. By contrast, the similarity analysis of
medication use mostly yielded low Jaccard indices, suggesting
little overlap. Nonetheless, older, established injection therapies
for relapsing-remitting MS, such as interferon beta-1a (Avonex)
[37] and glatiramer acetate (Copaxone) [38], although not used
by a large proportion of our study participants, displayed the
highest Jaccard indices, demonstrating little change in
medication. Furthermore, more modern and convenient
treatments such as fingolimod (Gilenya) and teriflunomide
(Aubagio), which are two oral therapies with daily intake for
relapsing-remitting MS, also exhibited relatively high Jaccard
indices. Nonetheless, other modern MS drugs administered in
monthly (natalizumab [Tysabri]) infusions at clinics
demonstrated low Jaccard indices because of the diary
instructions that asked participants for MS medication in the
previous day only. Furthermore, the frequently used infusion
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drug ocrelizumab (Ocrevus) was only widely prescribed in
Switzerland after the health diary campaign ended [39].

To the best of our knowledge, this is the first study to assess
the similarities between data collected through a web-based
survey and data collected by means of an electronic diary. The
different person and disease characteristics associated with
electronic health diary use can help refine the target population
for implementing electronic health diary tools in research
contexts. Furthermore, the findings suggest that health diaries
can form a meaningful complement to regular surveys by
providing additional insights into daily life topics and timely
updates on health-related quality of life or symptom and
medication status of persons with MS. Although ecological
momentary assessment research has highlighted the possible
risk of retrospection bias in retrospectively reporting symptoms
averaged over longer times [40], subjective perceptions of
illnesses vary strongly and meaningfully across people [41].
Indeed, evaluating subjective views with regard to, for example,
symptoms of people with MS not only adds value to
standardized assessments pertaining to personalized treatment
planning but also helps to explain adherence to treatment
regimens [42]. Moreover, free-text questions as implemented
in our diary can complement regular standardized assessments
by providing additional levels of detail. Furthermore, being
given the opportunity to report on their experiences in their own
words is often appreciated by study participants and, as
suggested by the extensive expressive writing literature, may
even be of therapeutical value in itself [43]. Our electronic health
diary combines the known advantages of ecological momentary
assessment with the advantage of not restricting answers to
forced, given choices.

The study was also informative on a methodological level.
Although the health diary has been part of the SMSR platform
since its launch, voluntary use was very low, on average <1
entry per day per participant. By contrast, we noticed that the
use of the electronic health diary was enhanced after
motivational emails were sent to the participants. These
experiences suggest that health diary studies may benefit from
being embedded into a campaign with clear aims and a limited
time frame, as revealed by previous studies [44,45].

Strengths and Limitations
Our study benefited from a large, diverse, well-documented
study base for enrollment [18,19]. Moreover, this is the first
health diary study in MS to use a blend of different analytical
approaches (descriptive statistics and natural language
processing) to glean insights into health diary use patterns and
daily life aspects; for example, closer inspection of diary entries
revealed novel aspects such as the stress imposed by application
procedures for disability insurance or individual coping
strategies for well-being by persons with MS (not shown).
Therefore, diary studies harbor a significant untapped potential
for hypothesis generation and inspiration for research topics.

However, some limitations should be noted. First, our study
excluded persons who preferred paper-and-pencil surveys. This

excluded group reflects a population with more advanced disease
states and possibly lower digital literacy (Nittas, unpublished
data, March 2022). However, similar to our study, earlier
investigations also observed that at an early stage of the disease,
persons with MS are less likely to engage in research studies
(Nittas, unpublished data, March 2022), [46], hypothetically
because they are in denial regarding their disease or do not
entirely realize the scope of it yet. In addition, the distance in
time between the health diary campaign and the follow-up
survey completion was relatively long. Hence, the MS
symptomatology, as well as treatment strategies, may have
changed in the meantime (eg, ocrelizumab [Ocrevus] has started
to be widely prescribed in Switzerland after the end of the health
diary campaign). It is important to mention that the results could
be replicated using different comparison data provided by the
SMSR. Future research would benefit from further investigating
the added value of such free-text health diaries by comparing
entries with standardized instruments of physical and mental
well-being assessed in parallel. Furthermore, among the 658
eligible web-based SMSR participants, only a fraction (n=134,
20.4%) took part in the diary study, thus limiting the
generalizability of the results. Besides, the vast majority
(113/134, 84.3%) of the participants made <1 entry every 2
days in the diary, and 34% (46/134) contributed only once or
twice to the diary campaign. This lack of regularity in diary use
was also a limitation to our study. The implementation of a
diary with automated reminders [47] might be a promising way
forward to increase participation [12,14]. Nevertheless, these
limitations observed in our study may also hinder a broader
application of electronic diaries in ecological momentary
assessments.

Therefore, a better understanding of participant needs,
motivational factors, and the effectiveness of incentives is
urgently needed to enable a broader application and long-term
use of health diaries in health research and disease management.
In addition, in light of recent advances in fields such as natural
language processing [48] and speech recognition [49] (eg,
Hugging Face [50]) based on machine learning or wearable
sensor technologies (eg, fitness trackers) [42,51,52], future
studies should examine how health diaries could be optimally
combined with novel technologies.

Conclusions
To summarize, our study suggests that health diaries can be a
valuable complement to regular, structured questionnaires in
the context of MS research. However, they should ideally be
embedded into a campaign with motivational activities such as
email reminders or regular data feedback. Our findings further
suggest that a topical focus on daily life aspects, health-related
quality of life, and stable symptoms elicited more similar
responses to standardized assessments and were thus less
informative than medication diaries. Hence, medication diaries
for daily dispensed (oral or injectable) drugs may offer
opportunities for drug intake compliance tracking and unwanted
drug effect occurrence monitoring.
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Multiple Sclerosis Society, (2) reminder email sent out to all participants informing them that the campaign was about to start,
and (3) motivational email that provided some statistical information about the health diary campaign and reminded participants
to contribute.
[PNG File , 93 KB - mhealth_v10i10e38709_app3.png ]

Multimedia Appendix 4
Flowchart of the Swiss Multiple Sclerosis Registry enrollees and the electronic health diary participants.
[DOCX File , 432 KB - mhealth_v10i10e38709_app4.docx ]

Multimedia Appendix 5
Full list of the symptoms experienced within the last 12 months and the disease-modifying medications used within the last 6
months.
[DOCX File , 41 KB - mhealth_v10i10e38709_app5.docx ]

Multimedia Appendix 6
Completeness of the diary entries.
[DOCX File , 38 KB - mhealth_v10i10e38709_app6.docx ]

Multimedia Appendix 7
Word cloud of the 100 most frequent words appearing in the electronic health diary entries of a minimum length of 10 words
(n=526). The font size reflects the frequency of the words’ occurrence.
[PNG File , 322 KB - mhealth_v10i10e38709_app7.png ]

Multimedia Appendix 8
Word frequency of the 25 most frequent words of the word cloud.
[DOCX File , 78 KB - mhealth_v10i10e38709_app8.docx ]
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Multimedia Appendix 9
Word cloud of 100 words and word frequency of the 25 most frequent words throughout the electronic health diary entries per
multiple sclerosis type.
[DOCX File , 994 KB - mhealth_v10i10e38709_app9.docx ]

Multimedia Appendix 10
Jaccard indices of the full disease-modifying medication list.
[DOCX File , 16 KB - mhealth_v10i10e38709_app10.docx ]
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Abstract

Background: Intermittent fasting (IF) is an increasingly popular approach to dietary control that focuses on the timing of eating
rather than the quantity and content of caloric intake. IF practitioners typically seek to improve their weight and other health
factors. Millions of practitioners have turned to purpose-built mobile apps to help them track and adhere to their fasts and monitor
changes in their weight and other biometrics.

Objective: This study aimed to quantify user retention, fasting patterns, and weight loss by users of 2 IF mobile apps. We also
sought to describe and model starting BMI, amount of fasting, frequency of weight tracking, and other demographics as correlates
of retention and weight change.

Methods: We assembled height, weight, fasting, and demographic data of adult users (ages 18-100 years) of the LIFE Fasting
Tracker and LIFE Extend apps from 2018 to 2020. Retention for up to 52 weeks was quantified based on recorded fasts and
correlated with user demographics. Users who provided height and at least 2 readings of weight and whose first fast and weight
records were contemporaneous were included in the weight loss analysis. Fasting was quantified as extended fasting hours (EFH;
hours beyond 12 in a fast) averaged per day (EFH per day). Retention was modeled using a Cox proportional hazards regression.
Weight loss was analyzed using linear regression.

Results: A total of 792,692 users were followed for retention based on 26 million recorded fasts. Of these, 132,775 (16.7%)
users were retained at 13 weeks, 54,881 (6.9%) at 26 weeks, and 16,478 (2.1%) at 52 weeks, allowing 4 consecutive weeks of
inactivity. The survival analysis using Cox regression indicated that retention was positively associated with age and exercise
and negatively associated with stress and smoking. Weight loss in the qualifying cohort (n=161,346) was strongly correlated with

starting BMI and EFH per day, which displayed a positive interaction. Users with a BMI ≥40 kg/m2 lost 13.9% of their starting

weight by 52 weeks versus a slight weight gain on average for users with starting BMI <23 kg/m2. EFH per day was an
approximately linear predictor of weight loss. By week 26, users lost over 1% of their starting weight per EFH per day on average.

The regression analysis using all variables was highly predictive of weight change at 26 weeks (R2=0.334) with starting BMI and
EFH per day as the most significant predictors.

Conclusions: IF with LIFE mobile apps appears to be a sustainable approach to weight reduction in the overweight and obese
population. Healthy weight and underweight individuals do not lose much weight on average, even with extensive fasting. Users
who are obese lose substantial weight over time, with more weight loss in those who fast more.

(JMIR Mhealth Uhealth 2022;10(10):e35896)   doi:10.2196/35896
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Introduction

Background

Worldwide, 13% of adults have obesity (BMI ≥30 kg/m2) and

39% are overweight (BMI ≥25 kg/m2) [1]. In the United States,
obesity is >3 times higher at 42.5% of the adult population [2],
and by 2030, the prevalence is expected to be close to 50% [3].
Mobile health apps that incorporate practices such as intermittent
fasting (IF) may be a cost-effective approach to mitigating
weight gain.

IF is a set of dietary patterns commonly pursued for weight loss
that limits the timing of eating without restricting food content.
Studies have shown that various IF methods are effective for
weight loss in people who are overweight [4-9], including
time-restricted eating, alternate day fasting, and a 5:2 diet
[10-14]. However, these studies have been conducted in small
populations (<200 completers), for short durations (a few weeks
up to 6 months), and with narrowly defined IF protocols
assigned to participants. In the real-world setting, IF patterns
may not be as cleanly defined, especially over longer durations
during which multiple fasting patterns may be explored.

Mobile apps for IF and weight tracking offer an opportunity to
examine IF in a less-controlled setting and investigate its
real-world efficacy for weight management. They are also a
low-cost intervention for addressing obesity in the general
population and may incentivize the adoption of healthy habits,
including exercise and healthy eating [15,16]. Despite their
potential benefits, the use of mobile health apps has been limited
owing to low retention rates [17-19], and only a handful of
available health apps have been subjected to rigorous study to
establish their efficacy.

This Study
We evaluated retention, fasting patterns, and weight change
among users of 2 free IF tracking apps, collectively known as
LIFE apps: LIFE Fasting Tracker (LFT), which is focused on
fasting, and LIFE Extend (LX), which additionally supports
tracking of physical activity, mindfulness, sleep, and healthy
plant intake. From 2018 to 2020, the 2 apps acquired a combined
user base of 2.5 million downloads. User accounts and backend
data storage for the 2 apps are shared, such that fasts could be
started in one app and stopped in the other, and all the data are
interchangeable. LFT was launched over a year earlier than LX,
so only a small fraction of the data in this study was generated
via LX.

We followed nearly 800,000 users for retention and real-world
fasting behaviors. We further analyzed weight change patterns
relative to app use and demographics in a subpopulation of over
160,000 users who used apps to track their weight over time.

We showed that practicing IF with a dedicated mobile app is
an effective and sustainable approach to weight loss in
individuals initially classified as overweight and obese. Many
users consistently used the apps to record fasts every week for

months. Users with obesity lost substantial weight over time,
with more weight loss in avid fasters. Weight loss in users with
obese or overweight BMI was sustained, on average, for up to
a year with little rebound. Conversely, users with a healthy or
underweight BMI lost little or no weight, even with extensive
fasting over 52 weeks.

Methods

Mobile Apps and Users
We assembled all fasting and weight data for users who began
using either of the LIFE apps between the launch of the LFT in
May 2018 and December 2020. Analyses of fasting, retention,
and weight are all relative to when the user began recording
fasts in the apps, minimizing seasonal and other calendar effects.
Other voluntary data collected were sex, age, race, height, diet,
exercise frequency, stress level, smoking status, and primary
health concern. For inclusion in our analyses, users had to have
provided sex and date of birth and recorded at least one fast,
the first of which had to have been started on or after their 18th
birthday.

For the weight change analyses, we further required the user to
have provided height and an initial weight recorded within 7
days of the first fast. Heights and weights had to have been
within validation ranges of 145-203 cm and 25-249 kg,
respectively. Height and weight can be entered in either metric
or imperial units, with subsequent conversion to metric units
for storage and analysis. We identified 902 users whose weight
change at weeks 1 to 52 was >5 SD from the average across all
users for that week. Without knowing which value or values
were presumably misentered, we simply excluded those users
entirely from the weight analysis, made feasible by the study’s
large sample size. Weights were subject to a 24-hour burn-in
period, using the last weight recorded during that time as the
baseline value. This burn-in accommodated users who may
have entered an initial weight in the app based on their
recollection and entered an update after checking it on a scale
or who corrected their entry after checking units.

Fasting
We assembled all fasting records for the full set of nearly
800,000 users. Although the apps allowed shorter and longer
fasts to be tracked, we eliminated fasts under 8 hours and
truncated fasts to a maximum length of 240 hours. To reduce
the effects of forgotten fasts that were ended and saved in the
apps long after eating had resumed, we eliminated any fast that
was 120 hours or longer but where a fasting goal of under 24
hours had been specified by the user. This yielded 25,983,817
fasts for our analyses.

We aggregated fasting statistics for each user for weeks 1 to
104 but primarily investigated weeks 1 to 52. Information
regarding week 53 to 104 was used, when available and
applicable, to determine retention. For each week, we totaled
the number of started fasts, the average fast length, and the sum
of hours beyond the first 12 in a fast, which we call extended
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fasting hours (EFH), and EFH per day (ie, EFH per day=sum
of EFH for all fasts started in a week/7). The 12-hour time point
in a fast is when the body is expected to have depleted the
energy from recently consumed food and may begin a metabolic
switch to deriving energy from the breakdown of fat [20]. This
shift is also referred to as entering ketosis and is thought to help
drive weight loss and other health benefits [20]. EFH per day
also presents a unified way to analyze fasting effects for people
with different total fasting time and frequency but similar time
in ketosis. For example, a user who performs daily 16-hour fasts
will have the same 4 EFH per day as a user who performs two
26-hour fasts per week, even though their total recorded fasting
time is quite different (112 vs 52 hours per week).

We also calculated the cumulative means of these measures for
all weeks, up to and including the given week.

Retention
We assessed user retention based solely on records of completed
fasts and not on other user behavior such as log-ins or use of
other app features. Starting with the date of each user’s first
fast, we assessed their fasting activity for each week. The most
restrictive definition of retention is when a user is only
considered retained so long as they record a fast in each
consecutive week. We refer to this definition as retention with
a 0-week grace period. In contrast, the most lenient definition
of retention is where the user is considered retained the entire
time between their first and last recorded fast, regardless of how
much activity they have in between. We refer to this as retention
with an unlimited grace period. This definition is also sometimes
called rolling retention [21].

We explored retention by varying the number of weeks in the
grace period. We looked at 0, 2, 4, 8, 13, 26, and unlimited-week
grace periods. After considering this spectrum of retention
metrics, we decided to apply the 4-week grace period retention
definition for all subsequent analyses. For example, if the user
recorded no fasts in weeks 10 to 13 but did fast in week 14, the
user was still considered retained in weeks 10 to 14, but if they
resumed fasting in week 15 or later, their retention would have
ended with week 9. Note that our univariate estimates of
retention are conservative because many users start near the end
of our data collection period, thus not having the opportunity
to be counted as active in the app during the full 52 weeks (plus
the grace period) that they might otherwise have counted toward.
In the multivariate analysis, we used right censoring to account
for this issue.

Weight Change and BMI
Users were included in the weight change analyses for all weeks
for which they satisfied the 4-week grace period retention
definition and in which they had a recorded weight. To account
for the wide range of starting weights, weight change was
analyzed as percent change from the user’s starting weight. The
effect of obesity was also considered in some analyses by
stratification on starting BMI. We categorized BMI using the
Centers for Disease Control and Prevention definitions [22],
with the further division of the healthy BMI category into
healthy low and healthy high defined as the ranges 18.5 to 22
and 23 to 24, respectively. Healthy low and healthy high

categories had an approximately equal representation in our
baseline user data.

For the weekly weight aggregates, we calculated mean weight
and the number of weights recorded during the week. The
baseline weights were excluded from the week 1 aggregates.

Analysis
We performed all data analysis using Python 3.9 libraries in a
JupyterLab [23] notebook environment installed within
LifeOmic’s Precision Health Cloud, the secure, Health Insurance
Portability and Accountability Act–compliant backend of the
LIFE apps. A security review process was used to ensure that
no identifiable data were released from the precision health
cloud. In addition to providing descriptive summary statistics,
including means, SDs, and percentages, we used multivariate
modeling approaches. Retention was modelled using Cox
proportional hazards regression, as implemented in the Lifelines
package (version 0.27.1) [24]. Right censoring was applied to
users who joined late in the study and did not have the
opportunity to be retained for 52 weeks. Weight change was
modeled using ordinary least squares regression, as implemented
in Statsmodels (version 0.12.2) [25]. Graphs were generated in
Seaborn (version 0.11.1) [26], which was also used to generate
the CIs displayed, except for the hazard ratios and regression
figures, which were generated in Plotly (version 5.0.0) [27].
Data handling was managed using Pandas (version 1.3.1) [28].

Ethical Considerations
This study was exempt from institutional review board approval
per Indiana University’s research guidelines [29]. The study
consisted of retrospective secondary analysis of deidentified
data. The use of these data for research and aggregate reporting
is covered in the privacy policy of the LIFE apps [30].

Results

LIFE Apps Users
A total of 792,692 users satisfied the inclusion requirements
for the fasting and retention analysis. The detailed demographic
and biometric data for this population are presented in
Multimedia Appendix 1. Their mean age was 36.7 (SD 10.9,
range 18-100) years, and 81.3% of users were female. Users
were located in nearly 200 different countries, with the majority
being in the United States. Of these, 161,346 users met the
height and weight measurement requirements and recorded at
least one post–burn-in weight. This subpopulation was
demographically similar to the entire population.

Retention
Figure 1 displays the retention patterns for the LIFE apps over
the course of 52 weeks, calculated using 7 different fasting
activity grace periods. There was an immediate drop of 28.7%
of users (227,867/792,692) who never recorded a fast beyond
week 1. Under the unlimited grace period, where up to 102
weeks of no fasting records were permitted, 41.9%, 29.6%,
21%, and 13.9% of users were retained at 13, 26, 39, and 52
weeks, respectively. At the other extreme, 0-week grace period
retention (also known as full retention) captured a much smaller
fraction of users (7.3%, 2.7%, 1.4%, and 0.8%, respectively).
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Figure 1. User retention, calculated by different grace periods of inactivity. In total, 792,692 users were tracked starting from their first recorded fast.
Grace periods extended out to 104 weeks for the unlimited definition.

Intermediate grace periods corresponded naturally to
intermediate retention rates (Figure 1). For all remaining
analyses in this study, we opted to use the 4-week grace period
definition of retention because it allowed us to study the evident
variability of use while precluding highly prolonged inactivity.
These users recorded a fast approximately every month at a
minimum. Retention rates under this definition were 16.7%,
6.9%, 3.6%, and 2.1% at 13, 26, 39, and 52 weeks, respectively.
While users may have slowly increased their fasting frequency,
taken a break, or ramped down at the end, exploring such
behavioral dynamics falls outside the scope of this study.

Demographics
Retention using the 4-week grace period differed substantially
by several demographic criteria (Multimedia Appendix 1). The
Cox proportional hazards regression model built over the first
52 weeks confirmed that several factors were significant, even
after controlling for other factors (Multimedia Appendix 1;

Figure 2). While many demographic and behavioral factors
were found to correlate with retention, 4 trends were particularly
notable in the Cox model. Older users had higher retention—a
hazard ratio of 0.617 (95% CI 0.596-0.639) for users aged ≥60
years means they are estimated to be about 38% less likely to
drop each week than users <30 years. Similarly, increasing
levels of exercise (as reported at baseline) reflected much greater
retention, with daily exercisers dropping about 28% less often
than users with a sedentary lifestyle. Conversely, stress and
smoking conferred lower retention rates—10% and 25% higher
drop rates respectively for users with extreme stress or daily
smoking habits relative to users who have no stress and never
smoked. While losing weight was the most common primary
health concern, those users’ retention was substantially lower
than for users whose primary concerns were healthy aging and
preventing chronic disease. Sex and starting BMI appeared to
have only small effects on retention.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e35896 | p.66https://mhealth.jmir.org/2022/10/e35896
(page number not for citation purposes)

Torres et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 2. Hazard ratios with 95% CIs for failure to retain. Based on the Cox proportional hazards model over the 52-week study. HR=1 corresponds
to the reference values: female, age <30 years, primary health concern as weight loss, starting BMI in the normal low category, white, typical western
diet, sedentary, and never smoker. HR<1 reflects higher retention rates.

Fasting Practices and Patterns

Weekly Fasting Frequency
Even when retained, user fasting behavior is likely to change
over time. We examined fasting patterns based mainly on the
first 26 weeks among users retained that long. The 26-week
period is long enough to see what long-term use of the fasting
apps is like, while affording a larger sample size than looking
only at users who were retained at 52 weeks. It also avoids
overweighting the first few weeks of use when we had the
largest sample but while users were still establishing their fasting
routines.

The most common days to start a fast were Sunday, Monday,
and Tuesday, whereas Friday and Saturday were the least

popular. We also examined the distribution of fasts per user per
week over the first 26 weeks for 54,811 users retained at 26
weeks using the 4-week grace period. The mean frequency was
4.25 (SD 1.91) fasts per week. Fasting frequency was
approximately bimodal, with a broad peak centered on 3 fasts
per week and a sharp peak at 7. Slightly more than one-quarter
(13,981/54,881, 25.5%) of the users fasted 6 to 7 times per
week. In Figure 3, weekly fasting frequency is shown separately
for the 3 most common self-reported race values. The
differences suggest large cultural influences on a user’s choice
of fasting routine. Older users were also much more likely to
fast 6 to 7 times per week than younger users (4033/11,768,
34.3%, vs 1521/9572, 15.9%) for users ≥50 years versus those
<30 years.
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Figure 3. Fasting frequency statistics for users retained at 26 weeks, averaged over the first 26 weeks of use and grouped by self-reported race. Bins
are half-fast width, left-inclusive, and include 7 in the highest bin.

Fasting Lengths
The most common fasting length of the 26 million fasts analyzed
over the entire length of the study was 16 hours. The mean and
median lengths were 21.0 and 18.0 hours, respectively, while
the lower and upper quartiles were 16.1 and 20.9 hours. Figure
4 shows the complete distribution of fasting lengths. The modal

starting and ending hours were 7 PM and noon, respectively
(Figure 5). A total of 93.5% (24,289,517/25,983,817) of fasts
were ≤32 hours, typically spanning a single night. A pattern of
multiday fasts is evident when plotted on the log scale in Figure
4 (inset), with smaller peaks for each additional day and clear
spikes at precise multiples of 24 hours.

Figure 4. Histogram of fast lengths and a log scale histogram inset.
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Figure 5. Distribution of starting and ending hour of fasts in local time.

We also examined the average fast length by user for the 54,881
users who were retained at 26 weeks under the 4-week grace
period definition. Figure 6 shows those 26-week averages broken
down by user fasting frequency. Overall, 8.2% (4506/54,881)
of users had a mean fast length of >32 hours, indicating a pattern
of multiday fasts. As expected, among users who fasted <3

times per week, a much larger fraction (4055/17,057, 23.7%)
was in the multiday zone of >32-hour average fasts, although
the modal average was 18 hours. The average fast lengths for
users who fasted 6 to 7 times per week also varied greatly,
peaking at 19 hours.

Figure 6. Distribution of average fast lengths per user across the first 26 weeks for users still retained at 26 weeks, broken down by weekly fasting
frequency.

Combining fasting length and frequency, the cumulative mean
EFH per day was 5.0 at 26 weeks, which would correspond to
a daily fasting routine of 17 hours.

Weight Change

Demographics
We analyzed weight change for the 161,346 users who met the
4-week grace period retention criteria and recorded multiple
weights in the fasting apps. From the univariate perspective,
weight change as an outcome varied by several factors, including

age, primary health concern, starting BMI, and EFH per day
(Multimedia Appendix 2).

To address the correlation and confounding among variables,
we conducted an ordinary least squares regression analysis of
weight change at the 26-week time point. At 26 weeks, there
were 1252 users with a recorded weight and values for all input
variables. The result was that the only factors with P<.05 were
starting BMI, EFH per day, and Black or African American

race (Multimedia Appendix 2; Figure 7); R2=0.334. Results
were similar for the models built at weeks 13, 39, and 52 (data
not shown).
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Figure 7. Regression coefficients with 95% CIs for weight change at 26 weeks. The model was built using ordinary least squares linear regression for

the 1252 users who had answers for all variables and a weight recorded in week 26 (R2=0.334). Coefficients are shown as zero for the reference states:
female, age <30 years, primary health concern as weight loss, starting BMI in the normal low category, white, typical western diet, sedentary, and never
smoker. The regression coefficients reflect the difference in percent weight change at 26 weeks relative to the reference state for that category.

We further graphically explored the 52-week patterns of weight
change relative to EFH per day and starting BMI, which
emerged as the main variables explaining variability in weight
change. Figure 8 depicts weight change for users who are not
categorized as underweight binned weekly based on their
cumulative average EFH per day. While users fasting less than
2 EFH per day lost only about 2% of their starting weight by

26 weeks, users with more extensive fasting lost more than 1%
of their starting weight for each additional hour of EFH per day.
Within each EFH per day bin, weight change appeared to
eventually plateau, with weight loss continuing longer at higher
levels of fasting. Weight loss continued for 39 weeks for users
with ≥8 EFH per day before plateauing. A graph of weight
change stratified by starting BMI is shown in Figure 9.
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Figure 8. Weight change over time, stratified by users’ cumulative average extended fasting hours (EFH) per day. Excludes users with underweight
starting BMI. Mean values are plotted with 95% CIs represented by shading.

Figure 9. Weight change over time, stratified by user’s starting BMI category. Mean values are plotted with 95% CIs represented by shading.

We examined the combined effects of starting BMI and fasting
quantity by plotting the EFH per day strata separately for each
starting BMI category (Figure 10). Within each category, the
effect of increasing EFH per day appears to be approximately
linear, as seen previously in Figure 8, but the scale at which
extended fasting impacts weight loss increases with higher BMI.
Similarly, it is clear that the starting BMI is still predictive of

weight loss, even after accounting for the amount of fasting.
The evident interaction between these 2 factors was confirmed
by rebuilding the 26-week regression model with the addition
of an interaction term for continuous measures of starting BMI
and EFH per day. In that analysis, the P value for the interaction
term was <.001, whereas the P values for the EFH per day bins

increased to >.05. R2 increased slightly to 0.356.
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Figure 10. Weight change over time, stratified by user’s starting BMI level and cumulative average extended fasting hours (EFH) per day. Mean values
are plotted with 95% CIs represented by shading.

Weight Loss Thresholds
We also examined the number of users who achieved certain
thresholds of weight loss. Figure 11 shows the proportion of

users with starting BMI ≥25 kg/m2 (ie, overweight or obese)
who reached weight loss of 5%, 10%, 15%, and 20% over time.
Success in reaching the 5% weight loss threshold was mostly

achieved in the first 13 weeks and plateaued or peaked at 26
weeks. By 26 weeks, 67.2% (1475/2194) had lost at least 5%
of their starting weight, and 38.9% (854/2194) had lost at least
10% of body weight. Reaching higher weight loss thresholds
generally took much longer to achieve, with gradually larger
fractions of users reaching them in 52 weeks.

Figure 11. Percentage of users with obese or overweight starting BMI (≥25 kg/m2) who achieved 5%, 10%, 15%, and 20% weight loss by week.
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Discussion

Context
This study is the largest examination of IF conducted to date
and is orders of magnitude larger than any previous effort
[5,7,12,31-33]. Owing to the use of mobile apps to record fasting
events and weight, we were able to document real-world
behavior and results, including both retention and weight
change. Unlike most prior studies, we included people with
healthy weight or underweight rather than just people
categorized as overweight or obese, and our population covered
extensive demographic variability, including an age range of
18 to 100 years.

Retention
The spectrum of retention metrics (Figure 1) shows that there
are many users who consistently used the apps to record fasts
every week for months (0-week grace period). Other users took
breaks lasting weeks or months, but came back to the apps
later—13.9% of users recorded a fast during weeks 52 to 104
(ie, retention at week 52 with an unlimited grace period), which
is an underestimate because most users downloaded the app
less than 2 years before the end of the study. Whether users are
engaged in IF during reporting gaps is unknown, but these
variable use patterns are likely typical for mobile health apps,
as well as health behavior in general [34,35].

Retention statistics for mobile apps are not commonly available
for proprietary apps. An analysis by AppsFlyer found that day
30 retention (fraction of original users active on day 30) for
health and fitness apps in the United States in 2020 averaged
<6% [36]. The week-12 retention statistics (fraction of original
users active during week 12) for all apps in 2020 were 3.6% for
Android and 5.1% for iOS. This 12-week retention definition
is more generous than our 0-week grace period definition, yet
the retention we observed at that time point (Figure 1) was
greater, perhaps owing to the simple core utility of the fasting
app for tracking the timing of fasts.

Age was the best predictor of retention in our study, which is
consistent with other analyses of retention predictors for lifestyle
interventions [37]. Older users may become more fixed in new
habits, appreciate the consistency of using apps regularly, and
be less likely to try out multiple competing apps. They are also
more likely to have serious health concerns, such as healthy
aging, which may increase their motivation to adhere to new
interventions. Users whose stated primary health concern was
weight loss were younger and had the lowest retention rate.

Several other variables were notable in their relationship to
retention in both univariate and multivariate analyses
(Multimedia Appendix 1). Consistent with previous reports
[37,38], 26-week retention was more than twice as high for
daily exercisers versus sedentary users. This was also concordant
with previous findings of higher dietary compliance among
those who exercise regularly [39]. Stress has been shown to
predict poor adherence to weight loss programs [37], and users
of the LIFE apps reporting extreme stress had the lowest
retention. Smoking conferred lower retention rates compared
with nonsmoking, which is also consistent with previous reports

[40,41]. Interestingly, retention differences by sex, diet, and
starting BMI were among the smallest.

Fasting Patterns and Weight Change
The real-world spectrum of fasting behavior documented in our
study shows variable and flexible adherence to IF regimens,
making specific idealized fasting protocols hard to discern in
the data. We did clearly see a group of 25.5% of users who
practice a daily, or nearly daily, fasting routine (≥6 days per
week) averaged over the first 26 weeks, whereas the rest skip
multiple days per week. Among users who fast, on average,
fewer than 3 times per week, the majority fast under 24 hours,
suggesting that they are more sporadic in their fasting or less
vigorous in tracking in the apps. A total of 7.5% of users had
average fasts over 32 hours, likely corresponding to the extended
paradigms of IF such as 5:2 and alternate day fasting.

Owing to the multidimensional gradations of fasting patterns,
we proposed the concept of EFH per day, as a metric to quantify
fasting across all users. EFH per day combines fasting frequency
and fasting length into a single measure and serves to unify the
various fasting regimens for analysis. EFH per day was
predictive of weight loss in a nearly linear fashion (Multimedia
Appendix 2; Figures 8 and 10), supporting it as a relevant
framework for quantifying fasting. We also showed that the
magnitude of the fasting effect varied by starting BMI, with
greater weight loss in individuals with higher levels of obesity
practicing the same level of IF. Our findings have clear
implications for people who wish to lose weight by using IF.
The daily 16:8 IF routine that is commonly promoted is a
minimum for those who wish to lose more than a few percent
of their weight.

To explain these results, we hypothesize that the correlation
between EFH per day and weight loss and the interaction with
starting BMI can be attributed primarily to differences in caloric
restriction. In previous studies, those who practiced alternate
day fasting, the 5:2 diet, or time-restricted eating reduced their
daily calorie intake by 10% to 30% [42]. With shorter eating
windows, users with low starting BMI may be able to consume
sufficient calories to maintain their weight, while users with
higher BMI cannot, resulting in disproportionate weight loss.
Various IF regimens have been shown to be as effective for
weight loss as intentional caloric restriction [6,8,43,44], although
IF might be easier to adopt and follow in the long term [13,45].

The weight loss effects of longer fasts may additionally be
driven by the metabolic switch from glucose to ketones derived
from fat tissue and free fatty acids [46]. This switch has
previously been associated with weight loss [20] and occurs
between 12 hours and 24 hours into a fast, depending on
previous carbohydrate intake and energy expenditure [46,47].
A primary benefit of the switch from use of glucose to free fatty
acids and ketones is the mobilization of body fat stores while
preserving muscle mass, thereby improving body composition.
Associated improvements in insulin sensitivity, visceral fat
mass, and systemic inflammation may persist at the end of each
fast when the system reverts to glucose metabolism, in part
because of preserved muscle mass [19]. These effects are
amplified in longer fasts, as insulin sensitivity reaches a nadir
at 54 hours.
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Analysis of weight loss threshold achievement facilitates the
comparison of IF with other interventions. By 26 weeks, 67.2%
(1475/2194) of users with overweight and obese starting BMI
lost at least 5% of their starting weight. This is comparable to
the results achieved by users of the Diabetes Prevention Program
through the Noom platform, 64% of whom lost over 5% of their
body weight in 24 weeks [48]. In our study, 38.9% (854/2194)

of users with BMI ≥25 kg/m2 lost at least 10% of their body
weight in 26 weeks, while this threshold was achieved by only
23% of Noom users in the same amount of time [49]. In another
comparison, only 25% of the participants enrolled in the
Livongo Diabetes Prevention Program lost more than 10% of
their body weight by 54 weeks, with most users achieving 5%
weight loss [50].

While it is common for people who lose weight to be subject
to weight regain [51], overweight users sustained most of their
weight loss at 52 weeks, with users in obese class II and III

(BMI ≥35 kg/m2) trending toward even more weight loss at 52
weeks. In contrast, users whose starting BMI classified them
as underweight had no weight change on average at 13 weeks
and proceeded to gain weight if they continued with the apps
out to 52 weeks. This is an important finding because of the
frequently raised concern that IF may promote eating disorders
[52]. Our findings suggest that IF is generally a safe practice
even for users at the low end of BMI because even those users
who fasted extensively tended to lose little weight (Figure 10).

Age was positively associated with greater weight loss,
consistent with previous findings [53]. The effect we observed
is explained by more fasting by older users rather than as a
consequence of metabolic or dietary differences, according to
our multivariate model. This is consistent with a 2013 study
that showed that, compared with younger participants, older
adults lost significantly more weight after a diet and exercise
intervention and were more successful at maintaining weight
loss even after 3 years of an internet-based maintenance protocol
[54]. The lack of weight loss difference between women and
men is also consistent with previous findings [55].

Conclusions
As of 2016, close to 50% of adults in the United States had tried
to lose weight within the preceding 12 months according to
Centers for Disease Control and Prevention data [56]. Moreover,
as of 2018, over 40% of adults in the United States were
considered obese [57]. In our study of mobile app users in the
real-world setting, we found that IF is an effective strategy for
weight loss for many people. Studies in people with obesity
demonstrate that losing 10% of your body weight is enough to
improve blood pressure and normalize cholesterol blood levels,
while losing just 5% is enough to improve glycemic control,
which is central to the prevention and management of diabetes
[58]. In just 13 weeks, among LIFE apps users with a starting
classification of overweight or obese, 60% of them lost 5% or
more of their starting weight and 21% lost ≥10%, reflecting the
potential clinical value that is achievable. These rates of success
were higher in our users than in users of paid apps with active
coaching, such as Noom and Livongo.

Self-reported data in this mobile setting offered many intriguing
correlates of retention and weight loss. Meaningful factors
included diet, exercise, stress, and smoking, all of which lend
themselves well to mobile tracking, including integrated
wearables, for reliable measurement and analysis.

Future Work
To better understand the mechanisms and residual variability
of weight loss by app users, we would like to study the caloric
input and expenditure of users directly. This can be achieved
by asking users to record their daily dietary intake and exercise.
Tracking exercise is amenable to passive tracking with wearable
technology, and many users of the LIFE apps (specifically LX)
already have regular data ingestion established with the most
common fitness trackers. Such an additional study could help
resolve the somewhat surprising finding that the diet and
exercise habits self-reported at the beginning of the study did
not correlate with weight change.

Although weight management is a clinically important objective,
other clinically relevant outcomes could be measured and
correlated with fasting behavior. These include assessments of
mental and physical health, disease incidence, insulin resistance,
medical costs, and professional and educational absenteeism.
Advocates of IF point to studies in animal models and humans
that suggest many of these benefits [11,14,59-61]. Facilitated
by mobile and digital technology, we may be able to evaluate
real-world evidence for these promises and tease apart their
etiology.

Finally, studies show that social support improves health and
well-being, and that people who have strong support networks
are more likely to lose weight than those who do not [62,63].
The LIFE apps have a social “Circles” feature, where users can
communicate with other users within the app. An analysis of
circle participation is a subject for future work, but preliminary
results suggest that retention is higher for users who are socially
active in the app.

Limitations
The primary limitation of this study was that most data were
self-reported, except for some weight values that were entered
by smart scales. This limitation is compensated for by the large
sample size of the study.

The observed weight change averages may be potentially
confounded by users who stopped recording weights or even
stopped using the app because of a lack of progress. Conversely,
users who achieved success might have been less motivated to
continue recording fasts and weights. Similarly, users may have
been more likely to weigh themselves and record their weight
in the app if they had lost weight, which could then exaggerate
the weight loss estimates in this study. These effects may be
challenging to untangle, but the trends and correlates of weight
change identified should be robust.

Owing to the limited observational nature of this study, users
who fasted longer may have adopted other diet-related practices
more than users who fasted less without our knowledge.
Similarly, we did not have information about users’ previous
experience with IF. Given that the largest retention losses and
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greatest rates of weight change occurred in the earliest weeks
of app use, previous fasting experience or even recent weight
changes could skew the reported progress. In an IF-naive
population, we expect weight loss to be relatively larger.

Another limitation of the study is that, due to being
observational, it lacked explicit controls. However, this

limitation was offset by the wide range of fasting behaviors
among users. We used this natural variability as a form of
self-directed intervention, which allowed us to contrast and
quantify the effects of different levels of fasting on a much
broader scale than would be feasible for a randomized controlled
trial.
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Multimedia Appendix 1
Baseline demographics and retention at 13-week intervals using the 4-week grace period retention definition. Hazard ratios and
corresponding P values are based on the 52-week Cox proportional hazards regression model applied to retention. Hazard ratios
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at each time point. Regression coefficients and P values refer to an ordinary least squares model of weight change at 26 weeks
(n=1252). The intercept in the model was 4.378 (P=.007). Baseline BMI values for the EFH per day groupings are based on the
26-week cohort used in the regression analysis.
[PDF File (Adobe PDF File), 116 KB - mhealth_v10i10e35896_app2.pdf ]

References
1. Ritchie H, Roser M. Obesity. Our World in Data. 2017 Aug 11. URL: https://ourworldindata.org/obesity [accessed

2021-12-08]
2. FastStats. Centers for Disease Control and Prevention. 2021. URL: https://www.cdc.gov/nchs/fastats/obesity-overweight.

htm [accessed 2021-12-08]
3. Ward ZJ, Bleich SN, Cradock AL, Barrett JL, Giles CM, Flax C, et al. Projected U.S. state-level prevalence of adult obesity

and severe obesity. N Engl J Med 2019 Dec 19;381(25):2440-2450. [doi: 10.1056/NEJMsa1909301] [Medline: 31851800]
4. Kalam F, Gabel K, Cienfuegos S, Wiseman E, Ezpeleta M, Steward M, et al. Alternate day fasting combined with a

low-carbohydrate diet for weight loss, weight maintenance, and metabolic disease risk reduction. Obes Sci Pract 2019
Dec;5(6):531-539 [FREE Full text] [doi: 10.1002/osp4.367] [Medline: 31890243]

5. Cienfuegos S, Gabel K, Kalam F, Ezpeleta M, Wiseman E, Pavlou V, et al. Effects of 4- and 6-h time-restricted feeding
on weight and cardiometabolic health: a randomized controlled trial in adults with obesity. Cell Metab 2020 Sep
01;32(3):366-78.e3 [FREE Full text] [doi: 10.1016/j.cmet.2020.06.018] [Medline: 32673591]

6. Harvie MN, Pegington M, Mattson MP, Frystyk J, Dillon B, Evans G, et al. The effects of intermittent or continuous energy
restriction on weight loss and metabolic disease risk markers: a randomized trial in young overweight women. Int J Obes
(Lond) 2011 May;35(5):714-727 [FREE Full text] [doi: 10.1038/ijo.2010.171] [Medline: 20921964]

7. Gabel K, Hoddy KK, Haggerty N, Song J, Kroeger CM, Trepanowski JF, et al. Effects of 8-hour time restricted feeding
on body weight and metabolic disease risk factors in obese adults: a pilot study. Nutr Healthy Aging 2018 Jun 15;4(4):345-353
[FREE Full text] [doi: 10.3233/NHA-170036] [Medline: 29951594]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e35896 | p.75https://mhealth.jmir.org/2022/10/e35896
(page number not for citation purposes)

Torres et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mhealth_v10i10e35896_app1.pdf
mhealth_v10i10e35896_app1.pdf
mhealth_v10i10e35896_app2.pdf
mhealth_v10i10e35896_app2.pdf
https://ourworldindata.org/obesity
https://www.cdc.gov/nchs/fastats/obesity-overweight.htm
https://www.cdc.gov/nchs/fastats/obesity-overweight.htm
http://dx.doi.org/10.1056/NEJMsa1909301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31851800&dopt=Abstract
https://europepmc.org/abstract/MED/31890243
http://dx.doi.org/10.1002/osp4.367
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31890243&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1550-4131(20)30319-3
http://dx.doi.org/10.1016/j.cmet.2020.06.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32673591&dopt=Abstract
https://europepmc.org/abstract/MED/20921964
http://dx.doi.org/10.1038/ijo.2010.171
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20921964&dopt=Abstract
https://europepmc.org/abstract/MED/29951594
http://dx.doi.org/10.3233/NHA-170036
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29951594&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


8. Gill S, Panda S. A smartphone app reveals erratic diurnal eating patterns in humans that can be modulated for health benefits.
Cell Metab 2015 Nov 03;22(5):789-798 [FREE Full text] [doi: 10.1016/j.cmet.2015.09.005] [Medline: 26411343]

9. Conley M, Le Fevre L, Haywood C, Proietto J. Is two days of intermittent energy restriction per week a feasible weight
loss approach in obese males? A randomised pilot study. Nutr Diet 2018 Feb;75(1):65-72. [doi: 10.1111/1747-0080.12372]
[Medline: 28791787]

10. Trepanowski JF, Kroeger CM, Barnosky A, Klempel MC, Bhutani S, Hoddy KK, et al. Effect of alternate-day fasting on
weight loss, weight maintenance, and cardioprotection among metabolically healthy obese adults: a randomized clinical
trial. JAMA Intern Med 2017 Jul 01;177(7):930-938 [FREE Full text] [doi: 10.1001/jamainternmed.2017.0936] [Medline:
28459931]

11. Sutton EF, Beyl R, Early KS, Cefalu WT, Ravussin E, Peterson CM. Early time-restricted feeding improves insulin
sensitivity, blood pressure, and oxidative stress even without weight loss in men with prediabetes. Cell Metab 2018 Jun
05;27(6):1212-21.e3 [FREE Full text] [doi: 10.1016/j.cmet.2018.04.010] [Medline: 29754952]

12. Wilkinson MJ, Manoogian EN, Zadourian A, Lo H, Fakhouri S, Shoghi A, et al. Ten-hour time-restricted eating reduces
weight, blood pressure, and atherogenic lipids in patients with metabolic syndrome. Cell Metab 2020 Jan 07;31(1):92-104.e5
[FREE Full text] [doi: 10.1016/j.cmet.2019.11.004] [Medline: 31813824]

13. Hajek P, Przulj D, Pesola F, McRobbie H, Peerbux S, Phillips-Waller A, et al. A randomised controlled trial of the 5:2 diet.
PLoS One 2021 Nov 17;16(11):e0258853 [FREE Full text] [doi: 10.1371/journal.pone.0258853] [Medline: 34788298]

14. Patikorn C, Roubal K, Veettil SK, Chandran V, Pham T, Lee YY, et al. Intermittent fasting and obesity-related health
outcomes: an umbrella review of meta-analyses of randomized clinical trials. JAMA Netw Open 2021 Dec 01;4(12):e2139558
[FREE Full text] [doi: 10.1001/jamanetworkopen.2021.39558] [Medline: 34919135]

15. Dounavi K, Tsoumani O. Mobile health applications in weight management: a systematic literature review. Am J Prev Med
2019 Jun;56(6):894-903 [FREE Full text] [doi: 10.1016/j.amepre.2018.12.005] [Medline: 31003801]

16. Carroll JK, Moorhead A, Bond R, LeBlanc WG, Petrella RJ, Fiscella K. Who uses mobile phone health apps and does use
matter? A secondary data analytics approach. J Med Internet Res 2017 Apr 19;19(4):e125 [FREE Full text] [doi:
10.2196/jmir.5604] [Medline: 28428170]

17. Krebs P, Duncan D. Health app use among US mobile phone owners: a national survey. JMIR Mhealth Uhealth 2015 Nov
04;3(4):e101 [FREE Full text] [doi: 10.2196/mhealth.4924] [Medline: 26537656]

18. Vaghefi I, Tulu B. The continued use of mobile health apps: insights from a longitudinal study. JMIR Mhealth Uhealth
2019 Aug 29;7(8):e12983 [FREE Full text] [doi: 10.2196/12983] [Medline: 31469081]

19. Ghelani DP, Moran LJ, Johnson C, Mousa A, Naderpoor N. Mobile apps for weight management: a review of the latest
evidence to inform practice. Front Endocrinol (Lausanne) 2020 Jun 24;11:412 [FREE Full text] [doi:
10.3389/fendo.2020.00412] [Medline: 32670197]

20. Anton SD, Moehl K, Donahoo WT, Marosi K, Lee SA, Mainous AG, et al. Flipping the metabolic switch: understanding
and applying the health benefits of fasting. Obesity (Silver Spring) 2018 Feb;26(2):254-268 [FREE Full text] [doi:
10.1002/oby.22065] [Medline: 29086496]

21. Owen JE, Jaworski BK, Kuhn E, Makin-Byrd KN, Ramsey KM, Hoffman JE. mHealth in the wild: using novel data to
examine the reach, use, and impact of PTSD coach. JMIR Ment Health 2015 Mar 25;2(1):e7 [FREE Full text] [doi:
10.2196/mental.3935] [Medline: 26543913]

22. Centers for Disease Control and Prevention. 2021. URL: https://www.cdc.gov/obesity/adult/defining.html [accessed
2021-12-08]

23. Kluyver T, Ragan-Kelley B, Pérez F, Granger B, Bussonnier M, Frederic J, Jupyter Development Team. Jupyter Notebooks
– a publishing format for reproducible computational workflows. In: Positioning and Power in Academic Publishing:
Players, Agents and Agendas: Proceedings of the 20th International Conference on Electronic Publishing. 2016 Presented
at: ELPUB '16; June 7-9, 2016; Göttingen, Germany p. 87-90. [doi: 10.3233/978-1-61499-649-1-87]

24. Davidson-Pilon C. lifelines, survival analysis in Python. Zenodo. 2022. URL: https://zenodo.org/record/6746356 [accessed
2022-07-13]

25. Seabold S, Perktold J. Statsmodels: econometric and statistical modeling with Python. In: Proceedings of the 9th Python
in Science Conference. 2010 Presented at: SciPy '10; June 28-July 3, 2016; Austin, TX, USA. [doi:
10.25080/majora-92bf1922-011]

26. Waskom ML. seaborn: statistical data visualization. J Open Source Softw 2021 Apr 6;6(60):3021. [doi: 10.21105/joss.03021]
27. Collaborative data science. Plotly Technologies. Montréal, Canada; 2015. URL: https://plot.ly [accessed 2022-07-13]
28. Reback J, Jbrockmendel, McKinney W, Van den Bossche J, Roeschke M, Augspurger T, Gfyoung, Sinhrks, JHM Darbyshire,

et al. pandas-dev/pandas: Pandas 1.4.3. Zenodo. 2022. URL: https://zenodo.org/record/6702671 [accessed 2022-07-13]
29. Levels of review: Human Subjects and Institutional Review Boards. Indiana University. URL: https://research.iu.edu/

compliance/human-subjects/review-levels/index.html [accessed 2022-08-23]
30. LIFE Mobile Apps App Privacy Policy. LifeOmic Holdings. 2020 May 6. URL: https://lifeapps.io/

life-mobile-apps-privacy-policy/ [accessed 2022-08-23]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e35896 | p.76https://mhealth.jmir.org/2022/10/e35896
(page number not for citation purposes)

Torres et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://linkinghub.elsevier.com/retrieve/pii/S1550-4131(15)00462-3
http://dx.doi.org/10.1016/j.cmet.2015.09.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26411343&dopt=Abstract
http://dx.doi.org/10.1111/1747-0080.12372
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28791787&dopt=Abstract
https://europepmc.org/abstract/MED/28459931
http://dx.doi.org/10.1001/jamainternmed.2017.0936
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28459931&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1550-4131(18)30253-5
http://dx.doi.org/10.1016/j.cmet.2018.04.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29754952&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1550-4131(19)30611-4
http://dx.doi.org/10.1016/j.cmet.2019.11.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31813824&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0258853
http://dx.doi.org/10.1371/journal.pone.0258853
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34788298&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2021.39558
http://dx.doi.org/10.1001/jamanetworkopen.2021.39558
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34919135&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0749-3797(19)30025-X
http://dx.doi.org/10.1016/j.amepre.2018.12.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31003801&dopt=Abstract
https://www.jmir.org/2017/4/e125/
http://dx.doi.org/10.2196/jmir.5604
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28428170&dopt=Abstract
https://mhealth.jmir.org/2015/4/e101/
http://dx.doi.org/10.2196/mhealth.4924
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26537656&dopt=Abstract
https://mhealth.jmir.org/2019/8/e12983/
http://dx.doi.org/10.2196/12983
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31469081&dopt=Abstract
https://doi.org/10.3389/fendo.2020.00412
http://dx.doi.org/10.3389/fendo.2020.00412
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32670197&dopt=Abstract
https://europepmc.org/abstract/MED/29086496
http://dx.doi.org/10.1002/oby.22065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29086496&dopt=Abstract
https://mental.jmir.org/2015/1/e7/
http://dx.doi.org/10.2196/mental.3935
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26543913&dopt=Abstract
https://www.cdc.gov/obesity/adult/defining.html
http://dx.doi.org/10.3233/978-1-61499-649-1-87
https://zenodo.org/record/6746356
http://dx.doi.org/10.25080/majora-92bf1922-011
http://dx.doi.org/10.21105/joss.03021
https://plot.ly
https://zenodo.org/record/6702671
https://research.iu.edu/compliance/human-subjects/review-levels/index.html
https://research.iu.edu/compliance/human-subjects/review-levels/index.html
https://lifeapps.io/life-mobile-apps-privacy-policy/
https://lifeapps.io/life-mobile-apps-privacy-policy/
http://www.w3.org/Style/XSL
http://www.renderx.com/


31. Przulj D, Ladmore D, Smith KM, Phillips-Waller A, Hajek P. Time restricted eating as a weight loss intervention in adults
with obesity. PLoS One 2021 Jan 28;16(1):e0246186 [FREE Full text] [doi: 10.1371/journal.pone.0246186] [Medline:
33508009]

32. Manoogian EN, Chow LS, Taub PR, Laferrère B, Panda S. Time-restricted eating for the prevention and management of
metabolic diseases. Endocr Rev 2022 Mar 09;43(2):405-436. [doi: 10.1210/endrev/bnab027] [Medline: 34550357]

33. Lowe DA, Wu N, Rohdin-Bibby L, Moore AH, Kelly N, Liu YE, et al. Effects of time-restricted eating on weight loss and
other metabolic parameters in women and men with overweight and obesity: the TREAT randomized clinical trial. JAMA
Intern Med 2020 Nov 01;180(11):1491-1499 [FREE Full text] [doi: 10.1001/jamainternmed.2020.4153] [Medline: 32986097]

34. Pellegrini CA, Conroy DE, Phillips SM, Pfammatter AF, McFadden HG, Spring B. Daily and seasonal influences on dietary
self-monitoring using a smartphone application. J Nutr Educ Behav 2018 Jan;50(1):56-61.e1 [FREE Full text] [doi:
10.1016/j.jneb.2016.12.004] [Medline: 29325663]

35. Solbrig L, Jones R, Kavanagh D, May J, Parkin T, Andrade J. People trying to lose weight dislike calorie counting apps
and want motivational support to help them achieve their goals. Internet Interv 2017 Mar;7:23-31 [FREE Full text] [doi:
10.1016/j.invent.2016.12.003] [Medline: 28286739]

36. Attention: retention! 2020 app retention benchmarks. AppsFlyer. URL: https://www.appsflyer.com/infograms/
app-retention-benchmarks-2020/ [accessed 2022-07-13]

37. Leung AW, Chan RS, Sea MM, Woo J. An overview of factors associated with adherence to lifestyle modification programs
for weight management in adults. Int J Environ Res Public Health 2017 Aug 16;14(8):922 [FREE Full text] [doi:
10.3390/ijerph14080922] [Medline: 28813030]

38. Susin N, de Melo Boff R, Ludwig MW, Feoli AM, da Silva AG, Macagnan FE, et al. Predictors of adherence in a prevention
program for patients with metabolic syndrome. J Health Psychol 2016 Oct;21(10):2156-2167. [doi:
10.1177/1359105315572451] [Medline: 25805660]

39. Racette SB, Schoeller DA, Kushner RF, Neil KM. Exercise enhances dietary compliance during moderate energy restriction
in obese women. Am J Clin Nutr 1995 Aug;62(2):345-349. [doi: 10.1093/ajcn/62.2.345] [Medline: 7625341]

40. Bradshaw AJ, Horwath CC, Katzer L, Gray A. Non-dieting group interventions for overweight and obese women: what
predicts non-completion and does completion improve outcomes? Public Health Nutr 2010 Oct;13(10):1622-1628. [doi:
10.1017/S1368980009992977] [Medline: 20025832]

41. Greenberg I, Stampfer MJ, Schwarzfuchs D, Shai I, DIRECT Group. Adherence and success in long-term weight loss diets:
the dietary intervention randomized controlled trial (DIRECT). J Am Coll Nutr 2009 Apr;28(2):159-168. [doi:
10.1080/07315724.2009.10719767] [Medline: 19828901]

42. Varady KA, Cienfuegos S, Ezpeleta M, Gabel K. Clinical application of intermittent fasting for weight loss: progress and
future directions. Nat Rev Endocrinol 2022 May;18(5):309-321. [doi: 10.1038/s41574-022-00638-x] [Medline: 35194176]

43. Schübel R, Nattenmüller J, Sookthai D, Nonnenmacher T, Graf ME, Riedl L, et al. Effects of intermittent and continuous
calorie restriction on body weight and metabolism over 50 wk: a randomized controlled trial. Am J Clin Nutr 2018 Nov
01;108(5):933-945 [FREE Full text] [doi: 10.1093/ajcn/nqy196] [Medline: 30475957]

44. Gabel K, Kroeger CM, Trepanowski JF, Hoddy KK, Cienfuegos S, Kalam F, et al. Differential effects of alternate-day
fasting versus daily calorie restriction on insulin resistance. Obesity (Silver Spring) 2019 Sep;27(9):1443-1450 [FREE Full
text] [doi: 10.1002/oby.22564] [Medline: 31328895]

45. Rynders CA, Thomas EA, Zaman A, Pan Z, Catenacci VA, Melanson EL. Effectiveness of intermittent fasting and
time-restricted feeding compared to continuous energy restriction for weight loss. Nutrients 2019 Oct 14;11(10):2442
[FREE Full text] [doi: 10.3390/nu11102442] [Medline: 31614992]

46. Mattson MP, Moehl K, Ghena N, Schmaedick M, Cheng A. Intermittent metabolic switching, neuroplasticity and brain
health. Nat Rev Neurosci 2018 Feb;19(2):63-80 [FREE Full text] [doi: 10.1038/nrn.2017.156] [Medline: 29321682]

47. Longo VD, Di Tano M, Mattson MP, Guidi N. Intermittent and periodic fasting, longevity and disease. Nat Aging 2021
Jan;1(1):47-59 [FREE Full text] [doi: 10.1038/s43587-020-00013-3] [Medline: 35310455]

48. Michaelides A, Raby C, Wood M, Farr K, Toro-Ramos T. Weight loss efficacy of a novel mobile Diabetes Prevention
Program delivery platform with human coaching. BMJ Open Diabetes Res Care 2016 Sep 5;4(1):e000264 [FREE Full text]
[doi: 10.1136/bmjdrc-2016-000264] [Medline: 27651911]

49. Chin SO, Keum C, Woo J, Park J, Choi HJ, Woo JT, et al. Successful weight reduction and maintenance by using a
smartphone application in those with overweight and obesity. Sci Rep 2016 Nov 07;6:34563 [FREE Full text] [doi:
10.1038/srep34563] [Medline: 27819345]

50. Painter SL, Lu W, Schneider J, James R, Shah B. Drivers of weight loss in a CDC-recognized digital diabetes prevention
program. BMJ Open Diabetes Res Care 2020 Jul;8(1):e001132 [FREE Full text] [doi: 10.1136/bmjdrc-2019-001132]
[Medline: 32624481]

51. Soeliman FA, Azadbakht L. Weight loss maintenance: a review on dietary related strategies. J Res Med Sci 2014
Mar;19(3):268-275 [FREE Full text] [Medline: 24949037]

52. Cuccolo K, Kramer R, Petros T, Thoennes M. Intermittent fasting implementation and association with eating disorder
symptomatology. Eat Disord (forthcoming) 2021 Jun 30:1-21. [doi: 10.1080/10640266.2021.1922145] [Medline: 34191688]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e35896 | p.77https://mhealth.jmir.org/2022/10/e35896
(page number not for citation purposes)

Torres et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://dx.plos.org/10.1371/journal.pone.0246186
http://dx.doi.org/10.1371/journal.pone.0246186
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33508009&dopt=Abstract
http://dx.doi.org/10.1210/endrev/bnab027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34550357&dopt=Abstract
https://europepmc.org/abstract/MED/32986097
http://dx.doi.org/10.1001/jamainternmed.2020.4153
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32986097&dopt=Abstract
https://europepmc.org/abstract/MED/29325663
http://dx.doi.org/10.1016/j.jneb.2016.12.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29325663&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(16)30039-2
http://dx.doi.org/10.1016/j.invent.2016.12.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28286739&dopt=Abstract
https://www.appsflyer.com/infograms/app-retention-benchmarks-2020/
https://www.appsflyer.com/infograms/app-retention-benchmarks-2020/
https://www.mdpi.com/resolver?pii=ijerph14080922
http://dx.doi.org/10.3390/ijerph14080922
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28813030&dopt=Abstract
http://dx.doi.org/10.1177/1359105315572451
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25805660&dopt=Abstract
http://dx.doi.org/10.1093/ajcn/62.2.345
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7625341&dopt=Abstract
http://dx.doi.org/10.1017/S1368980009992977
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20025832&dopt=Abstract
http://dx.doi.org/10.1080/07315724.2009.10719767
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19828901&dopt=Abstract
http://dx.doi.org/10.1038/s41574-022-00638-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35194176&dopt=Abstract
https://europepmc.org/abstract/MED/30475957
http://dx.doi.org/10.1093/ajcn/nqy196
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30475957&dopt=Abstract
https://europepmc.org/abstract/MED/31328895
https://europepmc.org/abstract/MED/31328895
http://dx.doi.org/10.1002/oby.22564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31328895&dopt=Abstract
https://www.mdpi.com/resolver?pii=nu11102442
http://dx.doi.org/10.3390/nu11102442
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31614992&dopt=Abstract
https://europepmc.org/abstract/MED/29321682
http://dx.doi.org/10.1038/nrn.2017.156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29321682&dopt=Abstract
https://europepmc.org/abstract/MED/35310455
http://dx.doi.org/10.1038/s43587-020-00013-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35310455&dopt=Abstract
https://drc.bmj.com/lookup/pmidlookup?view=long&pmid=27651911
http://dx.doi.org/10.1136/bmjdrc-2016-000264
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27651911&dopt=Abstract
https://doi.org/10.1038/srep34563
http://dx.doi.org/10.1038/srep34563
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27819345&dopt=Abstract
https://drc.bmj.com/lookup/pmidlookup?view=long&pmid=32624481
http://dx.doi.org/10.1136/bmjdrc-2019-001132
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32624481&dopt=Abstract
http://www.jmsjournal.net/article.asp?issn=1735-1995;year=2014;volume=19;issue=3;spage=268;epage=275;aulast=Soeliman
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24949037&dopt=Abstract
http://dx.doi.org/10.1080/10640266.2021.1922145
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34191688&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


53. DeLuca L, Toro-Ramos T, Michaelides A, Seng E, Swencionis C. Relationship between age and weight loss in noom:
quasi-experimental study. JMIR Diabetes 2020 Jun 04;5(2):e18363 [FREE Full text] [doi: 10.2196/18363] [Medline:
32497017]

54. Svetkey LP, Clark JM, Funk K, Corsino L, Batch BC, Hollis JF, et al. Greater weight loss with increasing age in the weight
loss maintenance trial. Obesity (Silver Spring) 2014 Jan;22(1):39-44 [FREE Full text] [doi: 10.1002/oby.20506] [Medline:
23640912]

55. Lin S, Lima Oliveira M, Gabel K, Kalam F, Cienfuegos S, Ezpeleta M, et al. Does the weight loss efficacy of alternate day
fasting differ according to sex and menopausal status? Nutr Metab Cardiovasc Dis 2021 Feb 08;31(2):641-649 [FREE Full
text] [doi: 10.1016/j.numecd.2020.10.018] [Medline: 33358713]

56. Martin CB, Herrick KA, Sarafrazi N, Ogden CL. NCHS Data Brief No. 313 – Attempts to Lose Weight Among Adults in
the United States, 2013–2016. Centers for Disease Control and Prevention. 2018 Jul. URL: https://www.cdc.gov/nchs/
products/databriefs/db313.htm [accessed 2021-12-08]

57. Hales CM, Carroll MD, Fryar CD, Ogden CL. NCHS Data Brief No. 360 – Prevalence of Obesity and Severe Obesity
Among Adults: United States, 2017–2018. Centers for Disease Control and Prevention. 2020 Feb. URL: https://www.
cdc.gov/nchs/products/databriefs/db360.htm [accessed 2021-12-08]

58. Orzano AJ, Scott JG. Diagnosis and treatment of obesity in adults: an applied evidence-based review. J Am Board Fam
Pract 2004;17(5):359-369 [FREE Full text] [doi: 10.3122/jabfm.17.5.359] [Medline: 15355950]

59. Currenti W, Godos J, Castellano S, Caruso G, Ferri R, Caraci F, et al. Time-restricted feeding is associated with mental
health in elderly Italian adults. Chronobiol Int 2021 Oct;38(10):1507-1516. [doi: 10.1080/07420528.2021.1932998] [Medline:
34100325]

60. Lee C, Raffaghello L, Brandhorst S, Safdie FM, Bianchi G, Martin-Montalvo A, et al. Fasting cycles retard growth of
tumors and sensitize a range of cancer cell types to chemotherapy. Sci Transl Med 2012 Mar 07;4(124):124ra27 [FREE
Full text] [doi: 10.1126/scitranslmed.3003293] [Medline: 22323820]

61. Marinac CR, Nelson SH, Breen CI, Hartman SJ, Natarajan L, Pierce JP, et al. Prolonged nightly fasting and breast cancer
prognosis. JAMA Oncol 2016 Aug 01;2(8):1049-1055 [FREE Full text] [doi: 10.1001/jamaoncol.2016.0164] [Medline:
27032109]

62. Jane M, Hagger M, Foster J, Ho S, Pal S. Social media for health promotion and weight management: a critical debate.
BMC Public Health 2018 Jul 28;18(1):932 [FREE Full text] [doi: 10.1186/s12889-018-5837-3] [Medline: 30055592]

63. He C, Wu S, Zhao Y, Li Z, Zhang Y, Le J, et al. Social media-promoted weight loss among an occupational population:
cohort study using a WeChat mobile phone app-based campaign. J Med Internet Res 2017 Oct 23;19(10):e357 [FREE Full
text] [doi: 10.2196/jmir.7861] [Medline: 29061555]

Abbreviations
EFH: extended fasting hours
IF: intermittent fasting
LFT: LIFE Fasting Tracker
LX: LIFE Extend

Edited by L Buis; submitted 22.12.21; peer-reviewed by J May, N Maglaveras; comments to author 19.02.22; revised version received
14.07.22; accepted 26.07.22; published 04.10.22.

Please cite as:
Torres L, Lee JL, Park S, Di Lorenzo RC, Branam JP, Fraser SA, Salisbury BA
Retention, Fasting Patterns, and Weight Loss With an Intermittent Fasting App: Large-Scale, 52-Week Observational Study
JMIR Mhealth Uhealth 2022;10(10):e35896
URL: https://mhealth.jmir.org/2022/10/e35896 
doi:10.2196/35896
PMID:36194463

©Luisa Torres, Joy L Lee, Seho Park, R Christian Di Lorenzo, Jonathan P Branam, Shelagh A Fraser, Benjamin A Salisbury.
Originally published in JMIR mHealth and uHealth (https://mhealth.jmir.org), 04.10.2022. 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 https://mhealth.jmir.org/,
as well as this copyright and license information must be included.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e35896 | p.78https://mhealth.jmir.org/2022/10/e35896
(page number not for citation purposes)

Torres et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://diabetes.jmir.org/2020/2/e18363/
http://dx.doi.org/10.2196/18363
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32497017&dopt=Abstract
https://doi.org/10.1002/oby.20506
http://dx.doi.org/10.1002/oby.20506
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23640912&dopt=Abstract
https://europepmc.org/abstract/MED/33358713
https://europepmc.org/abstract/MED/33358713
http://dx.doi.org/10.1016/j.numecd.2020.10.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33358713&dopt=Abstract
https://www.cdc.gov/nchs/products/databriefs/db313.htm
https://www.cdc.gov/nchs/products/databriefs/db313.htm
https://www.cdc.gov/nchs/products/databriefs/db360.htm
https://www.cdc.gov/nchs/products/databriefs/db360.htm
http://www.jabfm.org/cgi/pmidlookup?view=long&pmid=15355950
http://dx.doi.org/10.3122/jabfm.17.5.359
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15355950&dopt=Abstract
http://dx.doi.org/10.1080/07420528.2021.1932998
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34100325&dopt=Abstract
https://europepmc.org/abstract/MED/22323820
https://europepmc.org/abstract/MED/22323820
http://dx.doi.org/10.1126/scitranslmed.3003293
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22323820&dopt=Abstract
https://europepmc.org/abstract/MED/27032109
http://dx.doi.org/10.1001/jamaoncol.2016.0164
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27032109&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-018-5837-3
http://dx.doi.org/10.1186/s12889-018-5837-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30055592&dopt=Abstract
https://www.jmir.org/2017/10/e357/
https://www.jmir.org/2017/10/e357/
http://dx.doi.org/10.2196/jmir.7861
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29061555&dopt=Abstract
https://mhealth.jmir.org/2022/10/e35896
http://dx.doi.org/10.2196/35896
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36194463&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Validity of Chatbot Use for Mental Health Assessment:
Experimental Study

Anita Schick1, Dipl-Psych, PhD; Jasper Feine2, MSc, PhD; Stefan Morana3, PhD; Alexander Maedche2, PhD; Ulrich

Reininghaus1, Dipl-Psych, MSc, PhD
1Department of Public Mental Health, Central Institute of Mental Health, Medical Faculty Mannheim, Heidelberg University, Mannheim, Germany
2Institute of Information Systems and Marketing, Karlsruhe Institute of Technology, Karlsruhe, Germany
3Junior Professorship for Digital Transformation and Information Systems, Saarland University, Saarbruecken, Germany

Corresponding Author:
Anita Schick, Dipl-Psych, PhD
Department of Public Mental Health, Central Institute of Mental Health
Medical Faculty Mannheim
Heidelberg University
Square J5
Mannheim, 68219
Germany
Phone: 49 62117031941
Email: anita.schick@zi-mannheim.de

Abstract

Background: Mental disorders in adolescence and young adulthood are major public health concerns. Digital tools such as
text-based conversational agents (ie, chatbots) are a promising technology for facilitating mental health assessment. However,
the human-like interaction style of chatbots may induce potential biases, such as socially desirable responding (SDR), and may
require further effort to complete assessments.

Objective: This study aimed to investigate the convergent and discriminant validity of chatbots for mental health assessments,
the effect of assessment mode on SDR, and the effort required by participants for assessments using chatbots compared with
established modes.

Methods: In a counterbalanced within-subject design, we assessed 2 different constructs—psychological distress (Kessler
Psychological Distress Scale and Brief Symptom Inventory-18) and problematic alcohol use (Alcohol Use Disorders Identification
Test-3)—in 3 modes (chatbot, paper-and-pencil, and web-based), and examined convergent and discriminant validity. In addition,
we investigated the effect of mode on SDR, controlling for perceived sensitivity of items and individuals’ tendency to respond
in a socially desirable way, and we also assessed the perceived social presence of modes. Including a between-subject condition,
we further investigated whether SDR is increased in chatbot assessments when applied in a self-report setting versus when human
interaction may be expected. Finally, the effort (ie, complexity, difficulty, burden, and time) required to complete the assessments
was investigated.

Results: A total of 146 young adults (mean age 24, SD 6.42 years; n=67, 45.9% female) were recruited from a research panel
for laboratory experiments. The results revealed high positive correlations (all P<.001) of measures of the same construct across
different modes, indicating the convergent validity of chatbot assessments. Furthermore, there were no correlations between the
distinct constructs, indicating discriminant validity. Moreover, there were no differences in SDR between modes and whether
human interaction was expected, although the perceived social presence of the chatbot mode was higher than that of the established
modes (P<.001). Finally, greater effort (all P<.05) and more time were needed to complete chatbot assessments than for completing
the established modes (P<.001).

Conclusions: Our findings suggest that chatbots may yield valid results. Furthermore, an understanding of chatbot design
trade-offs in terms of potential strengths (ie, increased social presence) and limitations (ie, increased effort) when assessing mental
health were established.

(JMIR Mhealth Uhealth 2022;10(10):e28082)   doi:10.2196/28082
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Introduction

Background
Mental disorders are a leading cause of disease burden in
high-income countries and first emerge in adolescence and
young adulthood [1]. Thus, mental health in young people is a
major public health concern [2]. However, psychological help
remains difficult to access [3]. To address this problem, digital
technologies provide a scalable alternative for accessing
low-threshold psychological assessments, digital diagnostics,
and interventions [4]. In particular, digital technologies can
support the early detection of symptoms, diagnostics, and
treatment as they may improve access to mental health services
for difficult-to-reach populations without requiring on-site visits
using desktop PCs, tablets, or mobile devices [5].

Text-based conversational agents (ie, chatbots) are a promising
digital technology in this context [6-12]. Chatbots interact with
users via natural language [13], keeping individuals engaged
in the task at hand, thereby increasing adherence [10,14].
Chatbots as software-based systems enabling asynchronous
interactions have received increasing attention during the
COVID-19 pandemic to provide information about infection
numbers, rules, and restrictions [15], thereby improving health
literacy and reducing the burden on the health care system. In
addition, chatbots have been investigated in several studies and
applied to assess or monitor mental health [16], deliver
information for improving mental health literacy [9,14,15,17],
and assist and compound therapy sessions as guided or blended
care [18-22]. Irrespective of the popularity of chatbots, reviews
of their application in the context of (mental) health emphasize
the quasi-experimental nature of studies and the need to
empirically evaluate their impact [7,16,23-26]. Specifically, for
wider application, the extent to which a new mode for assessing
a construct (eg, chatbots assessing psychological distress)
converges with established assessment modes of the same
construct (ie, the convergent validity) needs to be demonstrated.
In addition, discriminant validity (ie, the extent to which a
construct can be distinguished from another, unrelated construct)
needs to be examined. However, to date, no study has
specifically examined the validity of chatbot use in assessing
mental health.

This is particularly relevant, as there is evidence that individuals
preconsciously attribute human characteristics to chatbots
because of increased perceived social presence [27-30]. Social
presence can be defined as “the degree of salience of the other
person in a mediated communication and the consequent
salience of their interpersonal interactions” [31]. Thus,
individuals may feel a sense of personal, sociable, and sensitive
human contact during a computer-mediated interaction.
Although an increase in perceived social presence in face-to-face
interviews has been found to increase response biases [32-35],
self-reported assessments associated with reduced social
presence have demonstrated reliability and validity compared
with, for example, face-to-face assessments [36-40]. However,

the natural language interaction style of chatbots may yield
response biases such as socially desirable responding (SDR)
[32,41,42], where participants disclose less socially sensitive
information, which might be of special interest when applying
for mental health assessment.

Previous evidence indicates that SDR may increase when
individuals expect their responses to be immediately reviewed
and evaluated by a researcher [33,43,44]. If chatbots are
perceived as human actors [42,45], this may lead individuals
to believe that their responses are immediately reviewed and
evaluated. This may bias the results compared with web-based
assessments that are not presented with a natural language
interface and would limit the application of chatbots in remote
settings, in which information is not immediately shared with
a clinician. Consequently, it is necessary to investigate whether
SDR is increased in settings where individuals do or do not
expect their responses to be immediately reviewed when
assessed by chatbots.

Finally, there is evidence that chatbots may not necessarily
reduce participants’efforts to complete the assessments [46,47].
Although the completion of assessments delivered via
established assessment modes is simple (eg, by ticking a box
or clicking a button), chatbots require more complex natural
language interactions. This may increase the cognitive resources
and duration required for assessments using chatbots [46,47].
Thus, it is necessary to investigate whether individuals using a
chatbot perceive assessments as more effortful (ie, as being
more complex, difficult, and associated with more burden), as
well as whether they require more time to complete assessments
than when using established modes.

Objectives
This study aimed to investigate (1) the convergent and
discriminant validity of assessments using chatbots, (2) the
effect of assessments using chatbots on SDR, and (3) the effort
of assessments using chatbots compared with established
paper-and-pencil and web-based assessment modes. Specifically,
we proposed the following hypotheses: chatbots applied to
assess mental health (ie, psychological distress and problematic
alcohol use) in healthy young adults will show high convergent
validity with established assessment modes and high
discriminant validity (hypothesis 1); increase SDR compared
with established assessment modes (hypothesis 2a); increase
SDR compared with established modes, especially in settings
where individuals do not expect their responses to be
immediately reviewed by the research team (hypothesis 2b);
and be perceived as more effortful (ie, complex, difficult, and
associated with more burden) and will require more time to
complete than established assessment modes (hypothesis 3).

Methods

Experimental Design
A laboratory experiment applying a randomized mixed design
with 3 within-subject conditions and 2 between-subject
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conditions was conducted. The within-subject manipulation
comprised three assessment modes: (1) paper-and-pencil mode,
(2) desktop computer using a typical web-based screening mode
(web-based), and (3) assessment on a desktop computer screen
using a chatbot (chatbot). For the between-subject manipulation,
we randomly assigned participants to two conditions:
participants in condition A (low-stake condition) were informed
that their responses were not immediately reviewed by the
research team, and participants in condition B (high-stake
condition) were informed that their responses were immediately
reviewed and may require a follow-up interaction with the
research team.

Procedure and Manipulation
The experimental procedure is illustrated in Figure 1. First,
participants were assigned to 1 of the 2 conditions. We
conducted 6 experimental sessions on 2 consecutive days, with

3 sessions assigned to condition A (low-stake condition) and 3
sessions assigned to condition B (high-stake condition). After
signing the informed consent form, participants were seated in
front of a desktop computer screen in single air-conditioned
and soundproof test chambers. Second, participants listened to
a prerecorded voice message explaining the experimental
procedure and the instructions. Participants in condition B were
informed of their individual participation numbers. The number
was displayed on the computer screen throughout the
experiment: in the web-based mode, LimeSurvey [48] displayed
the participant number at the top of the screen; in the
paper-and-pencil mode, participants had to write their participant
number on the questionnaire; and in the chatbot mode,
participants were addressed with their participant number (ie,
“Hello participant 324352”) displayed in the chat window below
their responses.

Figure 1. Experimental procedure.

Next, the computer screen was automatically turned on, and the
experiment began with a pre-experiment questionnaire using
LimeSurvey [48]. Subsequently, mental health was assessed
using the 3 different modes in a counterbalanced order (Figure
2). The web-based mode used the default LimeSurvey question
format. The paper-and-pencil mode comprised a printout of the
digital version, which was placed in an envelope in each
chamber. After completing the paper-and-pencil mode, the
participants were asked to place the questionnaire in the
envelope and seal the envelope with adhesive tape. The chatbot
mode was developed using the Microsoft Bot Framework [49]
and was integrated into LimeSurvey. The chatbot presented the
items one after another and offered 2 ways of responding, either
by natural language or by selecting a value (implemented as a
button). The chatbot incorporated the following social cues to
further increase perceived social presence [28,30]: an
anthropomorphic icon [50], the capability to engage in small
talk [51], a dynamically calculated response delay based on the
length of the response [30], and a typing indicator (3 moving
dots indicating that a message is being prepared) [52].
Microsoft’s personality chat small talk package was used to

enable a small talk interaction. This knowledge base was
implemented in Microsoft’s QnA Maker and was connected to
the chatbot. When the QnA model identified a high match with
an incoming user message, the chatbot answered with an
appropriate small talk phrase. However, the chatbot’s
capabilities were restricted, and no sophisticated conversations
were possible. For example, the small talk included greetings
such as “Hi/Hello/Good Morning!” and “How are you?”;
however, the small talk did not account for the context. After
answering with a small talk phrase, the chatbot always repeated
the prior question. In addition, we did not record the log files
of the chats. On the continuum of machine-like to human-like
appearance, we chose an intermediate design to avoid the
induction of negative affect toward the chatbot, which has been
postulated for the increased human-likeness of robots according
to the uncanny valley theory by Mori [53]. In addition, we chose
the name indicator Chatbot, as robotic names have been reported
to be positively perceived [6].

Finally, the participants answered a postexperiment
questionnaire using LimeSurvey. They were then debriefed and
received their compensation.
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Figure 2. Investigated assessment modes (displayed in German).

Measures
In the pre-experiment questionnaire, we assessed demographic
variables (eg, sex, age, and education), followed by questions
on participants’prior experience with using specific technologies
(ie, internet and chatbots) with regard to health questions. Next,
their experience with paper-and-pencil and web-based surveys,
as well as with chatbots, was assessed on a scale ranging from
1 (no experience) to 5 (very much experience).

Balanced Inventory of Desirable Responding
On the one hand, we applied the short form of the Balanced
Inventory of Desirable Responding (BIDR) scale, which
comprises two subscales: self-deceptive enhancement and
impression management [54,55] to capture SDR. The 18 items
were rated on a 7-point Likert scale ranging from 1 (strongly
disagree) to 7 (strongly agree). We calculated the total score
for each scale and the BIDR total score, which ranged from 1
to 126.

On the other hand, we operationalized SDR as a response shift;
that is, a change in participant’s mental health scores between
repeated assessments in different modes.

Mental Health Measures
Mental health was assessed using the following measures in all
3 modes.

Kessler Psychological Distress Scale

Psychological distress in the past month was measured using
the Kessler Psychological Distress Scale (K10) [56]. This
10-item self-report questionnaire is rated on a Likert scale
ranging from 1 (never) to 5 (always). The K10 total score was
calculated. Strong psychometric properties of the K10 have
been reported [56].

Brief Symptom Inventory

We used the short form of the Brief Symptom Inventory
(BSI-18) [57,58] to assess psychological distress in the past 7
days. Participants indicated whether they had experienced 18
symptoms, comprising 3 dimensions: somatization, depression,

and anxiety. The items were rated on a scale from 1 (not at all)
to 5 (very much). We calculated the total score indicating
general distress (BSI–General Severity Index) [58].

Alcohol Use Disorders Identification Test-3

We assessed alcohol use by applying the Alcohol Use Disorders
Identification Test (AUDIT)–3 questionnaire [59,60], which
has been shown to perform similarly well as the AUDIT-10 in
detecting risky drinking behavior [60]. The items were presented
on a 5-point scale with different labels asking about the amount
of alcohol consumption. The total AUDIT-3 score was
calculated.

The time at the beginning and end of data collection in each
mode was recorded. In the postexperiment questionnaire,
participants had to rank the 3 modes regarding complexity,
difficulty, and burden. Subsequently, we asked participants to
rate others’discomfort when answering each item of the mental
health measures, thereby deriving a measure of subjective
sensitivity in line with Bradburn et al [61].

Attention and Manipulation Checks
In the attention check, participants had to select a specific item
on a Likert scale to verify that they carefully followed the
instructions (“Please select the answer very often”). To test the
within-subject manipulation, we investigated differences in the
perceived social presence of each mode using the 4 items by
Gefen and Straub [62], which were rated on a 7-point Likert
scale. The internal consistency of the perceived social presence
of the 3 modes was high (Cronbach α>.89).

Furthermore, participants had to indicate in the postexperiment
questionnaire whether their answers were immediately reviewed,
in line with Fisher [44] (between-subject manipulation check).

Power Analysis and Recruitment
An a priori analysis in G*Power software
(Heinrich-Heine-Universität Düsseldorf) [63] estimated a total
sample size of 116 (α=.05; f=0.15; Cohen d=0.95). For
recruitment, we invited individuals registered with the
university’s research panel, comprising mainly students from
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the Karlsruhe Institute of Technology. The experiment lasted
45 minutes on average and participants were compensated for
their participation with €8 (US $8.06) after the experiment.

Statistical Analysis
SPSS Statistics (version 25; IBM Corp) and STATA (version
16.0; StataCorp) were used to analyze the data. Participant
characteristics were summarized using means and SDs for
continuous variables and frequencies and percentages for
dichotomous variables. To investigate differences between
groups, we calculated the ANOVAs for individuals’ tendency
to respond as socially desirable (BIDR) and the perceived
sensitivity of each measure (K10, BSI-18, and AUDIT-3).
Furthermore, differences between prior experience with, as well
as the perceived social presence of, modes were investigated
by calculating repeated-measures ANOVAs (rmANOVAs). As

data on prior experience (χ2
2=46.4; P<.001) and perceived social

presence (χ2
2=49.5; P<.001) violated the assumptions of

sphericity, Huynh-Feldt corrections were applied.

The internal consistency of the mental health measures for each
mode was evaluated using Cronbach α. Next, the test-retest
reliabilities of the chatbot-based, paper-and-pencil–based, and
desktop-based assessment modes were evaluated by calculating
intraclass correlation coefficients (ICCs) ranging from 0 (no
agreement) to 1 (perfect agreement).

To test hypothesis 1 on the discriminant and convergent validity
of assessment modes, we calculated Pearson correlations and
applied Bonferroni correction to account for multiple testing.
In line with the multitrait-multimethod approach by Campbell
and Fiske [64], we tested 3 independent assessment modes with
2 different constructs—psychological distress (K10 and BSI-18)
and problematic alcohol use (AUDIT-3)—to derive discriminant
and convergent validity. Validity is indicated by a correlation
coefficient of ≥0.50 [63].

To test hypothesis 2a, we calculated repeated-measures analyses
of covariance (rmANCOVAs) with the within-subject factor
mode (paper-and-pencil, web-based, and chatbot) and the
following covariates: (1) perceived sensitivity of the items and
(2) individuals’ tendency to respond socially desirable (BIDR).
Sex was also included as a control variable in all the analyses.
Lavene test revealed the homogeneity of variances for all 3
measures. As the AUDIT-3 data violated the assumptions of

sphericity (χ2
2=13.2; P=.001), the Huynh-Feldt correction was

applied in the rmANCOVA.

To test hypothesis 2b, rmANCOVAs with the within-subject
factor mode (paper-and-pencil, web-based, and chatbot) and
condition (A and B) as additional covariates were calculated.
Lavene test revealed the homogeneity of variances for all modes.
Again, the AUDIT-3 data violated the assumption of sphericity

(χ2
2=13.4; P=.001), and the Huynh-Feldt correction was applied.

To test hypothesis 3 on the effort of assessment, we analyzed
the ranked-ordered data on complexity, difficulty, and burden
by calculating Friedman tests and Dunn-Bonferroni post hoc

signed-rank tests for pairwise comparisons. Differences in the
duration to complete the assessments were investigated by
calculating rmANOVAs with the within-subject factor mode
(paper-and-pencil, web-based, and chatbot). As the data violated

the assumptions of sphericity (χ2
2=9.1; P=.01), the Huynh-Feldt

correction was applied.

Ethics Approval
The experiment took place at the Karlsruhe Decision and Design
Lab, adhering to its procedural and ethical guidelines. No ethics
approval was applied for as participants were recruited from
the registered participant panel of healthy students. Individuals
voluntarily participated after being fully informed about the
study procedures and signing the informed consent form. No
identifying data were collected.

Results

Sample Characteristics
We invited all individuals registered in the university’s research
panel to participate in the experiment. A total of 155 individuals
participated in the study, of whom 9 (5.8%) participants were
excluded as they failed the attention check, indicating that they
may not have followed the instructions of the experiment or
had not read the individual items carefully. Consequently, 146
participants were included in the analysis, of whom 72 (49.3%)
were in condition A and 74 (50.7%) were in condition B.

The sample characteristics and control variables are presented
in Table 1. Overall, we investigated a sample of young students
from which most participants had a high school or bachelor’s
degree. In addition, two-thirds of the participants (100/146,
68.5%) indicated that they had used the internet to access
information on mental health before. However, only 4.1%
(6/146) of participants replied having interacted with a chatbot
in a health-related context before. Prior experience with
assessment modes differed across the 3 modes, as revealed by
the rmANOVA (F1.58, 229.39=225.23; P<.001). Post hoc analyses
with a Bonferroni adjustment further showed that the experience
with chatbots (mean 1.73, SD 1.02) was lower than the
experience with paper-and-pencil surveys (mean 3.45, SD 0.85),
as well as the experience with web-based surveys (mean 3.52,
SD 0.82, all P<.001). Experience with paper-and-pencil surveys
did not significantly differ from that with web-based surveys
(P=.78). Individuals’ tendency to respond socially desirable, as
measured using the BIDR, did not differ between conditions
(F1,144=0.131; P=.72) and was centered on the mean (W146=0.98;
P=.09). The perceived sensitivity of the items of the 3 mental
health measures did not differ between the 2 conditions (all
P>.47) but differed between the 3 measures (F1.41, 88.22 =105.64;
P<.001). Post hoc analyses with Bonferroni adjustment indicated
that AUDIT-3 items (mean 3.39, SD 1.07) were rated as more
sensitive than K10 items (mean 2.59, SD 0.66; P<.001), as well
as BSI-18 items (mean 2.33, SD 2.33, P<.001). Furthermore,
the K10 items (mean 2.59, SD 0.66) were perceived to be more
sensitive than the BSI-18 items (mean 2.33, SD 0.58; P<.001).
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Table 1. Sample characteristics (N=146).

High-stake condition (n=74)Low-stake condition (n=72)Full sampleVariable

24.93 (6.71)23.44 (6.06)24.2 (6.42)Age (years), mean (SD)

37 (50)30 (41.7)67 (45.9)Female, n (%)

Education, n (%)

1 (1.4)2 (2.8)3 (2.1)Middle school

46 (62.2)43 (59.7)89 (60.9)High school

21 (28.4)25 (34.7)46 (31.5)Bachelor’s

6 (8.1)2 (2.8)8 (5.5)Master’s

Technology experiencea, n (%)

49 (66.2)51 (70.8)100 (68.5)Internet

4 (5.4)2 (2.8)6 (4.1)Chatbot

Survey experience, mean (SD)

3.36 (0.82)3.53 (0.87)3.45 (0.85)Paper-and-pencil

3.47 (0.88)3.57 (0.77)3.52 (0.82)Web-based

1.82 (1.15)1.64 (0.86)1.73 (1.02)Chatbot

Social desirability, mean (SD)

83.89 (9.67)83.32 (9.15)83.60 (9.38)BIDRb total

41.46 (5.39)41.65 (4.62)41.55 (5.00)BIDR-SDEc

42.43 (6.82)41.68 (7.06)42.05 (6.93)BIDR-IMd

Sensitivity of measures, mean (SD)

2.57 (0.62)2.61 (0.71)2.59 (0.66)K10e

2.33 (0.57)2.34 (0.58)2.33 (0.58)BSI-18f

3.32 (1.08)3.45 (1.07)3.39 (1.07)AUDIT-3g

aNumber of participants who previously used technology in a health-related context.
bBIDR: Balanced Inventory of Desirable Responding.
cBIDR-SDE: Balanced Inventory of Desirable Responding–Self-deceptive enhancement.
dBIDR-IM: Balanced Inventory of Desirable Responding–Impression management.
eK10: Kessler Psychological Distress Scale.
fBSI-18: Brief Symptom Inventory-18.
gAUDIT-3: Alcohol Use Disorders Identification Test-3.

Manipulation Checks
With regard to the within-subject manipulation, the results of
the rmANOVA revealed a significant effect of mode on
perceived social presence (F1.56,226.67=61.96; P<.001), with
social presence rated highest in the chatbot mode (mean 2.74,
SD=1.51) compared with the web-based mode (mean 1.48, SD
0.88; P<.001) and paper-and-pencil mode (mean 1.79, SD 1.21;
P<.001).

Responses to the between-subject manipulation check showed
that 93.2% (136/146) of participants provided a correct
answer—2.7% (4/146) of individuals with wrong answers were
in condition A and 4.1% (6/146) were in condition B—and were

aware of their condition. Consequently, we concluded that both
within-subject and between-subject manipulations were
successful.

Reliability of Chatbots for Mental Health Assessments
Table 2 displays the mean, SD, Cronbach α, and ICC for the
mental health measures in each mode by condition. The ICCs
of the paper-based, desktop-based, and chatbot modes were
high and ranged between 0.96 and 1.00, indicating excellent
agreement across modes and a high test-retest reliability.
Cronbach α did not strongly vary between modes and ranged
between 0.74 and 0.92, indicating an acceptable to excellent
internal consistency of the measures.
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Table 2. Internal consistency and test-retest reliability of mental health assessments.

ICCaHigh-stake conditionLow-stake conditionFull sampleMeasure and mode

Cronbach αValues, mean
(SD)

Cronbach αValues, mean
(SD)

Cronbach αValues, mean
(SD)

0.96K10b

.9219.28 (7.31).8419.44 (5.66).8919.36 (6.53)Paper-based

.9120.05 (7.57).8219.47 (5.63).8819.77 (6.67)Web-based

.8919.95 (7.04).8219.43 (5.81).8619.7 (6.45)Chatbot-based

0.99BSI-18c

.911.73 (9.9).7811.35 (6.72).8611.54 (8.45)Paper-based

9011.81 (10.12).8211.29 (7.48).8711.56 (8.89)Web-based

.8911.46 (9.54).810.71 (7.09).8611.09 (8.4)Chatbot-based

1.00AUDIT-3d

.743.34 (2.30).853.50 (2.60).803.42 (2.45)Paper-based

.753.32 (2.28).863.49 (2.62).813.40 (2.44)Web-based

.763.38 (2.36).863.49 (2.64).823.43 (2.49)Chatbot-based

aICC: intraclass correlation coefficient.
bK10: Kessler Psychological Distress Scale.
cBSI-18: Brief Symptom Inventory-18.
dAUDIT-3: Alcohol Use Disorders Identification Test-3.

Validity of Assessments Using Chatbots (Hypothesis
1)
As depicted in Table 3, there were strong positive correlations
between the measures of psychological distress (K10 and
BSI-18) assessed by the different modes, with correlation

coefficients ranging from 0.83 to 0.96, indicating convergent
validity. Furthermore, there were strong positive correlations
between the AUDIT-3 scores assessed using the different modes.
There were no significant correlations among AUDIT-3, K10,
and BSI-18 after Bonferroni correction, indicating discriminant
validity between the different constructs.
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Table 3. Pearson correlation of questionnaires and modes. Higher numbers reflect a stronger association between variables.

AUDIT-3cBSI-18bK10aMode

Chatbot-
based r (P
value)

Web-based
r (P value)

Paper-
based r (P
value)

Chatbot-based
r (P value)

Web-based r
(P value)

Paper-based
r (P value)

Chatbot-
based r (P
value)

Web-based
r (P value)

Paper-
based r (P

valued)

K10

−0.13 (.12)−0.12 (.14)−0.1 (.21)0.85 (<.001)0.83 (<.001)0.89 (<.001)0.88 (<.001)0.89
(<.001)

1Paper-based

−0.20 (.02)−0.19 (.02)−0.18 (.04)0.86 (<.001)0.89 (<.001)0.88 (<.001)0.87 (<.001)10.89
(<.001)

Web-based

−0.12 (.16)−0.11 (.17)−0.09 (.27)0.85 (<.001)0.84 (<.001)0.85 (<.001)10.87
(<.001)

0.88
(<.001)

Chatbot-
based

BSI-18

−0.14 (.10)−0.12 (.15)−0.1 (.22)0.96 (<.001)0.96 (<.001)10.85 (<.001)0.88
(<.001)

0.89
(<.001)

Paper-based

−0.18 (.04)−0.16 (.06)−0.14 (.09)0.96 (<.001)10.96 (<.001)0.84 (<.001)0.89
(<.001)

0.83
(<.001)

Web-based

−0.17 (.04)−0.16 (.05)−0.15 (.07)10.96 (<.001)0.96 (<.001)0.85 (<.001)0.86
(<.001)

0.85
(<.001)

Chatbot-
based

AUDIT-3

0.99
(<.001)

0.99
(<.001)

1−0.15 (.07)−0.14 (.09)−0.1 (.22)−0.09 (.27)−0.18 (.04)−0.1 (.21)Paper-based

0.99
(<.001)

10.99
(<.001)

−0.16 (.05)−0.16 (.06)−0.12 (.15)−0.11 (.17)−0.19 (.02)−0.12 (.14)Web-based

10.99
(<.001)

0.99
(<.001)

−0.17 (.04)−0.18 (.04)−0.14 (.10)−0.12 (.16)−0.20 (.02)−0.13 (.12)Chatbot-
based

aK10: Kessler Psychological Distress Scale.
bBSI-18: Brief Symptom Inventory-18.
cAUDIT-3: Alcohol Use Disorders Identification Test-3.
dUnadjusted P value; the Bonferroni corrected significance level was computed by dividing the unadjusted P value by the total number of tests; that is,
P=.05/45=.0011.

SDR to Chatbots in Mental Health Assessments
(Hypotheses 2a and 2b)
Addressing hypothesis 2a, the rmANCOVA on the effect of
mode on mental health assessment revealed no main effect of
mode on K10 (F2,284=0.35; P=.71). Moreover, there was no
interaction between mode and social desirability (F2,284=0.80;
P=.45) or perceived sensitivity of the items (F2,284=0.43; P=.65);
however, there was a significant interaction with sex
(F2,284=3.21; P=.04). The second mental distress measure, the
BSI-18, showed similar results. The rmANCOVA revealed no
significant main effect of mode on general distress (F2,248=0.90;
P=.41). Again, there was no interaction between mode and
social desirability (F2,284=1.7; P=.19), sensitivity (F2,284=0.23;
P=.80), or sex (F2,284=2.66; P=.07). Similarly, the rmANCOVA
on AUDIT-3 scores revealed no significant main effect of mode
(F1.90,269.57=0.00; P=1.00), as well as no interaction of mode
with social desirability (F1.90,269.57=0.01; P=.99), perceived
sensitivity of items (F1.90,269.57=0.24; P=.77), or sex
(F1.90,269.57=0.33; P=.71).

The effect of the condition on mental health assessment
(hypothesis 2b) was investigated using a second set of
rmANCOVAs. The results revealed no significant interaction
effect between mode and condition on psychological distress
assessed by K10 (F2,282=0.91; P=.41), general distress assessed
using the BSI (F2,282=0.29; P=.75), or alcohol use assessed by
AUDIT-3 (F1.91, 269.14=0.55; P=.57).

Difficulty of Assessments Using Chatbots (Hypothesis
3)
Table 4 shows the mean rating of complexity, difficulty, and
burden. A Friedman test revealed a significant difference

between the difficulty associated with the modes (χ2
2=13.5;

P=.001). Dunn-Bonferroni post hoc tests showed that the
assessment by a chatbot was rated as significantly more difficult
than using the paper-and-pencil mode (z=3.63; P=.001).
Furthermore, there was a statistically significant difference in

perceived complexity depending on the mode (χ2
2=10.15;

P=.006). Again, Dunn-Bonferroni post hoc tests showed that
the chatbot assessment was ranked as more complex than the
paper-and-pencil assessment (z=3.16; P=.005). In terms of
burden, a Friedman test indicated that there was a statistically
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significant difference (χ2
2=12.4; P=.002), and Dunn-Bonferroni

post hoc tests further revealed that the web-based assessment
required significantly less effort than the chatbot (z=2.64; P=.03)
and the paper-and-pencil assessment (z=−3.34; P=.003). The
analysis of duration revealed a significant effect of mode (F1.91,

276.68=186.60; P<.001). Post hoc analyses with Bonferroni
adjustment revealed that the pairwise differences between all
modes were significant (P<.001). The longest duration was
logged to complete the chatbot assessment and the shortest
duration was required to complete the web-based assessment.

Table 4. Effort of assessment modes.

Rank, mean (SD)Effort variable and mode

Complexity

1.80 (0.84)Paper-and-pencil

2.03 (0.66)Web-based

2.17 (0.89)Chatbot

Difficulty

1.81 (0.78)Paper-and-pencil

1.96 (0.7)Web-based

2.23 (0.9)Chatbot

Burden

2.16 (0.79)Paper-and-pencil

1.77 (0.73)Web-based

2.08 (0.87)Chatbot

Duration (seconds)

184.62 (79.28)Paper-and-pencil

128.78 (56.07)Web-based

265.1 (65.82)Chatbot

Discussion

Principal Findings
This study examined the validity, effect on SDR, and effort
required for the completion of chatbot-based assessments of
mental health. The results revealed that all assessments of mental
health (K10, BSI, and AUDIT) in each mode showed acceptable
to excellent internal consistency and high test-retest reliability.
High positive correlations between the measures of the same
construct across different assessment modes indicated the
convergent validity of the chatbot mode, and the absence of
correlations between distinct constructs indicated discriminant
validity (hypothesis 1). Although assessment modes were not
affected by social desirability (hypothesis 2a), chatbot
assessment was higher for perceived social presence. There was
no evidence of an interaction between condition and mode,
indicating that social desirability did not increase because of
expectations around immediate follow-up contact with a
researcher in the chatbot assessment mode (hypothesis 2b).
Finally, in terms of participants’ effort (hypothesis 3), the
assessment using a chatbot was found to be more complex,
difficult, and associated with more burden than the established
modes, resulting in a longer duration to complete.

Limitations
The present findings must be considered in light of several
limitations. First, the selection of a student sample may have

resulted in the low external validity of the laboratory experiment.
According to previous mental health assessments in the general
population, our sample showed only moderate distress [65].
There is evidence that individuals disclose more information
on sensitive topics such as health risk behavior in clinical
settings [66]. Future research should further investigate the
application of chatbots in clinical samples, as the present
findings on social desirability or perceived social presence of
chatbots do not readily generalize to clinical populations.

Second, we reduced the effect of between-person differences
by selecting a within-person design, which had several
limitations. Each participant completed questionnaires in all 3
modes, with an average break between modes of approximately
1 minute. During the break, participants rated their social
presence and read the instructions in the next experimental
section. The break may have been too short to minimize memory
effects. In addition, all measures used Likert scales, which may
have increased memory effects because of their simplicity. To
address this limitation, we completely counterbalanced the order
of the 3 modes in the experimental procedure. Furthermore, in
a sensitivity analysis using data from only the first mode
presented to the participants, we did not find any differences,
which further supports the reported results (Multimedia
Appendix 1, Table S1). However, other factors such as the need
for consistent responses may have overcome social desirability.
Again, a longer break between assessments or a between-subject
design could be applied in future experiments.
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Third, the lack of an effect of mode on change in mental health
scores may have been a result of the experimental design or
chatbot design. As mentioned previously, we did not assess
social pressure; however, individuals showed stronger SDR in
high-stakes assessment situations. Thus, the assessment of social
pressure is recommended for future studies. Furthermore, in
this experiment, the chatbot followed a procedural dialog flow
using Likert scales and, in addition to basic small talk
capabilities using several social cues [30], was unable to answer
questions about topics other than the assessments. Although we
demonstrated a higher perceived social presence of the chatbot,
this may not have been sufficient to resemble the communication
flow of a human interviewer. In addition, the perceived social
presence of the chatbot may have led to increased expectations
of participants in terms of the chatbot’s interactivity and natural
language capabilities [28]. Thus, the chatbot may have raised
expectations that may not have been met [67]. Consequently,
future research should investigate different chatbot designs that
support less restricted non–goal-oriented natural language
interactions. In this regard, further experiments should evaluate
the influence of social and empathic responses on mental health
assessments.

Fourth, this study investigated the convergent and discriminant
validity of measures and modes to assess the constructs of
psychological distress and alcohol use. We aimed to reduce the
participant burden by selecting only 3 measures of mental health.
However, other even less related constructs could have been
investigated to facilitate the evaluation of discriminant validity.
This issue should be addressed in future research.

Finally, the longer duration of completing the assessment using
a chatbot may have resulted from participants potentially
entering their responses by typing or using the menu option. In
this study, we did not assess the method of entering data that
was used. In future research, either one response option should
be favored or the 2 response options may be compared by
applying a microrandomized design.

Comparison With Prior Work
The use of chatbots for mental health assessment is an emerging
field, and robust investigations of their positive and potential
negative effects are required [16]. Given that recent studies have
shown the feasibility of the application of chatbots in general,
particularly in relation to monitoring [15], offering information
on, as well as delivering interventions for, improving mental
health [62,63], there is a need for methodological research on
the use of chatbots in this context [7,16,23-26]. This appears to
be particularly important in cases where chatbots may be seen
as social actors (ie, human interviewers) evoking social
desirability. Therefore, it needs to be shown that using chatbots
for assessing mental health does not result in biased outcomes.

The application of chatbots has been previously shown to affect
the collected data and either reduce [68-70] or increase [42] the
SDR compared with assessments by human interviewers. Other
studies have found that chatbot assessments may result in
comparable results with established modes [8,46,71]. However,
some studies have found this effect only in adult samples [72]
or depending on the chatbot’s visual and linguistic design
[42,73]. In this context, chatbots with high conversational

abilities or a more human-like embodiment have been shown
to elicit more SDR to socially sensitive questions than
established modes [42,73]. However, this was not the case when
a chatbot with fewer human-like conversational abilities was
presented [42,73], which is consistent with findings of this study.
Thus, an assessment using a chatbot with the presented design
and procedural dialog flow does not seem to induce additional
SDR. Despite this finding, it may be of interest to develop
chatbots with high conversational abilities as these may enhance
adherence and increase compliance, for example, in digital
interventions [8,11,21,24]. This is particularly important for
delivering interventions and building stable human-chatbot
interactions [51]. Therefore, further research on chatbots is
required, for example, in which different conversational
interaction strategies may be applied. A promising approach
may be to enable reciprocal self-disclosure, in which the chatbot
reveals sensitive information, as this has been shown to result
in a reciprocal effect on promoting individuals’ self-disclosure
[70], as well as perceived intimacy and enjoyment [74]. Another
promising approach may be the application of contingent
interaction strategies, as individuals disclose more information
on a website if contingent questions depending on previous
interactions are displayed [75]. Moreover, voice-based
conversational agents may improve response quality to sensitive
questions [76]. However, more research on the design of
voice-based conversational agents for mental health assessment
is required [77]. In addition, unconstrained natural language
input to conversational agents poses safety risks that must be
evaluated thoroughly. As recently shown by Bickmore et al
[78], voice-based assistants failed more than half of the time
when presented with medical inquiries. Therefore, further
evaluation of human-computer interactions and education about
the capabilities of conversational agents is required.

In contrast to previous findings on assessments using chatbots
reporting higher data quality or more engagement [8,9,11,47,69],
we showed that chatbot assessments were more difficult,
complex, and associated with more burden to complete than
assessments using established modes. In addition, more time
was required to complete the assessments. The latter has been
previously shown [47] and may result from the increased
cognitive demand of a communication flow, where an individual
must decode and aggregate the impression-bearing and relational
functions conveyed in computer-mediated communication [79].
In addition, increased effort may result from individual
preferences or prior experiences with chatbots in other contexts.
It has been shown that populations with high health literacy
rates prefer established modes because of their efficiency and
ability to proceed at their own pace [46]. This may be
particularly relevant in a sample of young students. Furthermore,
this finding is in line with the communication literature arguing
that simple tasks may be conducted more efficiently through
learner media [80]. Thus, simple tasks such as selecting Likert
scale items in mental health questionnaires may be more
efficiently conducted through the use of established modes such
as paper-and-pencil or web-based assessments [81]. This may
imply that the best application area of chatbots in mental health
may not be symptom monitoring or screening but rather
providing information or delivering an intervention in
unstructured natural language interactions. Recent evidence
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supports the use of chatbot-based interventions as they have
been found to perform equally well as standard treatment
methods (eg, face-to-face and telephone counseling) [7].

This work provides further evidence on the use of chatbots to
assess mental health on site in clinics but also in asynchronous
remote medical interactions (eg, at home) [17,70,82]. As the
assessment modes between conditions did not differ, the results
show that the application of a chatbot results in valid responses,
regardless of whether the data are immediately reviewed and
evaluated by a human actor [70,83]. Therefore, chatbots have
the potential to reduce the workload in clinical settings by
providing valid remote assessments, which is especially
necessary for situations in which the medical system is at its
limits. As stated by Miner et al [15], chatbots may be a digital
solution that may help provide information, monitor symptoms,
and even reduce psychosocial consequences during the
COVID-19 pandemic. Recently, several chatbots for monitoring
COVID-19 symptoms have been published, as reviewed by
Golinelli et al [84]. In contrast to other mental health apps,
chatbots have the advantage of providing communication that
may additionally help to reduce loneliness during means of
physical distancing [85,86]. For example, it has been shown
that users may develop a strong social relationship with a chatbot

when it expresses empathetic support [21,51,85,87-90].
Moreover, promising real-world examples of empathetic mental
health chatbots have shown their effectiveness in practice, such
as the mobile app chatbots Wysa [85], Woebot [6], and Replika
[91]; however, they have also raised ethical concerns [10]. Thus,
the application of chatbots in mental health research and practice
may depend on the specific application (symptom monitoring
vs guided intervention) and its potential advantages (ie,
increased social presence) and disadvantages (ie, increased
effort) while respecting users’ privacy and safety.

Conclusions
These findings provide evidence of the validity of chatbots as
digital technology for mental health assessment. In particular,
when paper-and-pencil assessments are not applicable (eg,
remote assessments in eHealth settings) or when it may be
beneficial to increase perceived social presence (eg, to establish
a long-term user-chatbot relationship), chatbots are promising
alternatives for valid assessment of mental health without
leading to socially desirable responses. However, as participants’
efforts have increased, future research on appropriate chatbot
designs and interaction flow is necessary to fully leverage their
advantages in compounding digital care.

 

Acknowledgments
The authors would like to thank all the participants. This work was funded by a ForDigital grant from the Ministry of Science,
Research, and Arts of the State of Baden-Württemberg, Germany. UR was supported by a Heisenberg professorship (number
389624707) funded by the German Research Foundation. The authors would like to thank the reviewers for their valuable
comments on this manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Sensitivity analyses.
[DOCX File , 18 KB - mhealth_v10i10e28082_app1.docx ]

References
1. Gore FM, Bloem PJ, Patton GC, Ferguson J, Joseph V, Coffey C, et al. Global burden of disease in young people aged

10-24 years: a systematic analysis. Lancet 2011 Jun 18;377(9783):2093-2102. [doi: 10.1016/S0140-6736(11)60512-6]
[Medline: 21652063]

2. Patel V, Flisher AJ, Hetrick S, McGorry P. Mental health of young people: a global public-health challenge. Lancet 2007
Apr 14;369(9569):1302-1313. [doi: 10.1016/S0140-6736(07)60368-7] [Medline: 17434406]

3. D'Alfonso S, Santesteban-Echarri O, Rice S, Wadley G, Lederman R, Miles C, et al. Artificial intelligence-assisted online
social therapy for youth mental health. Front Psychol 2017 Jun 2;8:796 [FREE Full text] [doi: 10.3389/fpsyg.2017.00796]
[Medline: 28626431]

4. Zhang R. The stress-buffering effect of self-disclosure on Facebook: an examination of stressful life events, social support,
and mental health among college students. Comput Human Behav 2017 Oct;75:527-537. [doi: 10.1016/j.chb.2017.05.043]

5. Uhlhaas P, Torous J. Digital tools for youth mental health. NPJ Digit Med 2019 Oct 18;2:104 [FREE Full text] [doi:
10.1038/s41746-019-0181-2] [Medline: 31646184]

6. Fitzpatrick KK, Darcy A, Vierhile M. Delivering cognitive behavior therapy to young adults with symptoms of depression
and anxiety using a fully automated conversational agent (Woebot): a randomized controlled trial. JMIR Ment Health 2017
Jun 06;4(2):e19 [FREE Full text] [doi: 10.2196/mental.7785] [Medline: 28588005]

7. Hoermann S, McCabe KL, Milne DN, Calvo RA. Application of synchronous text-based dialogue systems in mental health
interventions: systematic review. J Med Internet Res 2017 Jul 21;19(8):e267 [FREE Full text] [doi: 10.2196/jmir.7023]
[Medline: 28784594]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e28082 | p.89https://mhealth.jmir.org/2022/10/e28082
(page number not for citation purposes)

Schick et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mhealth_v10i10e28082_app1.docx
mhealth_v10i10e28082_app1.docx
http://dx.doi.org/10.1016/S0140-6736(11)60512-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21652063&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(07)60368-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17434406&dopt=Abstract
https://doi.org/10.3389/fpsyg.2017.00796
http://dx.doi.org/10.3389/fpsyg.2017.00796
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28626431&dopt=Abstract
http://dx.doi.org/10.1016/j.chb.2017.05.043
https://doi.org/10.1038/s41746-019-0181-2
http://dx.doi.org/10.1038/s41746-019-0181-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31646184&dopt=Abstract
https://mental.jmir.org/2017/2/e19/
http://dx.doi.org/10.2196/mental.7785
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28588005&dopt=Abstract
https://www.jmir.org/2017/8/e267/
http://dx.doi.org/10.2196/jmir.7023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28784594&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


8. Celino I, Re Calegari G. Submitting surveys via a conversational interface: an evaluation of user acceptance and approach
effectiveness. Int J Hum Comput Stud 2020 Jul;139:102410. [doi: 10.1016/j.ijhcs.2020.102410]

9. Bickmore TW, Utami D, Matsuyama R, Paasche-Orlow MK. Improving access to online health information with
conversational agents: a randomized controlled experiment. J Med Internet Res 2016 Jan 04;18(1):e1 [FREE Full text]
[doi: 10.2196/jmir.5239] [Medline: 26728964]

10. Kretzschmar K, Tyroll H, Pavarini G, Manzini A, Singh I, NeurOx Young People’s Advisory Group. Can your phone be
your therapist? Young people's ethical perspectives on the use of fully automated conversational agents (Chatbots) in mental
health support. Biomed Inform Insights 2019 Mar 5;11:1178222619829083 [FREE Full text] [doi:
10.1177/1178222619829083] [Medline: 30858710]

11. Ly KH, Ly AM, Andersson G. A fully automated conversational agent for promoting mental well-being: a pilot RCT using
mixed methods. Internet Interv 2017 Oct 10;10:39-46 [FREE Full text] [doi: 10.1016/j.invent.2017.10.002] [Medline:
30135751]

12. Greer S, Ramo D, Chang YJ, Fu M, Moskowitz J, Haritatos J. Use of the Chatbot "Vivibot" to deliver positive psychology
skills and promote well-being among young people after cancer treatment: randomized controlled feasibility trial. JMIR
Mhealth Uhealth 2019 Oct 31;7(10):e15018 [FREE Full text] [doi: 10.2196/15018] [Medline: 31674920]

13. McTear M, Callejas Z, Griol D. The Conversational Interface: Talking to Smart Devices. Cham, Switzerland: Springer
International Publishing; 2016. URL: https://link.springer.com/book/10.1007/978-3-319-32967-3

14. Chaix B, Bibault JE, Pienkowski A, Delamon G, Guillemassé A, Nectoux P, et al. When chatbots meet patients: one-year
prospective study of conversations between patients with breast cancer and a chatbot. JMIR Cancer 2019 May 02;5(1):e12856
[FREE Full text] [doi: 10.2196/12856] [Medline: 31045505]

15. Miner AS, Laranjo L, Kocaballi AB. Chatbots in the fight against the COVID-19 pandemic. NPJ Digit Med 2020 May
4;3:65 [FREE Full text] [doi: 10.1038/s41746-020-0280-0] [Medline: 32377576]

16. Abd-Alrazaq AA, Rababeh A, Alajlani M, Bewick BM, Househ M. Effectiveness and safety of using chatbots to improve
mental health: systematic review and meta-analysis. J Med Internet Res 2020 Jul 13;22(7):e16021 [FREE Full text] [doi:
10.2196/16021] [Medline: 32673216]

17. Bibault JE, Chaix B, Guillemassé A, Cousin S, Escande A, Perrin M, et al. A chatbot versus physicians to provide information
for patients with breast cancer: blind, randomized controlled noninferiority trial. J Med Internet Res 2019 Nov
27;21(11):e15787 [FREE Full text] [doi: 10.2196/15787] [Medline: 31774408]

18. Martínez-Miranda J. Embodied conversational agents for the detection and prevention of suicidal behaviour: current
applications and open challenges. J Med Syst 2017 Sep;41(9):135. [doi: 10.1007/s10916-017-0784-6] [Medline: 28755270]

19. Pagliari C, Burton C, McKinstry B, Szentatotai A, David D, Serrano Blanco A, et al. Psychosocial implications of avatar
use in supporting therapy for depression. Stud Health Technol Inform 2012;181:329-333. [Medline: 22954882]

20. Bickmore T, Gruber A. Relational agents in clinical psychiatry. Harv Rev Psychiatry 2010;18(2):119-130. [doi:
10.3109/10673221003707538] [Medline: 20235777]

21. Scholten MR, Kelders SM, Van Gemert-Pijnen JE. Self-guided Web-based interventions: scoping review on user needs
and the potential of embodied conversational agents to address them. J Med Internet Res 2017 Nov 16;19(11):e383 [FREE
Full text] [doi: 10.2196/jmir.7351] [Medline: 29146567]

22. Oh J, Jang S, Kim H, Kim JJ. Efficacy of mobile app-based interactive cognitive behavioral therapy using a chatbot for
panic disorder. Int J Med Inform 2020 Aug;140:104171. [doi: 10.1016/j.ijmedinf.2020.104171] [Medline: 32446158]

23. Laranjo L, Dunn AG, Tong HL, Kocaballi AB, Chen J, Bashir R, et al. Conversational agents in healthcare: a systematic
review. J Am Med Inform Assoc 2018 Sep 01;25(9):1248-1258 [FREE Full text] [doi: 10.1093/jamia/ocy072] [Medline:
30010941]

24. Vaidyam AN, Wisniewski H, Halamka JD, Kashavan MS, Torous JB. Chatbots and conversational agents in mental health:
a review of the psychiatric landscape. Can J Psychiatry 2019 Jul;64(7):456-464 [FREE Full text] [doi:
10.1177/0706743719828977] [Medline: 30897957]

25. Gaffney H, Mansell W, Tai S. Conversational agents in the treatment of mental health problems: mixed-method systematic
review. JMIR Ment Health 2019 Oct 18;6(10):e14166 [FREE Full text] [doi: 10.2196/14166] [Medline: 31628789]

26. Bendig E, Erb B, Schulze-Thuesing L, Baumeister H. The next generation: chatbots in clinical psychology and psychotherapy
to foster mental health – a scoping review. Verhaltenstherapie 2019 Aug 20:1-13. [doi: 10.1159/000501812]

27. Araujo T. Living up to the chatbot hype: the influence of anthropomorphic design cues and communicative agency framing
on conversational agent and company perceptions. Comput Human Behav 2018 Aug;85:183-189. [doi:
10.1016/j.chb.2018.03.051]

28. Go E, Sundar SS. Humanizing chatbots: the effects of visual, identity and conversational cues on humanness perceptions.
Comput Human Behav 2019 Aug;97:304-316. [doi: 10.1016/j.chb.2019.01.020]

29. Nass C, Moon Y. Machines and mindlessness: social responses to computers. J Social Isssues 2000 Jan;56(1):81-103. [doi:
10.1111/0022-4537.00153]

30. Feine J, Gnewuch U, Morana S, Maedche A. A taxonomy of social cues for conversational agents. Int J Hum Comput Stud
2019 Dec;132:138-161. [doi: 10.1016/j.ijhcs.2019.07.009]

31. Short J, Williams E, Christie B. The Social Psychology of Telecommunications. London, UK: Wiley; 1976.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e28082 | p.90https://mhealth.jmir.org/2022/10/e28082
(page number not for citation purposes)

Schick et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.ijhcs.2020.102410
https://www.jmir.org/2016/1/e1/
http://dx.doi.org/10.2196/jmir.5239
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26728964&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/1178222619829083?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/1178222619829083
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30858710&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(17)30091-X
http://dx.doi.org/10.1016/j.invent.2017.10.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30135751&dopt=Abstract
https://mhealth.jmir.org/2019/10/e15018/
http://dx.doi.org/10.2196/15018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31674920&dopt=Abstract
https://link.springer.com/book/10.1007/978-3-319-32967-3
https://cancer.jmir.org/2019/1/e12856/
http://dx.doi.org/10.2196/12856
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31045505&dopt=Abstract
https://doi.org/10.1038/s41746-020-0280-0
http://dx.doi.org/10.1038/s41746-020-0280-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32377576&dopt=Abstract
https://www.jmir.org/2020/7/e16021/
http://dx.doi.org/10.2196/16021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32673216&dopt=Abstract
https://www.jmir.org/2019/11/e15787/
http://dx.doi.org/10.2196/15787
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31774408&dopt=Abstract
http://dx.doi.org/10.1007/s10916-017-0784-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28755270&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22954882&dopt=Abstract
http://dx.doi.org/10.3109/10673221003707538
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20235777&dopt=Abstract
https://www.jmir.org/2017/11/e383/
https://www.jmir.org/2017/11/e383/
http://dx.doi.org/10.2196/jmir.7351
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29146567&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2020.104171
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32446158&dopt=Abstract
http://europepmc.org/abstract/MED/30010941
http://dx.doi.org/10.1093/jamia/ocy072
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30010941&dopt=Abstract
http://europepmc.org/abstract/MED/30897957
http://dx.doi.org/10.1177/0706743719828977
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30897957&dopt=Abstract
https://mental.jmir.org/2019/10/e14166/
http://dx.doi.org/10.2196/14166
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31628789&dopt=Abstract
http://dx.doi.org/10.1159/000501812
http://dx.doi.org/10.1016/j.chb.2018.03.051
http://dx.doi.org/10.1016/j.chb.2019.01.020
http://dx.doi.org/10.1111/0022-4537.00153
http://dx.doi.org/10.1016/j.ijhcs.2019.07.009
http://www.w3.org/Style/XSL
http://www.renderx.com/


32. Tourangeau R, Smith TW. Asking sensitive questions: the impact of data collection mode, question format, and question
context. Public Opin Q 1996;60(2):275-304. [doi: 10.1086/297751]

33. Tourangeau R, Yan T. Sensitive questions in surveys. Psychol Bull 2007 Sep;133(5):859-883. [doi:
10.1037/0033-2909.133.5.859] [Medline: 17723033]

34. Gnambs T, Kaspar K. Disclosure of sensitive behaviors across self-administered survey modes: a meta-analysis. Behav
Res Methods 2015 Dec;47(4):1237-1259. [doi: 10.3758/s13428-014-0533-4] [Medline: 25410404]

35. Nederhof AJ. Methods of coping with social desirability bias: a review. Eur J Soc Psychol 1985 Jul;15(3):263-280. [doi:
10.1002/ejsp.2420150303]

36. Nguyen DP, Klein B, Meyer D, Austin DW, Abbott JA. The diagnostic validity and reliability of an internet-based clinical
assessment program for mental disorders. J Med Internet Res 2015 Sep 21;17(9):e218 [FREE Full text] [doi:
10.2196/jmir.4195] [Medline: 26392066]

37. Ramo DE, Liu H, Prochaska JJ. Reliability and validity of young adults' anonymous online reports of marijuana use and
thoughts about use. Psychol Addict Behav 2012 Dec;26(4):801-811 [FREE Full text] [doi: 10.1037/a0026201] [Medline:
22082344]

38. Jin H, Wu S. Text messaging as a screening tool for depression and related conditions in underserved, predominantly
minority safety net primary care patients: validity study. J Med Internet Res 2020 Mar 26;22(3):e17282 [FREE Full text]
[doi: 10.2196/17282] [Medline: 32213473]

39. Meuldijk D, Giltay EJ, Carlier IV, van Vliet IM, van Hemert AM, Zitman FG. A validation study of the Web Screening
Questionnaire (WSQ) compared with the Mini-International Neuropsychiatric Interview-Plus (MINI-Plus). JMIR Ment
Health 2017 Aug 29;4(3):e35 [FREE Full text] [doi: 10.2196/mental.5453] [Medline: 28851674]

40. Vallejo MA, Jordán CM, Díaz MI, Comeche MI, Ortega J. Psychological assessment via the Internet: a reliability and
validity study of online (vs paper-and-pencil) versions of the General Health Questionnaire-28 (GHQ-28) and the Symptoms
Check-List-90-Revised (SCL-90-R). J Med Internet Res 2007 Jan 31;9(1):e2 [FREE Full text] [doi: 10.2196/jmir.9.1.e2]
[Medline: 17478411]

41. Tourangeau R, Rips LJ, Rasinski K. The Psychology of Survey Response. Cambridge, UK: Cambridge University Press;
2000.

42. Schuetzler RM, Giboney JS, Grimes GM, Nunamaker JF. The influence of conversational agent embodiment and
conversational relevance on socially desirable responding. Decis Support Syst 2018 Oct;114:94-102. [doi:
10.1016/j.dss.2018.08.011]

43. Phillips DL, Clancy KJ. Some effects of "social desirability" in survey studies. Am J Sociol 1972 Mar;77(5):921-940. [doi:
10.1086/225231]

44. Fisher RJ. Social desirability bias and the validity of indirect questioning. J Consum Res 1993 Sep;20(2):303-315. [doi:
10.1086/209351]

45. Nass C, Steuer J, Tauber ER. Computers are social actors. In: Proceedings of the SIGCHI Conference on Human Factors
in Computing Systems. 1994 Presented at: CHI '94; April 24-28, 1994; Boston, MA, USA p. 72-78. [doi:
10.1145/191666.191703]

46. Kocielnik R, Agapie E, Argyle A, Hsieh DT, Yadav K, Taira B, et al. HarborBot: a chatbot for social needs screening.
AMIA Annu Symp Proc 2019 Mar 4;2019:552-561 [FREE Full text] [Medline: 32308849]

47. Xiao Z, Zhou MX, Liao QV, Mark G, Chi C, Chen W, et al. Tell me about yourself: using an AI-powered chatbot to conduct
conversational surveys with open-ended questions. ACM Trans Comput Hum Interact 2020 Jun 30;27(3):1-37. [doi:
10.1145/3381804]

48. LimeSurvey Development Team. LimeSurvey - The free and open source survey software tool!. LimeSurvey Development
Team. 2012. URL: http://www.limesurvey.org [accessed 2019-08-07]

49. Bot Framework SDK. Microsoft. 2020. URL: https://github.com/microsoft/botframework-sdk [accessed 2019-08-07]
50. de Visser EJ, Monfort SS, McKendrick R, Smith MA, McKnight PE, Krueger F, et al. Almost human: anthropomorphism

increases trust resilience in cognitive agents. J Exp Psychol Appl 2016 Sep;22(3):331-349. [doi: 10.1037/xap0000092]
[Medline: 27505048]

51. Bickmore TW, Picard RW. Establishing and maintaining long-term human-computer relationships. ACM Trans Comput
Hum Interact 2005 Jun;12(2):293-327. [doi: 10.1145/1067860.1067867]

52. Gnewuch U, Morana S, Adam MT, Maedche A. 'The Chatbot is…' - the role of typing indicators in human-chatbot interaction.
In: Proceedings of the SIGHCI - The 17th Annual Pre-ICIS Workshop on HCI Research in MIS. 2018 Presented at: HCI
'18; December 13, 2018; San Francisco, CA, USA URL: https://aisel.aisnet.org/sighci2018/14/

53. Mori M. The uncanny valley. Energy 1970;7(4):33-35.
54. Musch J, Brockhaus R, Bröder A. Ein Inventar zur Erfassung von zwei Faktoren sozialer Erwünschtheit. Diagnostica 2002

Jul;48(3):121-129. [doi: 10.1026//0012-1924.48.3.121]
55. Paulhus DL. The Balanced Inventory of Desirable Responding. Toronto, Canada: Multi-Health Systems; 1998.
56. Kessler RC, Andrews G, Colpe LJ, Hiripi E, Mroczek DK, Normand SL, et al. Short screening scales to monitor population

prevalences and trends in non-specific psychological distress. Psychol Med 2002 Aug;32(6):959-976. [doi:
10.1017/s0033291702006074] [Medline: 12214795]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e28082 | p.91https://mhealth.jmir.org/2022/10/e28082
(page number not for citation purposes)

Schick et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1086/297751
http://dx.doi.org/10.1037/0033-2909.133.5.859
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17723033&dopt=Abstract
http://dx.doi.org/10.3758/s13428-014-0533-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25410404&dopt=Abstract
http://dx.doi.org/10.1002/ejsp.2420150303
https://www.jmir.org/2015/9/e218/
http://dx.doi.org/10.2196/jmir.4195
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26392066&dopt=Abstract
http://europepmc.org/abstract/MED/22082344
http://dx.doi.org/10.1037/a0026201
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22082344&dopt=Abstract
https://www.jmir.org/2020/3/e17282/
http://dx.doi.org/10.2196/17282
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32213473&dopt=Abstract
https://mental.jmir.org/2017/3/e35/
http://dx.doi.org/10.2196/mental.5453
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28851674&dopt=Abstract
https://www.jmir.org/2007/1/e2/
http://dx.doi.org/10.2196/jmir.9.1.e2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17478411&dopt=Abstract
http://dx.doi.org/10.1016/j.dss.2018.08.011
http://dx.doi.org/10.1086/225231
http://dx.doi.org/10.1086/209351
http://dx.doi.org/10.1145/191666.191703
http://europepmc.org/abstract/MED/32308849
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32308849&dopt=Abstract
http://dx.doi.org/10.1145/3381804
http://www.limesurvey.org
https://github.com/microsoft/botframework-sdk
http://dx.doi.org/10.1037/xap0000092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27505048&dopt=Abstract
http://dx.doi.org/10.1145/1067860.1067867
https://aisel.aisnet.org/sighci2018/14/
http://dx.doi.org/10.1026//0012-1924.48.3.121
http://dx.doi.org/10.1017/s0033291702006074
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12214795&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


57. Derogatis LR. BSI 18, Brief Symptom Inventory 18 : Administration, Scoring and Procedures Manual. Minneapolis, MN,
USA: NCS Pearson; 2001.

58. Spitzer C, Hammer S, Löwe B, Grabe HJ, Barnow S, Rose M, et al. Die Kurzform des Brief Symptom Inventory (BSI -18):
erste Befunde zu den psychometrischen Kennwerten der deutschen Version. Fortschr Neurol Psychiatr 2011
Sep;79(9):517-523. [doi: 10.1055/s-0031-1281602] [Medline: 21870312]

59. Saunders JB, Aasland OG, Babor TF, de la Fuente JR, Grant M. Development of the Alcohol Use Disorders Identification
Test (AUDIT): WHO Collaborative Project on early detection of persons with harmful alcohol consumption--II. Addiction
1993 Jun;88(6):791-804. [doi: 10.1111/j.1360-0443.1993.tb02093.x] [Medline: 8329970]

60. Gual A, Segura L, Contel M, Heather N, Colom J. Audit-3 and audit-4: effectiveness of two short forms of the alcohol use
disorders identification test. Alcohol Alcohol 2002;37(6):591-596. [doi: 10.1093/alcalc/37.6.591] [Medline: 12414553]

61. Bradburn NM. Improving Interview Method and Questionnaire Design: Response Effects to Threatening Questions in
Survey Research. San Francisco, CA, USA: Jossey-Bass; 1979.

62. Gefen D, Straub DW. Gender differences in the perception and use of e-mail: an extension to the technology acceptance
model. MIS Q 1997 Dec;21(4):389-400. [doi: 10.2307/249720]

63. Faul F, Erdfelder E, Lang AG, Buchner A. G*Power 3: a flexible statistical power analysis program for the social, behavioral,
and biomedical sciences. Behav Res Methods 2007 May;39(2):175-191. [doi: 10.3758/bf03193146] [Medline: 17695343]

64. Campbell DT, Fiske DW. Convergent and discriminant validation by the multitrait-multimethod matrix. Psychol Bull 1959
Mar;56(2):81-105. [doi: 10.1037/h0046016]

65. Slade T, Grove R, Burgess P. Kessler Psychological Distress Scale: normative data from the 2007 Australian National
Survey of Mental Health and Wellbeing. Aust N Z J Psychiatry 2011 Apr;45(4):308-316. [doi:
10.3109/00048674.2010.543653] [Medline: 21332432]

66. Gerbert B, Bronstone A, Pantilat S, McPhee S, Allerton M, Moe J. When asked, patients tell: disclosure of sensitive
health-risk behaviors. Med Care 1999 Jan;37(1):104-111. [doi: 10.1097/00005650-199901000-00014] [Medline: 10413398]

67. Luger E, Sellen A. "Like having a really bad PA": the Gulf between user expectation and experience of conversational
agents. In: Proceedings of the 2016 CHI Conference on Human Factors in Computing Systems. 2016 Presented at: CHI
'16; May 7-12, 2016; San Jose, CA, USA p. 5286-5297. [doi: 10.1145/2858036.2858288]

68. Gratch J, Lucas G, King A, Morency LP. It's only a computer: the impact of human-agent interaction in clinical interviews.
In: Proceedings of the 13th International Conference on Autonomous Agents and Multiagent Systems. 2014 Presented at:
AAMAS '14; May 5-9, 2014; Paris, France p. 85-92.

69. Kim S, Lee J, Gweon G. Comparing data from chatbot and web surveys: effects of platform and conversational style on
survey response quality. In: Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems. 2019
Presented at: CHI '19; May 4-9, 2019; Glasgow, UK p. 86. [doi: 10.1145/3290605.3300316]

70. Lee YC, Yamashita N, Huang Y. Designing a chatbot as a mediator for promoting deep self-disclosure to a real mental
health professional. Proc ACM Hum Comput Interact 2020 May 28;4(CSCW1):1-27. [doi: 10.1145/3392836]

71. Kang SH, Fort Morie J. Users' socially desirable responding with computer interviewers. In: CHI '13 Extended Abstracts
on Human Factors in Computing Systems. 2013 Presented at: CHI EA '13; April 27-May 2, 2013; Paris, France p. 229-234.
[doi: 10.1145/2468356.2468398]

72. Jungmann SM, Klan T, Kuhn S, Jungmann F. Accuracy of a chatbot (Ada) in the diagnosis of mental disorders: comparative
case study with lay and expert users. JMIR Form Res 2019 Oct 29;3(4):e13863 [FREE Full text] [doi: 10.2196/13863]
[Medline: 31663858]

73. Sah YJ, Peng W. Effects of visual and linguistic anthropomorphic cues on social perception, self-awareness, and information
disclosure in a health website. Comput Human Behav 2015 Apr;45(C):392-401. [doi: 10.1016/j.chb.2014.12.055]

74. Lee YC, Yamashita N, Huang Y, Fu W. "I hear you, I feel you": encouraging deep self-disclosure through a chatbot. In:
Proceedings of the 2020 CHI Conference on Human Factors in Computing Systems. 2020 Presented at: CHI '20; April
25-30, 2020; Honolulu, HI, USA p. 1-12. [doi: 10.1145/3313831.3376175]

75. Adam M, Klumpe J. Onboarding with a chat – the effects of message interactivity and platform self-disclosure on user
disclosure propensity. In: Proceedings of the 27th European Conference on Information Systems. 2019 Presented at: ECIS
'19; June 8-14, 2019; Stockholm, Sweden URL: https://aisel.aisnet.org/ecis2019_rp/68/

76. Yokotani K, Takagi G, Wakashima K. Advantages of virtual agents over clinical psychologists during comprehensive
mental health interviews using a mixed methods design. Comput Human Behav 2018 Aug;85:135-145. [doi:
10.1016/j.chb.2018.03.045]

77. Bérubé C, Schachner T, Keller R, Fleisch E, V Wangenheim F, Barata F, et al. Voice-based conversational agents for the
prevention and management of chronic and mental health conditions: systematic literature review. J Med Internet Res 2021
Mar 29;23(3):e25933 [FREE Full text] [doi: 10.2196/25933] [Medline: 33658174]

78. Bickmore TW, Trinh H, Olafsson S, O'Leary TK, Asadi R, Rickles NM, et al. Patient and consumer safety risks when using
conversational assistants for medical information: an observational study of Siri, Alexa, and Google Assistant. J Med
Internet Res 2018 Sep 04;20(9):e11510 [FREE Full text] [doi: 10.2196/11510] [Medline: 30181110]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e28082 | p.92https://mhealth.jmir.org/2022/10/e28082
(page number not for citation purposes)

Schick et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1055/s-0031-1281602
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21870312&dopt=Abstract
http://dx.doi.org/10.1111/j.1360-0443.1993.tb02093.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8329970&dopt=Abstract
http://dx.doi.org/10.1093/alcalc/37.6.591
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12414553&dopt=Abstract
http://dx.doi.org/10.2307/249720
http://dx.doi.org/10.3758/bf03193146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17695343&dopt=Abstract
http://dx.doi.org/10.1037/h0046016
http://dx.doi.org/10.3109/00048674.2010.543653
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21332432&dopt=Abstract
http://dx.doi.org/10.1097/00005650-199901000-00014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10413398&dopt=Abstract
http://dx.doi.org/10.1145/2858036.2858288
http://dx.doi.org/10.1145/3290605.3300316
http://dx.doi.org/10.1145/3392836
http://dx.doi.org/10.1145/2468356.2468398
https://formative.jmir.org/2019/4/e13863/
http://dx.doi.org/10.2196/13863
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31663858&dopt=Abstract
http://dx.doi.org/10.1016/j.chb.2014.12.055
http://dx.doi.org/10.1145/3313831.3376175
https://aisel.aisnet.org/ecis2019_rp/68/
http://dx.doi.org/10.1016/j.chb.2018.03.045
https://www.jmir.org/2021/3/e25933/
http://dx.doi.org/10.2196/25933
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33658174&dopt=Abstract
https://www.jmir.org/2018/9/e11510/
http://dx.doi.org/10.2196/11510
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30181110&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


79. Walther JB. Nonverbal dynamics in computer-mediated communication or :( and the net :( 's with you, :) and you :) alone.
In: Manusov V, Patterson ML, editors. The SAGE Handbook of Nonverbal Communication. Thousand Oaks, CA, USA:
Sage Publications; 2006.

80. Daft RL, Lengel RH. Information richness: a new approach to managerial behavior and organizational design. Res Organ
Behav 1984;6:191-233. [doi: 10.21236/ada128980]

81. Colasante E, Benedetti E, Fortunato L, Scalese M, Potente R, Cutilli A, et al. Paper-and-pencil versus computerized
administration mode: comparison of data quality and risk behavior prevalence estimates in the European school Survey
Project on Alcohol and other Drugs (ESPAD). PLoS One 2019 Nov 20;14(11):e0225140 [FREE Full text] [doi:
10.1371/journal.pone.0225140] [Medline: 31747446]

82. Zand A, Sharma A, Stokes Z, Reynolds C, Montilla A, Sauk J, et al. An exploration into the use of a chatbot for patients
with inflammatory bowel diseases: retrospective cohort study. J Med Internet Res 2020 May 26;22(5):e15589 [FREE Full
text] [doi: 10.2196/15589] [Medline: 32452808]

83. Ho A, Hancock J, Miner AS. Psychological, relational, and emotional effects of self-disclosure after conversations with a
chatbot. J Commun 2018 Aug;68(4):712-733 [FREE Full text] [doi: 10.1093/joc/jqy026] [Medline: 30100620]

84. Golinelli D, Boetto E, Carullo G, Nuzzolese AG, Landini MP, Fantini MP. Adoption of digital technologies in health care
during the COVID-19 pandemic: systematic review of early scientific literature. J Med Internet Res 2020 Nov
06;22(11):e22280 [FREE Full text] [doi: 10.2196/22280] [Medline: 33079693]

85. Inkster B, Sarda S, Subramanian V. An empathy-driven, conversational artificial intelligence agent (Wysa) for digital
mental well-being: real-world data evaluation mixed-methods study. JMIR Mhealth Uhealth 2018 Nov 23;6(11):e12106
[FREE Full text] [doi: 10.2196/12106] [Medline: 30470676]

86. Lee KT, Noh MJ, Koo DM. Lonely people are no longer lonely on social networking sites: the mediating role of
self-disclosure and social support. Cyberpsychol Behav Soc Netw 2013 Jun;16(6):413-418. [doi: 10.1089/cyber.2012.0553]
[Medline: 23621716]

87. Morris RR, Kouddous K, Kshirsagar R, Schueller SM. Towards an artificially empathic conversational agent for mental
health applications: system design and user perceptions. J Med Internet Res 2018 Jun 26;20(6):e10148 [FREE Full text]
[doi: 10.2196/10148] [Medline: 29945856]

88. Shum HY, He XD, Li D. From Eliza to XiaoIce: challenges and opportunities with social chatbots. Front Inf Technol
Electron Eng 2018 Jan 8;19(1):10-26. [doi: 10.1631/fitee.1700826]

89. Narain J, Quach T, Davey M, Park HW, Breazeal C, Picard R. Promoting wellbeing with sunny, a chatbot that facilitates
positive messages within social groups. In: Extended Abstracts of the 2020 CHI Conference on Human Factors in Computing
Systems. 2020 Presented at: CHI EA '20; April 25-30, 2020; Honolulu, HI, USA p. 1-8. [doi: 10.1145/3334480.3383062]

90. de Gennaro M, Krumhuber EG, Lucas G. Effectiveness of an empathic chatbot in combating adverse effects of social
exclusion on mood. Front Psychol 2019 Jan 23;10:3061 [FREE Full text] [doi: 10.3389/fpsyg.2019.03061] [Medline:
32038415]

91. Ta V, Griffith C, Boatfield C, Wang X, Civitello M, Bader H, et al. User experiences of social support from companion
chatbots in everyday contexts: thematic analysis. J Med Internet Res 2020 Mar 06;22(3):e16235 [FREE Full text] [doi:
10.2196/16235] [Medline: 32141837]

Abbreviations
AUDIT: Alcohol Use Disorders Identification Test
BIDR: Balanced Inventory of Desirable Responding
BSI-18: Brief Symptom Inventory-18
ICC: intraclass correlation coefficient
K10: Kessler Psychological Distress Scale
rmANCOVA: repeated-measures analysis of covariance
rmANOVA: repeated-measures ANOVA
SDR: socially desirable responding

Edited by L Buis; submitted 19.02.21; peer-reviewed by G Hsieh, J Martínez-Miranda, H Tanaka, T Bickmore, H Mehdizadeh;
comments to author 16.05.21; revised version received 09.10.21; accepted 09.05.22; published 31.10.22.

Please cite as:
Schick A, Feine J, Morana S, Maedche A, Reininghaus U
Validity of Chatbot Use for Mental Health Assessment: Experimental Study
JMIR Mhealth Uhealth 2022;10(10):e28082
URL: https://mhealth.jmir.org/2022/10/e28082 
doi:10.2196/28082
PMID:

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e28082 | p.93https://mhealth.jmir.org/2022/10/e28082
(page number not for citation purposes)

Schick et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.21236/ada128980
https://dx.plos.org/10.1371/journal.pone.0225140
http://dx.doi.org/10.1371/journal.pone.0225140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31747446&dopt=Abstract
https://www.jmir.org/2020/5/e15589/
https://www.jmir.org/2020/5/e15589/
http://dx.doi.org/10.2196/15589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32452808&dopt=Abstract
http://europepmc.org/abstract/MED/30100620
http://dx.doi.org/10.1093/joc/jqy026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30100620&dopt=Abstract
https://www.jmir.org/2020/11/e22280/
http://dx.doi.org/10.2196/22280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33079693&dopt=Abstract
https://mhealth.jmir.org/2018/11/e12106/
http://dx.doi.org/10.2196/12106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30470676&dopt=Abstract
http://dx.doi.org/10.1089/cyber.2012.0553
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23621716&dopt=Abstract
https://www.jmir.org/2018/6/e10148/
http://dx.doi.org/10.2196/10148
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29945856&dopt=Abstract
http://dx.doi.org/10.1631/fitee.1700826
http://dx.doi.org/10.1145/3334480.3383062
https://doi.org/10.3389/fpsyg.2019.03061
http://dx.doi.org/10.3389/fpsyg.2019.03061
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32038415&dopt=Abstract
https://www.jmir.org/2020/3/e16235/
http://dx.doi.org/10.2196/16235
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32141837&dopt=Abstract
https://mhealth.jmir.org/2022/10/e28082
http://dx.doi.org/10.2196/28082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


©Anita Schick, Jasper Feine, Stefan Morana, Alexander Maedche, Ulrich Reininghaus. Originally published in JMIR mHealth
and uHealth (https://mhealth.jmir.org), 31.10.2022. 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 https://mhealth.jmir.org/, as well as this copyright and
license information must be included.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e28082 | p.94https://mhealth.jmir.org/2022/10/e28082
(page number not for citation purposes)

Schick et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Designing, Developing, Evaluating, and Implementing a
Smartphone-Delivered, Rule-Based Conversational Agent
(DISCOVER): Development of a Conceptual Framework

Dhakshenya Ardhithy Dhinagaran1*, BSc (Hons); Laura Martinengo1*, MD, PhD; Moon-Ho Ringo Ho2, PhD; Shafiq

Joty3, MSc, PhD; Tobias Kowatsch4,5,6,7, PhD; Rifat Atun8,9,10, MBBS, MBA, DIC; Lorainne Tudor Car1,11, MD, PhD
1Lee Kong Chian School of Medicine, Nanyang Technological University Singapore, Singapore, Singapore
2School of Social Sciences, Nanyang Technological University Singapore, Singapore, Singapore
3School of Computer Sciences and Engineering, Nanyang Technological University Singapore, Singapore, Singapore
4Institute for Implementation Science in Health Care, University of Zurich, Zurich, Switzerland
5School of Medicine, University of St Gallen, St Gallen, Switzerland
6Centre for Digital Health Interventions, Department of Management, Technology, and Economics, ETH Zurich, Zurich, Switzerland
7Future Health Technologies Programme, Campus for Research Excellence and Technological Enterprise, Singapore-ETH Centre, Singapore, Singapore
8Department of Global Health & Population, Department of Health Policy & Management, Harvard TH Chan School of Public Health, Harvard
University, Cambridge, MA, United States
9Department of Global Health and Social Medicine, Harvard Medical School, Harvard University, Cambridge, MA, United States
10Health Systems Innovation Lab, Harvard TH Chan School of Public Health, Harvard University, Cambridge, MA, United States
11Department of Primary Care and Public Health, School of Public Health, Imperial College London, London, United Kingdom
*these authors contributed equally

Corresponding Author:
Lorainne Tudor Car, MD, PhD
Lee Kong Chian School of Medicine
Nanyang Technological University Singapore
11 Mandalay Rd69047142
Clinical Sciences Building Level 18
Singapore, 308232
Singapore
Phone: 65 69047142
Email: lorainne.tudor.car@ntu.edu.sg

Abstract

Background: Conversational agents (CAs), also known as chatbots, are computer programs that simulate human conversations
by using predetermined rule-based responses or artificial intelligence algorithms. They are increasingly used in health care,
particularly via smartphones. There is, at present, no conceptual framework guiding the development of smartphone-based,
rule-based CAs in health care. To fill this gap, we propose structured and tailored guidance for their design, development,
evaluation, and implementation.

Objective: The aim of this study was to develop a conceptual framework for the design, evaluation, and implementation of
smartphone-delivered, rule-based, goal-oriented, and text-based CAs for health care.

Methods: We followed the approach by Jabareen, which was based on the grounded theory method, to develop this conceptual
framework. We performed 2 literature reviews focusing on health care CAs and conceptual frameworks for the development of
mobile health interventions. We identified, named, categorized, integrated, and synthesized the information retrieved from the
literature reviews to develop the conceptual framework. We then applied this framework by developing a CA and testing it in a
feasibility study.

Results: The Designing, Developing, Evaluating, and Implementing a Smartphone-Delivered, Rule-Based Conversational Agent
(DISCOVER) conceptual framework includes 8 iterative steps grouped into 3 stages, as follows: design, comprising defining the
goal, creating an identity, assembling the team, and selecting the delivery interface; development, including developing the content
and building the conversation flow; and the evaluation and implementation of the CA. They were complemented by 2 cross-cutting
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considerations—user-centered design and privacy and security—that were relevant at all stages. This conceptual framework was
successfully applied in the development of a CA to support lifestyle changes and prevent type 2 diabetes.

Conclusions: Drawing on published evidence, the DISCOVER conceptual framework provides a step-by-step guide for
developing rule-based, smartphone-delivered CAs. Further evaluation of this framework in diverse health care areas and settings
and for a variety of users is needed to demonstrate its validity. Future research should aim to explore the use of CAs to deliver
health care interventions, including behavior change and potential privacy and safety concerns.

(JMIR Mhealth Uhealth 2022;10(10):e38740)   doi:10.2196/38740

KEYWORDS

conceptual framework; conversational agent; chatbot; mobile health; mHealth; digital health; mobile phone

Introduction

Background
Conversational agents (CAs) are computer programs that use
text, speech, and other input modalities to enable communication
with users [1]. They can be accessed through a variety of ways,
such as social media platforms (eg, Facebook Messenger),
websites, and smartphone apps, or deployed using stand-alone
digital devices (eg, Alexa, Google Assistant, and Siri). The
interactive nature of CAs makes them acceptable to a diverse
group of users [2-4] and a preferred tool in a number of
disciplines, including customer service, retail, and e-commerce
[5-7].

In health care, CAs are increasingly used to assist in various
tasks, such as patient education, self-management of chronic
conditions, and routine task automation (eg, appointment
booking), and support health professionals’ decision-making
for diagnosis and triage [3,8-10]. More recently, CAs have seen
large-scale implementation with the introduction of Babylon’s
artificial intelligence (AI)–based symptom checker CA to the
UK National Health Service and to Rwanda’s National Health
Insurance Scheme [11]. CAs have the potential to support health
care delivery, improve access to health care services, and
automate tasks [12], and they may also reduce health
professionals’ workload [13].

CAs vary in complexity and capability. There are 3 design
dimensions used to classify CAs: purpose, communication
channels, and response generation architecture [6]. According
to purpose, CAs can be classified into task- or goal-oriented
CAs, which respond to a limited number of tasks within a
prespecified domain, or non–task- or non–goal-oriented CAs,
which are potentially able to respond to an unrestricted variety
of user requests [6]. Communication channels can commonly
be divided into 2 main types: text-based or voice-based CAs.
Response generation architecture can be broadly classified into
3 groups: rule-based and retrieval-based CAs, which produce
a response by selecting it from a pool of predetermined
responses either following simple rules to match phrases or
identifying specific keywords in the text [6,14,15], and
generative-based CAs, which use AI algorithms to develop a
contextual response informed by the system’s previous and
ongoing learning [6,14-16]. Although all 3 groups may involve
the use of AI algorithms [6], rule-based CAs allow developers
greater control over the conversation content and flow, which
is a useful feature when developing CAs for health care. By

contrast, AI algorithms, particularly neural networks, may
develop decisions that are not explainable or understood by the
end user, a phenomenon referred to as the black box [17]. In
health care settings, the black box effect may lead to biased or
erroneous decision-making and patient harm [18], which may
limit the use of AI. A new field of explainable AI is currently
emerging that aims to provide justification for algorithm
predictions and increase system transparency, although the
validity of results for individual patients should be carefully
considered [19].

CAs can be deployed using a variety of digital devices, including
smartphones. The widespread availability of smartphones in
high-income countries and increasingly in low- and
middle-income countries [20] makes them an ideal interface to
deliver CA interventions. Smartphones offer users the possibility
of continuous and dynamic monitoring of health conditions in
a private space and at the time of their convenience [21] not
only of subjective, self-reported data but also of objective,
sensor-based data. Furthermore, smartphones allow for the
delivery of interventions according to user needs [22]. CA
interventions are complex and often require lengthy, costly
design and development processes led by multidisciplinary
teams of health care professionals, computer scientists, and app
developers, which may limit the number of teams able to engage
in CA development, particularly in low- and middle-income
countries. However, mobile health (mHealth) interventions,
particularly SMS text messages delivered using mobile phones,
are effective in delivering health care interventions, especially
in low-resource settings [23,24].

Several frameworks for the design and development of mHealth
interventions currently exist, offering guidance at every step of
the cycle, from the conceptualization of user needs [25,26] to
the development of the digital health intervention [25-27]. These
frameworks focus on generic, app-based interventions without
a conversational interface. However, Zhang et al [28] described
a framework for the development of AI-based CAs to deliver
behavior change interventions that may require significant
deployment of resources, including a large, multidisciplinary
team, and close supervision of the AI algorithms to prevent
unintended and potentially harmful effects on the users.
However, to date, no conceptual framework for the design,
development, and evaluation of rule-based CAs has been
published despite a growing interest in the use of CAs in health
care settings.
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Objectives
CAs constitute a specific type of digital intervention
characterized by the use of a conversational interface, often led
by an agent with a distinct personality as evidenced by its tone
of speech, method of interaction, and visual representation,
which is often associated with higher levels of engagement with
the user. These features and the ubiquity of smartphones support
the need for a framework that is accessible to large as well as
smaller research teams with limited resources to guide CA
development, including the distinct design and development
challenges of CAs such as the creation of dialogs and the look
and personality of the agent, grounded in current best evidence.
Therefore, this research aimed to develop a conceptual
framework for the design, development, evaluation, and

implementation of smartphone-delivered, rule-based,
goal-oriented, and text-based CAs for health care.

Methods

We developed the Designing, Developing, Evaluating, and
Implementing a Smartphone-Delivered, Rule-Based
Conversational Agent (DISCOVER) conceptual framework
according to the methodology described by Jabareen [29],
consisting of the iterative, qualitative analysis of
multidisciplinary data based on the grounded theory method. It
comprises 8 interlinked steps aimed at integrating and analyzing
the data and developing and validating the conceptual
framework [29] (Figure 1).

Figure 1. The 8 phases of the methodology by Jabareen [29] for conceptual framework development.

Step 1
We conducted 2 literature reviews. The first review aimed to
summarize the current literature on conceptual frameworks for
the design, development, and evaluation of mHealth
interventions, and the second review focused on
smartphone-delivered, rule-based CAs. A description of these
literature reviews can be found in Multimedia Appendix 1
[5,30-62] and Multimedia Appendix 2 [5,30-62]. Multimedia
Appendix 3 presents the search strategy used to retrieve the
studies for the review of CAs.

Step 2 and Step 3
The screening of retrieved citations was performed in 2 stages,
independently and in parallel, by DD and LM. The same 2
reviewers extracted data from all the included studies
independently and in parallel. At all stages of screening and
data extraction, the results were compared, and discrepancies
were resolved by consensus between the reviewers.

Step 4
The data analysis followed qualitative meta-synthesis to
systematically summarize the findings across all the included

studies. This step involved grouping the concepts extracted from
both literature reviews into overarching domains.

Step 5 and Step 6
The next 2 steps involved linking the overarching domains and
developing the first iteration of the conceptual framework.

Step 7 and Step 8
The conceptual framework was further amended based on
discussions among the research team members and feedback
from colleagues collected in a seminar. We subsequently applied
the conceptual framework to develop a rule-based, text-based,
smartphone-delivered CA prototype (Precilla) designed to
support healthy lifestyle changes and educate participants about
diabetes. The development, feasibility, and acceptability of
Precilla have been reported elsewhere [63,64].

The feedback received from team members and colleagues and
the lessons learned during the application study led to the
refinement of concepts and domain labels, definitions, order,
and grouping that were derived in the current version of
DISCOVER presented in this paper.
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Ethical Considerations
This study was approved by the Nanyang Technological
University Institutional Review Board (IRB-2018-11-032).

Results

A Framework for Guiding the Design, Development,
Evaluation, and Implementation of
Smartphone-Delivered, Rule-Based CAs in Health
Care: Overview
The conceptual framework development was informed by the
2 literature reviews and iterative consultations within the
research team. Further refinements were also informed by the
development of our CA prototype (Precilla) [63,64] as well as
by presentations at clinical seminars and conferences.
Multimedia Appendix 4 outlines the methodology applied in
the development of the DISCOVER framework according to
each step described by Jabareen [29]. Multimedia Appendix 5

[63,64] presents the steps to develop CA Precilla mapped to the
steps of the current version of the conceptual framework.

The 2 literature searches retrieved a total of 55 studies, of which
41 (75%) described conceptual frameworks for the design,
development, and evaluation of mHealth interventions and 14
(25%) were clinical trials evaluating smartphone- and rule-based
CAs. The findings from these reviews are presented in
Multimedia Appendices 1 and 2. The “Characteristics of
included studies” tables are presented in Multimedia Appendix
6 [47-58], Multimedia Appendix 7 [5,32,65-67], and Multimedia
Appendix 8 [3,30,31,33,34,68-80].

The initial framework contained 8 steps. They were subsequently
condensed into 5 steps augmented by 2 overarching themes
relevant to all phases of the development process. Further
refinements led to the framework presented in this paper
consisting of an iterative process of design, development,
evaluation, and implementation steps, each comprising several
components, as presented in Figure 2 and described in the
following sections.

Figure 2. The DISCOVER conceptual framework for the design, development, and evaluation of rule-based, smartphone-based conversational agents
in health care.

Step 1: Design
The first stage comprised 4 interlinked steps encapsulating the
initial conceptual work of identifying the health care focus of
the CA, target users, multidisciplinary team members, and the
CA delivery interface.

Defining the Goal

Overview

A clearly defined goal is the first step in the design process and
the foundation that will guide the development and evaluation
of the CA. This step consists of 3 interlinked areas of

evaluation—completing a thorough needs assessment, defining
the aim, and characterizing the end user and objectives—which,
in turn, determine the parameters to be tested and reported. The
CA goal was described in 64% (35/55) of the papers in our
reviews [3,5,25-28,65,68-76,81-99].

Needs Assessment

The design process should commence with an in-depth needs
assessment to understand existing gaps that may be filled by
the CA. These may be informed by a literature review
[83,90,91,96,100] to assess potential research areas and the
needs and challenges of the target population, including not
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only patients but also caregivers, health care providers (HCPs),
and other experts [25,26,87,89,95,98]. Researchers should also
involve end users in this initial phase by using surveys and a
variety of qualitative methods [70,87] such as in-depth
interviews and focus group discussions to gather their views.

The Aim

Aligned with the needs assessment, the design team should
formulate clear, attainable, and relevant objectives to drive the
CA design and development process. It is important to consider
the CA temporal profile, which characterizes 4 types of CAs
according to the type and frequency of CA-user dialogs [101].
The CA temporal profile will also determine the type of
objectives included, broadly classified as short term or long
term [101]. A short-term objective refers to an outcome to be
completed as soon as the interaction with the CA ends, such as
medication reminders [30]. A long-term goal would involve
several CA-user interactions being completed over a period, as
in mental health interventions to promote mental well-being in
the general population [3] or young people with cancer [70].
Complex CA interventions may include short- and long-term
goals, such as CA Vik [30] providing medication reminders
(short-term goal) and health education (long-term goal) to
patients with breast cancer. Furthermore, Kowatsch et al [73]
used prompts and reminder SMS text messages to enhance
children’s discipline and routine, which are essential for the
self-management of asthma.

Determining the End User

The next important design consideration is to determine the
target population. An initial assessment should establish whether
the CA will be offered to healthy users or individuals with a
specific medical condition, caregivers, or HCPs. It is important
to generate a detailed and accurate portrayal of the target user,
including gender, age group, cultural beliefs and socioeconomic
concerns, digital and health literacy, access to digital devices,
and smartphone penetration rate. If the intervention is
educational, a knowledge test should be implemented [73]. The
acceptability of CAs by the target population and the perceived
risk of using a CA for health care matters should be evaluated,
particularly for severe or highly stigmatizing conditions [102]
such as mental health disorders [103,104].

Creating the CA Identity
This step involves determining the CA’s name, appearance,
tone of communication, language, and other characteristics that
define its identity. This step was discussed in 25% (14/55) of
the papers in our reviews [5,31,32,66,69,70,72-78].

CA Personality

User interaction with CAs appears to be enhanced when the CA
displays a well-defined, positive, and empathic personality
[105,106]. In general, giving a name and profile picture to the
CA may enhance its social presence and user acceptance [107],
although its effect appears to be small [106]. In health care
settings, using a human-like avatar rendering realistic features,
including medical attire, may increase user satisfaction [105],
although avatars displaying highly realistic features may upset
users and decrease engagement, an experience referred to as
the “uncanny valley” [108].

Studies have consistently shown that CAs displaying empathy,
relational behavior, and self-disclosure enhance the user
experience [78,105] and increase the working alliance [109].
Conversely, users would notice if the CA did not convey
empathy [69].

Acceptability may be further enhanced if the CA design
acknowledges the specific cultural or demographic traits of the
target population [73] or offers options to personalize the
interface (eg, offering a male and female persona) [31,73].
Alternatively, CAs may explicitly disclose their identity [70]
to reduce user expectations about their capabilities. Finally, CA
personality should align with its intended function. For example,
health care CAs often display one of two personality types: a
more approachable, empathic coach-like personality, particularly
if delivering behavior change interventions [77] supporting
self-management of chronic disorders [73,78] and mental health
conditions [3], or a health care professional persona to
emphasize the legitimacy of the CA and its content [1].

Tone and Language

The language recommended for text-based interventions should
be encouraging, positive, friendly, polite, and light-hearted and
may include light humor while at the same time being formal
[110]. To maintain the flow of the conversation, it may be
advisable to use visual cues such as successive moving dots
signaling that the CA is “typing” the next message.

The text should be written in clear, short sentences using simple
language and avoid scientific jargon. The National Institutes of
Health recommends that patient education materials be written
at or below the sixth-grade reading level (ages of 11 and 12
years) to reach a diverse range of individuals with varying levels
of literacy [111]. The readability of the text can be assessed
using a scale such as the Flesch-Kincaid grade level to determine
its suitability [112]. Furthermore, the CA should use the target
population’s native language in its communications [75] and,
if needed, the conversational content may be translated to one
or more languages, particularly if the CA will be deployed in
multiethnic, multilanguage societies.

With regard to the tone of the conversation, despite the
text-based nature of the CA, it may be advisable to simulate
more casual, verbal speech while avoiding the use of “textese”
[113], a form of abbreviated written or typed language
characterized by unconventional spelling and grammar (eg,
“tonite” instead of “tonight”) and abbreviations and contractions
(eg, “pls” instead of “please” or “wanna” for “want to”) [114].
Furthermore, words written in full capital letters should be
avoided as they equate to shouting [110].

Emojis may be used to articulate emotions or other expressions
more efficiently than text [70]. However, emojis are vulnerable
to varied interpretations across cultures and contexts and should
be used mindfully. Fadhil et al [115] noted a context-specific
nature of emojis whereby they increased efficacy in a mental
health intervention but did not help in promoting physical
well-being.

CAs designed to address sensitive topics such as HIV and AIDS,
sexually transmitted infections, or mental health disorders may
emphasize the confidential nature of the messages or include
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code words to protect users’privacy. This is particularly relevant
in low- and middle-income settings, where family members
may share a single smartphone [116].

Selecting the Delivery Interface

Human Involvement

Conditional to the CA’s aim, the design and development team
may consider a “hybrid” intervention where the interaction with
the CA would be complemented by regular interactions with
HCPs offering timely feedback on a self-management technique
or regular support and motivation [33,72,73]. Alternatively, as
presented in the study by Stasinaki et al [79], the CA may be
fitted with multiple channels, where the user can converse with
the CA in one channel and directly with an HCP in another.

Peer support is recognized to play an important role in
promoting adherence to self-management interventions [117]
and a further point of human involvement to be considered. The
CA intervention may include an additional communication
channel for users to interact, share experiences, and receive peer
support. For example, Wang et al [75] developed a WeChat
intervention to support smoking cessation where the CA not
only responded to individual users but also acted as a group
moderator.

Delivery Channel

CAs may be delivered through a variety of channels, such as
stand-alone apps [3,73] and existing messaging platforms
[68,71,75] such as Facebook Messenger, Telegram, WeChat,
and WhatsApp, or embedded in a website [69]. Each channel
possesses its own set of complexities, and the decision regarding
the delivery channel should be based on the target population
needs and the expertise of the CA development team [118]. If
the research team does not include app developers or computer
scientists, the CA may be embedded in a messaging platform
or may be developed using a CA development platform that
offers templates or other design solutions for individuals with
no previous programming knowledge [5,118], such as Chatfuel,
ManyChat, and others. CAs are generally web-based, and some
of these platforms are free of charge. Alternatively, if the team
expertise or project budget allows, the CA may be delivered
through a stand-alone app. This approach offers design
flexibility, such as a variety of data collection sources including
smartphone sensors, health programming interfaces, connected
medical devices, and patient self-reported data [119]. The
combination of subjective patient reports with objective,
real-time data may reduce users’ responsibility to update their
progress and at the same time receive relevant, dynamic
coaching based on the current data [120], which in turn may
increase adherence to the intervention.

In addition, factors associated with the target population may
also affect the selection of the most suitable delivery channel
and operating system (eg, Android or Apple’s iOS). For
example, Kamita et al [71] implemented their CA on the
messaging platform “LINE” as it was the most popular social
network service in Japan, and Wang et al [75] selected WeChat,
the most common messaging app in Hong Kong.

Communication Modalities

Aligned with the framework focus, text would be the CA’s main
input and output modality. Messages should be brief, fit the
mobile screen without scrolling [69], and be of an adequate font
size to allow for comfortable reading. Moreover, if the CA
targets populations for whom reading might be challenging,
such as older adults or visually impaired individuals,
text-to-speech assistive technology may be incorporated into
the app.

Visual aids such as images or videos are useful to adapt content
to audiences with lower educational attainment [121], deliver
personal narratives relevant to the end users (eg, young people
with cancer), or decrease the amount of textual information
[76]. When using multimedia content, it is important to use
high-resolution files to avoid pixelated or blurred images.
Furthermore, if pictures are obtained from the web, developers
should abide by copyright regulations and either source the
pictures from free stock photo repositories, acquire the image
rights, or produce the images in-house.

Assembling a Multidisciplinary Team
The composition of the design and development team would
be based on the objectives of the intervention. In addition to the
inclusion of health professionals with the relevant expertise, it
is recommended to include end users as well [69,70]. For
example, a CA to support a lifestyle intervention in overweight
adolescents was developed by a multidisciplinary team including
computer scientists, physicians, a psychotherapist, and diet and
sports experts [72]. End-user involvement in the intervention
design is critical to ensure that it aligns with user needs. User
involvement was reported in a large number of studies in our
review (36/55, 65%); for example, young people with cancer
participated in focus groups to refine the content of a CA aimed
at delivering positive psychology to enhance well-being [70],
and young patients with asthma and their parents were part of
a multidisciplinary team of experts who developed a CA to
improve cognitive and behavioral skills [73]. In general, studies
that mentioned the composition of their multidisciplinary teams
often reported computer scientists and physicians as key
members [72-75], although other health professionals such as
physiotherapists [78], psychologists [3], and music therapists
[76] may be included as well.

Step 2: Development

Developing the Content
Content development may involve determining the sources of
information, adapting content to the target audience, defining
the behavior change theories and techniques guiding the
intervention [28,94], and establishing error management and
safety-netting strategies [26-28, 30, 67-70, 73, 75, 77, 79, 80,
82, 83, 85, 87, 90, 92-97, 99, 100].

Evidence-Based Information

All health-related information included in the CA should be
derived from reputable sources and adequately referenced.
Sources of evidence-based information include comprehensive
literature reviews; clinical practice guidelines; Cochrane
systematic reviews; and reputable organization websites such
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as the World Health Organization, MEDLINE Plus, and the
Centers for Disease Control and Prevention in the United States
or the National Health Service Health A to Z in the United
Kingdom [65]. For example, Kowatsch et al [73] used evidence
from multiple sources such as published literature on the
improvement of asthma management in children [122],
technology acceptance research [123], and user-CA working
alliances [124] to inform their intervention for asthma
management.

Managing Errors

Another important aspect of content development is to ensure
an adequate understanding of user requests, particularly for
potentially serious or life-threatening health conditions.
Safeguards to be implemented within the dialog include the
request for clarification if the CA receives an unfamiliar input
or directing the user to contact an HCP or a human administrator
[125,126]. These strategies were included in TensioBot, an
intervention to facilitate self-measurement of blood pressure
where, after obtaining confirmation of a blood pressure
measurement value outside the normal range, the CA alerted
the attending physician [68]. Important strategies to manage
unintended errors include using validated data entry fields;
limiting the data input to predetermined number ranges, words,
or characters; or including predefined options for the user to
select.

Safety Netting

In general, health care CAs should include a disclaimer clearly
stating that the intervention “does not replace healthcare
provider’s advice.” Furthermore, in the case of health conditions
associated with rapid deterioration of patient status leading to
medical emergencies, such as cardiovascular conditions,
diabetes, chronic pulmonary disorders, or mental health
conditions that increase the risk of suicide, information should
be included to assist users in managing an emergency situation,
such as the provision of emergency services or crisis helpline
telephone numbers [127], links to contact their primary
physician, or clear advice on first aid treatments such as offering
a sugary drink to manage a hypoglycemic event in a person
with diabetes [128].

Types of Messages

The content and style of the messages should be aligned with
the health condition and CA aim. Broadly, the messages may
be educational [30,78] or motivational [34,77,79] or deliver
reminders to perform a self-management task [68], input data
[77], comply with preset tasks [73], take a medication, or attend
an HCP appointment [68]. For CAs tasked with engaging with
the user during clinic visits, it may be useful to include a status
report or summary of the consultation [126].

CAs assuming a coach-like persona might emphasize sympathy,
empathy, and participants’ achievements [78]. Interventions
attempting to modify users’ behavior may deliver messages
with higher emotional content, as reported in the study by
Carfora et al [80], where only emotional messages led users to
reduce red meat consumption. In addition, the Wang et al [75]
CA used 4 types of messages to deliver a smoking cessation
intervention: group announcements, health-related information,

reminders to share positive results and progress, and fixed
answers to frequently asked questions or requests.

Behavior Change Theories

CAs are increasingly used to promote behavior change [1,129].
Behavior change interventions are complex [130] and often
comprise one or more behavior change techniques (BCTs) to
induce change. In our assessment, 4% (2/55) of the studies used
a behavior change theory to guide the intervention design,
including the Health Action Process Approach [78] and the
technology acceptance model [71]. In addition, 13% (7/55) of
the studies [31,72-75,77,80] reported the use of specific BCTs
such as goal setting, self-monitoring, tracking and feedback,
social support, use of rewards, and anticipated regret.

For example, a study described a multicomponent behavior
change intervention incorporating several BCTs, such as goal
setting, self-monitoring, stimulus control, and behavioral
contract, to support a healthy lifestyle for adolescents with
obesity [34,79]. Furthermore, including group chats where peers
or HCPs offer relevant information and emotional support may
also assist in promoting positive behavior change, such as using
a CA-led WeChat peer group to promote smoking cessation
[75].

Optional Add-ons

Depending on the purpose of the CA, it may be appropriate to
integrate data from external devices such as glucometers [131]
or activity trackers [119]. Alternatively, access to smartphone
sensor data [132] may facilitate passive monitoring of the user’s
activity [79] or determine novel digital biomarkers to assess the
user’s mood [133] or disease status [134]. The use of smartphone
sensors for passive monitoring may further allow for real-time
information sharing with HCPs, caregivers, or peers, a feature
that may be particularly useful to monitor older people living
alone, who may be at higher risk of falling, or individuals with
severe chronic illnesses and multiple hospital admissions.

Building the Conversation Flow
A good CA is eloquent and knowledgeable and, thus, requires
a meticulously crafted script. Conversation flow building was
discussed in 35% (19/55) of the papers in our literature search
[3,27,28,30-32,65,73,78,79,82,85,87,92-96,99].

Providing Suitable Answer Options

For a good conversation flow, the predefined answer options
should be sufficient and appropriate to align with the user intent,
defined as the user goals or intentions in each conversation turn.
Constructing a mind map outlining the different facets associated
with a topic (eg, medication adherence) and the likely
influencing factors (lifestyle components or emotional state)
would help predict the most relevant answer options to provide
to the user [135].

Selecting a Mapping Tool

A mind map is a diagram representing concepts, ideas, or tasks
generated from a key concept, which is generally represented
in the center of the graph [136]. Mind maps are an effective
method of brainstorming [137] that can be applied to building
the conversation flows. Several web-based programs and
platforms are available to organize the conversation flow,
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including tools specifically designed to build the CA
conversation, such as SAP Conversational AI [138] or
MobileCoach [35]. Conversation flows may also be built using
nonspecific mind mapping software such as Xmind [139]. Mind
mapping is useful to assist in recording the flow of conversations
between different topics or different user interactions. A
well-constructed conversation flow leads the conversation,
guides the user, and can address all relevant questions about its
purpose. Furthermore, interactivity, personalization, and
consistent messaging have been noted as valued qualities [140].

Personalizing Content and Delivery

Interventions should be tailored to individual participant needs
[110]. When compared with generic CAs, context, situational,
or individually aware agents promote a more positive user
experience [132]. Personalized interventions include addressing
the user by their name or nickname [141]; delivering
notifications and reminders tailored to individual needs [110],
such as medication or appointment reminders; and notifications
for missed activities or unread messages [30,78]. For example,
an intervention promoting self-management of chronic pain
offered personalized content based on the user’s type and
duration of pain and personal interests [78].

An important caveat involves the design of interventions
offering personalized advice based on user measurements, such
as suggesting a treatment based on individually reported data
(eg, blood glucose levels or blood pressure readings), as these
interventions may require regulatory oversight and be considered
a “mobile medical application” [142].

Selecting Appropriate Message Timing and Frequency

The timing and frequency of messages are important
components when planning the intervention and may be
determined by the intervention scope as well as user preference.
Earlier studies on SMS text messaging interventions have
suggested a preference for weekly messaging [113]. However,
different intervention types may require a more adaptive
message delivery system, such as smoking cessation programs
that often require an increased volume of messages close to the
desired quit date [143] or high-risk behavior prevention
programs targeting binge drinking or inappropriate sexual
behaviors timing their messages to when the risky behavior is
expected to occur, for example, on a Friday night [116,141].
Therefore, strategies for message delivery and frequency could
be adapted to suit the CA intervention.

Just-in-time adaptive interventions (JITAIs) leverage smartphone
sensor data to “provide the right type (or amount) of support at
the right time” [22]. Smartphone sensor data would determine
and even predict “states of vulnerability” (susceptibility to
negative health outcomes) [144] and “states of receptivity” (the
capacity to receive, process, and use the intervention) [120] in
the user when the intervention may be required and more useful.
This novel approach may be particularly useful for behavior
change interventions supporting a healthy lifestyle, such as
increasing physical activity or adhering to a healthier diet, or
supporting substance use remission [22,120]. Nevertheless,
researchers considering this approach should take into account
human and economic resources as JITAI design may require a

larger development team that includes computer scientists and
app developers.

Using Engagement Strategies

Strategies to keep the users engaged for the intended duration
of the intervention are particularly important in health care
settings. These aspects were discussed in 11% (6/55) of the
studies in our reviews [3,30,31,73,78,79]. Reported strategies
included notifications, weekly summaries, reminders,
motivational statements, persuasive techniques, a high frequency
of messages to promote habit formation, and daily
encouragement. In addition, CA-specific engagement strategies
included building rapport and attachment with the user [72,73]
or adding gamified components to incentivize CA use for
rewards and points [73,79].

Step 3: Evaluation and Implementation

Evaluation
The evaluation of digital interventions, including CAs, starts
early in the development process and comprises several iterative
steps. To ensure the validity of the results, the process must use
a robust methodology that is adequate for the intervention design
[15]. In digital health interventions, a commonly used evaluation
methodology is the multiphase optimization strategy by Collins
et al [145,146].

The CA evaluation follows 3 distinct stages representing the
intervention development process. The initial iterations of the
CA may be evaluated using one or more usability testing
methods [147] aiming to produce a minimum viable prototype.
Once this working prototype is ready, pilot and randomized
trials may ensue to assess the effectiveness of the CA [148].
Several aspects of CA evaluation were discussed in 36% (20/55)
of the studies in our reviews [25, 26,28, 33, 71,73, 83, 85, 86,
88, 89, 91-95, 97-100].

The evaluation design may include one or more aspects of the
CA functionalities, including clinical or technical attributes and
user experience. The outcomes should be clearly defined and
include widely used and validated outcome measurement tools
whenever possible to improve the comparability and
reproducibility of the research results. Examples of outcome
measurement tools include the Patient Health Questionnaire-9
[149] to screen for depression, the Flourishing Scale [150] to
assess psychological well-being, the Brief Pain Inventory [151]
to assess pain intensity and its interference in activities of daily
living, and the Working Alliance Inventory-Short Revised [152]
to evaluate the CA-user working alliance.

Usability Testing
The evaluation of the CA should start early in the development
cycle [153]. In the initial stages, formative evaluation aims to
assess the viability of the digital tool by assessing its usability,
usefulness, and user experience [154] using one or more
qualitative or quantitative research designs. Qualitative methods
include surveys, interviews, focus group discussions, and “think
aloud” protocols [147] in which users express their opinions
about the product as they use it. Quantitative methods include
closed-ended questionnaires, task completion assessments, and
A/B testing [147,155]. An A/B test, split test, or controlled

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e38740 | p.102https://mhealth.jmir.org/2022/10/e38740
(page number not for citation purposes)

Dhinagaran et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


experiment compares two or more versions of a product to
evaluate the intervention components that perform better or are
preferred by the user [155]. This stage relates to the screening
and confirming stages in the multiphase optimization strategy
[145,146], which use a fractional factorial design to assess which
components should be included in the digital intervention and
the best dosages to use in a more cost-effective fashion. Finally,
microrandomized trials are another novel methodology that is
particularly useful for assessing and optimizing the delivery of
JITAIs [156]. Microrandomized trials allow the randomization
of multiple components to occur at multiple times triggered by
predefined decision points [156] and have been used to evaluate
CA interventions, as reported by Kramer et al [119,157].

Efficacy and Effectiveness of the CA Intervention
Once initial evaluations have determined the components that
should be included in the intervention and the frequency of
administration, a traditional randomized trial design should be
implemented to assess the effectiveness of the CA intervention
compared with current best practices [145,146,148]. Given the
complexities and cost that a full-powered randomized controlled
trial often entails, researchers may consider conducting a pilot
study to refine the study methodology or assess the feasibility
of the study design and participant recruitment strategies, among
other aspects [158]. For example, Casas et al [77] conducted a
pilot study to preliminarily assess a CA aimed at coaching
participants to make healthier food choices, whereas Greer et
al [70] evaluated a CA delivering a positive psychological
intervention to young people with cancer.

User Engagement and Acceptability

Overview

Digital health interventions often report high rates of participant
attrition, which may limit the validity of research findings and,
more importantly, the effectiveness of the intervention.
Therefore, the assessment of the CA-led intervention should be
complemented by regular evaluations of end-user adherence to
as well as engagement with and acceptability of the intervention.
Several assessment methods are commonly used, including
quantitative, data-driven analyses and qualitative assessments
of users’ opinions.

Data-Driven Analyses

The definition of adherence to digital health interventions refers
to the extent to which a user has interacted with the intervention
[159]. This term may be used to define the degree to which a
user interacts with the CA (greater adherence equals more time
engaging with the intervention) or the degree to which the
user-CA interaction complies with the prescribed
recommendation (intended use of the intervention) [159]. In
health care interventions, the concept of “intended use” is
preferred, and it should be clearly defined during the CA design
and development stage for the subsequent adherence
measurements to be meaningful. Increased adherence to an
intervention may be related to its increased effectiveness
[75,160], although the data are not conclusive [3,161,162].

User engagement with the CA may be evaluated using data
metrics such as the times the user opened the app, time spent
interacting with the CA, the extent of the dialog, or the number

of screens opened if the CA also includes other functions [70].
Chaix et al [30] measured use duration, interest in various
educational contents, and level of interactivity as indicators of
engagement. Nevertheless, researchers should consider the
challenges of defining engagement with digital interventions,
which may include other user-related variables such as the
severity or stage of the disease as well as the long-term
engagement with the CA [163].

Other aspects of CA use, such as underused or missing topics
or CA functionalities not working as intended, may also be
assessed. CA use analytics are often embedded in host platforms.
Commercial platforms such as ManyChat [164] may offer a
variety of built-in analytics tools such as the number of times
the CA is accessed. Some of these platforms offer free-of-charge
services. For health care CAs, the open-source MobileCoach
platform [35] offers flexible, customizable use analytics.

Qualitative Evaluation

Acceptability refers to the “affective attitudes towards a new
digital health intervention” [165]. It is a dynamic concept
comprising the intention to engage with the novel CA, the actual
interaction with the CA, and the postengagement satisfaction
[165].

Acceptability is a subjective term that is generally assessed
using questionnaires or other qualitative methods such as focus
groups or interviews. For example, Kowatsch et al [73]
evaluated the acceptance of a CA to support asthma
self-management using a 7-point Likert scale (strongly
agree-strongly disagree) for perceived usefulness, ease of use,
enjoyment, and use intention, and Echeazarra et al [68] used a
survey with questions on ease of use, preference for the CA
over existing methods, CA usefulness for its intended purpose,
and whether the user had stopped using it as measures of
acceptability and satisfaction. Furthermore, Gabrielli et al [69]
facilitated a participatory design workshop where suggestions
for improvement were provided via open-ended questions, and
Ly et al [3] conducted semistructured interviews on the benefits,
opportunities, and challenges associated with the CA for mental
health. Yan et al [166] described a very involved process of
evaluation of an mHealth intervention to promote physical
activity. A focus group discussion was organized whereby each
SMS text message was displayed and participants were required
to respond either with “Yes, I like it” or “No, let’s change it to
make it better.” This voting was then followed by a discussion
in which suboptimal messages were improved and the strengths
of effective messages were noted. Finally, participants may also
be questioned about their willingness to recommend the
conversation to others, which is a good indicator of satisfaction
and acceptability [70].

Several aspects of user engagement and acceptability may be
measured using one of several app quality rating tools, of which
the most commonly used one is the Mobile App Rating Scale
[167]. The use of standardized, validated rating scales may
improve the reproducibility of this research area and facilitate
the reporting of trial results, although they are not specific for
CAs.
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Economic Evaluation
The economic evaluation includes not only the affordability of
the project but also the cost-benefits associated with developing
the CA. These analyses should consider the end-user perspective
as well as the potential benefits for the health care system in
general [168,169]. Digital health interventions appear to be
cost-effective [170], although reports often present varying,
inconclusive results [171]. Although it is often mentioned that
one of the potential advantages of digital health interventions,
particularly in the long term, may be a significant decrease in
health care costs [172], the upfront expenses of developing the
digital intervention might be substantial. For example, Kowatsch
et al [73] reported upfront expenses of approximately US
$250,000 to develop a CA to support asthma self-management
in young patients. The development costs will vary conditional
to the type and functionalities of the CA, the use of a messaging
platform or development as a stand-alone app, and the number
of team members, among other aspects. Despite the increasing
importance of conducting economic evaluations of digital health
care interventions, only 2% (1/55) of the studies included in
our reviews reported economic evaluation data [73]. Recent
documents from the World Health Organization [168] and the
International Training and Education Center for Health [169]
at the University of Washington in the United States, as well
as a recent review [171], present a practical overview of how
to perform economic evaluations.

Implementation
Once the effectiveness of the CA intervention has been
determined in rigorous clinical trials, the research team should
consider implementing the intervention in the broader
population. Implementation research aims to integrate research
and practice [173] and understand the users and context in which
an intervention would be implemented. The research methods,
including pragmatic trials, participatory action research, and
mixed methods studies, aim to assess the intervention
“acceptability, adoption, appropriateness, feasibility, fidelity,
implementation cost, coverage, and sustainability” [174-177].
Important considerations include the need to upgrade the
systems to adapt to higher traffic, personnel to provide long-term
system maintenance and updates, and the costs these changes
may incur [25,26]. Furthermore, the team should consider CA
intervention commercialization strategies, including engaging
HCPs, health insurers, or governmental organizations if aligned
with the health care focus of the intervention [26].

Finally, the team should be aware of and comply with the current
regulatory frameworks for digital health interventions.
Increasingly, countries are developing national policy
frameworks to regulate the evaluation, use, and
commercialization of digital health interventions [178],
particularly if the intervention is considered a digital therapeutic
[179]. Digital therapeutics refer to “evidence-based therapeutic
interventions that are driven by high-quality software programs
to prevent, manage, or treat a medical disorder or disease” [179],
may require a provider’s prescription to be accessed [179], and
often require approval from official regulatory bodies such as
the Food and Drug Administration in the United States [180]

and the Conformité Européenne mark in the European Union
(EU) [181].

Cross-Cutting Considerations
The themes described in this section are relevant throughout all
the design stages referred to in the previous sections.

User-Centered Design and Co-design
User-centered design refers to design practices that include the
end users’ views to guide the process, either in a passive,
consultive manner or as active participants in the design process
(co-design) [182]. Several approaches to user-centered design
have been described. They share the general principles of
involving users during the design process, although the steps
involved in the process and the type and extent of end-user
involvement may differ. They include but may not be limited
to human-centered design [183,184] and design thinking [185]
(often considered synonyms), user-centered design [186],
co-design [182], and participatory action research [187].

End users include patients, caregivers, HCPs, or other relevant
stakeholders. There are several benefits of including end users
as part of the CA development team, such as a better
understanding of users’ and communities’ needs, development
of culturally sensitive products, and improved communication
between the different stakeholders [188,189]. This, in turn, may
increase compliance with the intervention and improve
health-related outcomes [190]. For example, to develop a CA
to promote positivity and well-being in young people after
cancer treatment, Greer et al [70] conducted interviews and
focus groups with young adults treated for cancer to refine the
informational content.

During the evaluation stage, thinking-out-loud usability testing
is another example of a user-centered design methodology in
the design of digital health interventions, including CAs [191].

The role of user-centered design in the development of digital
health interventions has been repeatedly emphasized by several
frameworks included in our review (36/55, 65%)
[25,26,36-39,41-46,62,69,70,73,76,82-85,87-100,110].

Privacy and Security

Overview

Safeguarding the privacy and security of CA users’ data is
essential and should be a part of the entire design and
development cycle. Health information is considered personal,
sensitive information that should be protected at all times. The
level of data protection should align with the data collected by
the CA, if any. Therefore, the functionalities of the CA will
determine the type of sensitive data to be collected and guide
the inclusion of data protection software such as firewalls and
encryption.

In general, developers should minimize the amount of personal
and sensitive information collected from users by asking specific
questions to avoid oversharing or simply providing
predetermined responses instead of using free text. Furthermore,
all CAs should include a privacy policy that is brief and written
in clear language outlining the data collected and the uses of
these data. All data must be encrypted during transit (when the
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message is being sent) and at rest (when the message has been
delivered) [192]. The platform on which the CA will be
deployed may also vary according to the CA functionalities.
For example, a CA collecting users’ personal data should not
be deployed on proprietary or messaging platforms as the
platform data management policies may not be clearly reported
[65] or data sharing with third parties may occur without
informing the user [193]. This might create an ever-increasing
digital footprint, potentially allowing for user identification
from data aggregation rather than actually identifiable
information [194].

A 2020 framework for governing the responsible use of CAs
in health care highlighted the importance of safeguarding data
privacy, including user health data, history of interactions, and
disclosure of user data even if unintended [195]. In addition,
the framework highlighted the user’s right to access their
personally identifiable information, the requirement of user
consent before recording or saving health-related data, and the
preclusion of using the stored data as a means of surveillance
or to discriminate users against health care privileges or
coverage [195].

Compliance With Data Privacy Laws

Health care CAs that collect users’ sensitive data must comply
with country-relevant data privacy laws, such as the Health
Insurance Portability and Accountability Act in the United States
[192] or the General Data Protection Regulation (GDPR) in the
EU [196]. These laws’ jurisdiction is generally limited to the
issuing country; however, the GDPR applies to any EU citizen
within or outside the EU. The GDPR, which went into effect
in 2018, is an overarching law that aims to enhance the rights
of individuals over their personal data, defined as any data that
may allow for the identification of a person on their own or
combined with other data, including pseudonymized data [196].
Alternatively, the Health Insurance Portability and
Accountability Act is industry-specific and applies only to
health-related data [197]. Other countries have adopted their
own data protection laws and regulations. In Singapore, the
Personal Data Protection Act is a baseline regulatory framework
informing the collection, distribution, and use of personal data
[198].

In addition to the aforementioned GDPR, children’s data are
generally more stringently safeguarded. For example, in the
United States, the Children’s Online Privacy Protection Act
[199] requires that verifiable parental consent be obtained by
all digital operators (not restricted to health care) collecting data
from children (aged <13 years). Similar considerations are
included within the GDPR and the Singapore Personal Data
Protection Act, with the caveat that, in some European countries,
parental consent is required for children and adolescents aged
<16 years.

Discussion

Principal Findings
We present a new conceptual framework for the design,
development, evaluation, and implementation of
smartphone-delivered, rule-based, and text-based CAs. The

DISCOVER conceptual framework includes 8 iterative steps
arranged in three main groups: (1) design, which includes
defining the goal, creating an identity, assembling the team, and
selecting the delivery interface; (2) development, which
comprises developing the content and building the conversation
flow; and (3) evaluation and implementation. User-centered
design and privacy and security were included as cross-cutting
considerations, which are relevant at every stage of the
framework.

This framework was based on the comprehensive analysis of
36 mHealth frameworks, 5 CA taxonomies, and 14 primary
studies reporting on the design and development of rule-based
health care CAs. The framework was applied in a web-based
pilot study using a CA deployed on Facebook Messenger. The
existing mHealth frameworks provided general guidelines to
develop mHealth interventions for health care, from the
characterization of the target population to evaluation, with
emphasis on the application of user-centered design techniques
in all stages of development. Concurrently, the CA taxonomies
provided focused on several aspects of CA design and evaluation
as well as the impact of design features on CA-user interactions.

Considering the multifaceted nature of embodied CAs, we
decided to focus on CAs that are nonembodied.

Comparisons With Prior Work
The existing frameworks for the design and development of
mHealth interventions provide detailed guidance in all steps of
the intervention development, starting with an understanding
of the needs and the profile of the end users through a review
of existing literature or formative research [67], and they
emphasize the need for patient and public involvement to make
the intervention as relevant to the target population as possible
[90,98]. These frameworks also described the importance of
conducting iterative evaluations to identify limitations before
testing the mHealth intervention in a larger-scale trial [28,98,99].
However, the literature on the design and development of CAs
was restricted to the development of taxonomies that were not
limited to health care describing CA design platforms [5],
classification of CAs according to the approach to conversation
design [67], characteristics of embodied agents [66], or the
impact of CA characteristics on user interactions [32]. Moreover,
the taxonomy by Denecke et al [65] referred to health care CAs,
but they focused exclusively on CA evaluation. Therefore, a
conceptual framework guiding the development of health care
CAs was needed to expand previous mHealth frameworks with
elements particularly relevant to CAs, such as personality
development, converting evidence-based content into
conversations, and using novel research designs for evaluation.
Furthermore, our framework focused particularly on the
development of the CA, including personality, display of
empathy, and disclosure of its identity as a computer-generated
entity without human involvement, and on the development of
dialogs guided by up-to-date evidence-based information
sources.

This framework described the development of rule-based CAs,
allowing the research team total control of the conversation and
dialog flow. There are several reasons for this. First, our
framework presents easy-to-follow steps that could be applied
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by smaller research teams that do not include computer science
or AI specialists or that undertake the CA development project
under restricted financial resources. Second, we aimed to
provide guidance for the development of goal-oriented CAs
aimed at delivering health education content or simple
interventions aimed at improving healthy lifestyle choices or
self-management behavior and, therefore, prioritize control over
the conversation content using a rule-based paradigm, albeit
less engaging, over AI algorithms that have yet to become truly
explainable.

Implications for Future Research
Future research should apply the DISCOVER conceptual
framework to the development of CAs offering behavior change
interventions aimed at different specialties, settings (hospital
or outpatient), target groups, and cultures. Moreover, although
the use of theories in the design of behavior change interventions
is favored and may increase the effectiveness of the intervention
[77,200], it is still unclear which behavior change theories or
techniques are better suited for CA-led interventions.
Alternatively, because of the interactive nature of CAs, it would
be appropriate to assess whether behavior change interventions
previously proved effective in traditional face-to-face settings
are equally effective when led by a CA.

Although the concepts of identity creation, conversational flow,
and delivery are important, their relative relevance to varying
target populations is still unknown. In addition, more research
on the assessment of health care chatbot interventions can help
inform the ideal health-related outcome measures and digital
data sets required for a comprehensive evaluation. Finally,
although this framework is comprehensive and many
components may apply to AI CAs, a separate framework is
needed to describe specific aspects relevant to AI CAs, such as
dialog development using machine learning or natural language
processing techniques, voice versus text parsing, and many
others.

Strengths
This is, to the best of our knowledge, the first conceptual
framework outlining the steps required to develop a
smartphone-delivered, rule-based health care CA offering clear
yet comprehensive guidelines to accommodate health care
researchers with varying computer science expertise.

The DISCOVER framework builds on an analysis of existing
mHealth frameworks and a stringent analysis of rule-based CA
literature complemented by the team’s demonstration of its
applicability in the development of a rule-based CA to support
lifestyle changes in people at risk of developing diabetes.

Limitations
Much of the information provided is anecdotal or derived from
research conducted on SMS text messaging and other mHealth
interventions because of the scarcity of research on the
evidence-based development of rule-based CAs for health care.
Therefore, this framework provides an overview of the main
steps required to develop a rule-based CA.

The descriptions and examples presented in the conceptual
framework focused on CA interventions for end users to support
either a healthy lifestyle or the management of a chronic
condition, as derived from the literature reviews and our
experience developing a CA. Nevertheless, the design and
development principles discussed in this study could apply to
other relevant user groups such as caregivers and health care
professionals.

Furthermore, this framework is focused on rule-based CAs and,
although it may guide researchers in the development of
particular aspects of AI CAs, it does not provide guidance on
the development of AI-based conversations. In addition, the
economic, social, and behavioral characteristics of different
populations may limit its generalizability.

Conclusions
The interest in and potential for CAs in health care are growing,
but guidelines to design, develop, evaluate, and implement these
interventions are currently lacking. Drawing on published
evidence, the DISCOVER conceptual framework provides the
first attempt to fill this void. The process was divided into 8
iterative steps arranged in 3 overarching groups and
complemented by 2 cross-cutting considerations. Future research
should explore aspects of CA development such as the use of
behavior change theories and privacy and safety concerns.
Further evaluation of this framework in diverse health care areas
and settings and for a variety of users is needed to demonstrate
its validity.
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Abstract

Background: Approximately 800 million people, representing 11% of the world’s population, are affected by mental health
problems. The COVID-19 pandemic exacerbated problems and triggered a decline in well-being, with drastic increase in the
incidence of conditions such as anxiety, depression, and stress. Approximately 20,000 mental health apps are listed in mobile
app stores. However, no significant evaluation of mental health apps in French, spoken by approximately 300 million people,
has been identified in the literature yet.

Objective: This study aims to review the mental health mobile apps currently available on the French Apple App Store and
Google Play Store and to evaluate their quality using Mobile App Rating Scale–French (MARS-F).

Methods: Screening of mental health apps was conducted from June 10, 2022, to June 17, 2022, on the French Apple App Store
and Google Play Store. A shortlist of 12 apps was identified using the criteria of selection and assessed using MARS-F by 9
mental health professionals. Intraclass correlation was used to evaluate interrater agreement. Mean (SD) scores and their distributions
for each section and item were calculated.

Results: The highest scores for MARS-F quality were obtained by Soutien psy avec Mon Sherpa (mean 3.85, SD 0.48), Evoluno
(mean 3.54, SD 0.72), and Teale (mean 3.53, SD 0.87). Mean engagement scores (section A) ranged from 2.33 (SD 0.69) for
Reflexe reussite to 3.80 (SD 0.61) for Soutien psy avec Mon Sherpa. Mean aesthetics scores (section C) ranged from 2.52 (SD
0.62) for Mental Booster to 3.89 (SD 0.69) for Soutien psy avec Mon Sherpa. Mean information scores (section D) ranged from
2.00 (SD 0.75) for Mental Booster to 3.46 (SD 0.77) for Soutien psy avec Mon Sherpa. Mean Mobile App Rating Scale subjective
quality (section E) score varied from 1.22 (SD 0.26) for VOS – journal de l’humeur to 2.69 (SD 0.84) for Soutien psy avec Mon
Sherpa. Mean app specificity (section F) score varied from 1.56 (SD 0.97) for Mental Booster to 3.31 (SD 1.22) for Evoluno.
For all the mental health apps studied, except Soutien psy avec Mon Sherpa (11/12, 92%), the subjective quality score was always

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e41282 | p.118https://mhealth.jmir.org/2022/10/e41282
(page number not for citation purposes)

Carrouel et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:florence.carrouel@univ-lyon1.fr
http://www.w3.org/Style/XSL
http://www.renderx.com/


lower than the app specificity score, which was always lower than the MARS-F quality score, and that was lower than the rating
score from the iPhone Operating System or Android app stores.

Conclusions: Mental health professionals assessed that, despite the lack of scientific evidence, the mental health mobile apps
available on the French Apple App Store and Google Play Store were of good quality. However, they are reluctant to use them
in their professional practice. Additional investigations are needed to assess their compliance with recommendations and their
long-term impact on users.

(JMIR Mhealth Uhealth 2022;10(10):e41282)   doi:10.2196/41282

KEYWORDS

mobile apps; behavior change; mental; prevention; mobile health; mHealth; lifestyle; French; well-being

Introduction

Approximately 800 million people, representing 11% of the
world’s population, are affected by mental health problems [1].
In addition, the COVID-19 pandemic exacerbated problems
and triggered a decline in well-being, with a drastic increase in
the incidence of conditions such as anxiety, depression, and
stress [2]. However, within the World Health Organization’s
classification of mental, behavioral, and neurodevelopmental
disorders (International Classification of Diseases–11), a broad
spectrum of mental conditions exists, varying from mild,
one-time disorders to severe, chronic, and disabling disorders
[3]. Similarly, the mental well-being concept encompasses more
than the absence of mental health disorders and symptoms and
may include psychological parameters such as subjective
autonomy, well-being, personal fulfillment, and positive
relationships [4]. There is growing recognition that mental health
and mental well-being are distinct entities with specific
determinants [5]. Preserving positive identity, maintaining good
self-esteem, being able to control and adapt to one’s own life,
and preventing social isolation and solitude are all positive
aspects of well-being that can contribute to optimizing autonomy
[6,7].

Mental disorders are a real public health problem [8]. Each year,
approximately 20% of adults are affected by anxiety disorders
[9]. Depression affects >300 million people worldwide [10,11].
In France, the mental health of French adults deteriorated
between 2015 and 2020, partly because of the COVID-19 crisis,
as indicated by a longitudinal study of adults [12]. French adults
were more affected by depressive or anxiety symptoms. In
addition, in recent years, the number of workers reporting
complaints of severe stress has increased. Thus, stress is one of
the most common occupational health problems. In Europe, the
prevalence of men and women reporting work-related stress
always or most of the time is 26% and 27%, respectively [13].
Stress at an early stage of working life can contribute to burnout,
depression, and unfavorable work outcomes in later life,
depending on the life course perspective [14,15]. Various
psychosocial interventions have been suggested to overcome
stress, such as relaxation, mindfulness practices, or social
engagement, ideally performed in groups [16,17].

New technologies have the potential to overcome these
challenges by providing large-scale health literacy programs,
low-threshold approaches [18], or education for the population
and health care workers [19]. In this sense, disruptive
technologies provide a fantastic opportunity for enhancing

mental health approaches [20]. Beyond supporting people with
mental disorders, apps can also be used to improve their overall
well-being by encouraging behavior changes, including the
practice of meditation and mindfulness. Mobile apps related to
mental health are known as mental health apps and vary in type
and number [21]. In 2022, global spending on mental health
mobile apps is estimated, not including China, to be
approximately US $500 million [22]. Currently, there are
reportedly up to 20,000 mental health apps [22].

Growing digital device use for mental health support also
suggests mental health apps as a possible pertinent aspect for a
proactive mental health and wellness model in the coming years
[23]. Apps that capture the user’s moods or emotional conditions
and then deliver information have significant and positive
support, as do apps offering regular, short meditation sessions
[24]. Mental health apps promote positive mental health and
well-being, involving a decrease in symptoms of mental health
conditions such as anxiety, stress, and depression. Mental health
apps have the potential to be effective in improving the
symptoms of certain mental disorders [25] and to improve
well-being [26] and life satisfaction, with a more effective
emotional management [21,24]. During the first 10 months of
2020, consumers spent a record of US $1.1 billion on wellness
apps worldwide [22].

Nevertheless, no exploratory studies, which identify the
development and application trends of evidence-based apps on
topics such as outcomes of mental health or well-being apps,
are currently available [25]. Further comprehensive validation
and evaluation of these apps from a clinical perspective is
needed [27].

The study aimed to review the mental health mobile apps
currently available on the French Apple App Store and Google
Play Store and to evaluate their quality using Mobile App Rating
Scale–French (MARS-F).

Methods

Selection of the French Mobile Health Apps
Mental health–related apps were screened in the French App
Store (iPhone Operating System [iOS]) and in the French Google
Play Store (Android) from June 10, 2022, to June 17, 2022, by
2 academic researchers. The following search terms were used:
“bien être mental” (mental well-being), “santé mentale” (mental
health), and “bien être” (well-being). Each search term was
introduced separately in the Apple App Store and Google Play
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Store because no truncation or use of logic operators (AND,
OR, and NOT) was possible.

Each researcher eliminated duplicate apps by cross-checking
the names of apps and developers. Then, both researchers
checked that they had the same list of apps and downloaded
them. They checked the following inclusion criteria: (1) mainly
in the French language, (2) mental well-being as subject matter,
(3) targeting adult users, and (4) self-personalized programs.
The exclusion criteria were apps (1) focusing on content
unrelated to mental health services, such as mental training,
yoga, physical activity, and nutrition; (2) targeting people with
specific disorders such as suicidal tendencies, eating disorders,
or addiction; and (3) providing a single function only.

Selection of Mental Health Professionals
The inclusion criteria for raters were the following: (1) mental
health professional and (2) practicing at a hospital or performing
private clinical activity in France. The exclusion criteria were
(1) not having a mobile phone; (2) not being able to download
apps from the Apple or Google stores; (3) never having used a
mobile app; and (4) having hearing, visual, or motor disabilities.

Selection of a Standardized Rating Scale for Mobile
Apps
MARS-F [28] was used in this study. The first part of this scale,
named App classification, includes the main characteristics of
the app, such as the name, version, developer, focus or target,
theoretical background or strategies, age group, and so on. This
part was reviewed by the 2 academic researchers. The Mobile
App Rating Scale (MARS) scale is composed of a main part
(23 items organized into 5 sections, named A, B, C, D, and E)
and an additional part (section F with 6 items).

Section A (engagement section; 5 items) determines whether
the app is interesting, fun, customizable, and interactive (sends
alerts, feedback, reminders, and messages and allows sharing).
Section B (functionality section; 4 items) analyzes the app
operation, ease of learning, flow logic, navigation, and gestural
design of the app. Section C (aesthetics section; 3 items) focuses
on the graphic design of the app, color palette, overall visual
appeal, and stylistic consistency. Section D (information quality;
7 items) assesses whether the app contains high-quality
information (feedback, text, references, and measurements)
from a credible source. Section E (subjective section; 4 items)
determines the interest of the user in the app. Section F (mobile
app specificities; 6 items) analyzes the point of view of mental
health professionals regarding the effect of selected apps on
knowledge, possible changes in user attitudes and intentions to
change, and probability of changing the identified targeted
behaviors. In our study, the targeted health behavior was mental
well-being.

Each item was rated on a 5-point Likert scale (1=strongly
disagree to 5=strongly agree). The score for each section was
obtained by calculating the mean score of the items. The mean
of section scores (sections A, B, C, and D) corresponds to the
overall quality MARS score. The mean score of section E
corresponds to the subjective quality score, and the mean score
of section F evaluates the specificities of the app. The scores

range from a minimum of 1 (poor quality) to a maximum of 5
(high quality).

Methodology of Evaluation

Training of the Raters
The raters were 9 mental health professionals (Multimedia
Appendix 1). Before rating the mental well-being apps, the
raters had to train in the use of MARS-F. For this, they viewed
a training video in French (available on request to the
corresponding author), which was developed for MARS-F [28]
and adapted from the English training video of Stoyanov et al
[29]. In this video, each item and answer is explained based on
examples. At the end of the video, a training exercise with an
app not included in the sample of the study was proposed. The
raters downloaded the app, tested it for at least 10 minutes,
completed MARS-F, and then compared their results with those
in the video. When the individual score for an item differed by
>2 points, the raters discussed until a consensus was reached
to ensure that they had the same understanding.

Evaluation of the Selected Apps by the Raters
The mental health apps were evaluated by the 9 mental health
professionals during the month of July 2022. They downloaded
all the included apps, used each app for at least 10 minutes, and
immediately evaluated the app using a web-based MARS-F
questionnaire.

Statistical Analysis
To assess interrater reliability, the intraclass correlations (ICCs;
2-way random, average measures and absolute concordance)
were calculated [30,31]. For each item, each section, and
MARS-F quality score (sections A, B, C, and D), the 95% CIs
were calculated. On the basis of the 95% CI of the ICC estimate,
values <0.5, between 0.5 and 0.75, between 0.75 and 0.9, and
>0.90 are indicative of poor, moderate, good, and excellent
reliability, respectively [31]. Mean values and SDs were
calculated for each item and each mental health app section
(presented as mean [SD]). Owing to missing values, item 19
was excluded from all analyses, and the mean for section D was
adjusted accordingly.

To assess the differences between the quality of the apps, by
item and by section, box plots were generated. The points that
appear on either side of the boxes are calculated using 1.5 times
the IQR (the distance between the first and third quartiles) to
highlight the extreme values.

To provide an overview of the average scores for each item
(row) and each app (column), a heat map was constructed. The
color gradients represent whether the score is low (near 1
[yellow]) or high (near 5 [green]).

To assess the correlation between average quality and subjective
item 23 (“What is your overall star rating of the app?”), the
Pearson coefficient (r) was calculated. To provide a complete
overview of the popularity of each mobile app and the number
of reviewers, the number of stars awarded by users in the iOS
and Android stores was reported.

Statistical analyses were performed using R, with the dplyr,
psych, and ggplot2 packages from the R Project for Statistical
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Computing (version 4.1.1; R Foundation for Statistical
Computing).

Results

Selection of Mental Health Mobile Apps
The use of keywords allowed the identification of 35.51%
(408/1149) of apps from Apple App Store and 64.49%

(741/1149) of apps from Google Play Store (Figure 1). Once
the 2 lists were cross-checked according to the name of the app
and developer, 59.87% (688/1149) of the apps were common
to both systems. After a thorough review of the remaining apps’
download page and application of the inclusion and exclusion
criteria, 1.04% (12/1149) of the apps were finally selected.

Figure 1. Flowchart of mental health mobile apps selection. iOS: iPhone Operating System.

Characteristics of Mental Health Mobile Apps
Descriptive and technical information regarding the mobile
mental health apps is provided in Tables S1-S6 in Multimedia
Appendix 2. None of these apps had the same developer. An
app had a different name depending on the store (VOS – journal
de l’humeur in the Apple App Store and VOS – journal intime
in the Google Play Store), whereas all the other apps had the
same name. Of the 12 apps, 1 (8%) was fully free of charge, 8
(67%) were free with in-app purchases, and 3 (25%) were
accessible exclusively with a company code. The number of

downloads depends on the app. According to Google Play Store
(as the data were not available for the Apple store), Sanvello
was the most downloaded app, followed by VOS – journal de
l’humeur.

Table 1 presents the characteristics of the mental health mobile
apps. All the apps (12/12, 100%) targeted increasing happiness
or well-being; mindfulness, meditation, or relaxation; negative
emotion reduction; anxiety or stress; anger; behavior change;
and goal setting, whereas only 17% (2/12) of the apps targeted
alcoholism or substance use, 17% (2/12) focused on
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relationships, and another 17% (2/12) aimed at physical health.
The theoretical background and strategies of all apps were the
following: assessment; information or education; monitoring
or tracking; goal setting; advice, tips, strategies, or skills
training; cognitive behavioral therapy (CBT)—behavioral
(positive events); CBT—cognitive (thought challenging);
acceptance commitment therapy; and mindfulness or meditation.
Most mental health apps (11/12, 92%) also used monitoring or

tracking as strategies. The apps were designed for young adults
(12/12, 100%) and adults (12/12, 100%) but not for adolescents
and children (aged <12 years). All the mental health apps (12/12,
100%) allowed password protection, required log-in, sent
reminders, and needed web access to function, and 67% (10/15)
of the apps required web access to function. Of the 12 apps, 6
(50%) allowed sharing (Facebook, Twitter, etc) and 5 (42%)
had an app community.
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Table 1. Characteristics of the mental health mobile apps (N=12).

Apps, n (%)Characteristics

Focus—what the app targetsa

12 (100)Increase happiness or well-being

12 (100)Mindfulness, meditation, or relaxation

12 (100)Reduce negative emotions

12 (100)Anxiety or stress

12 (100)Anger

12 (100)Behavior change

2 (17)Alcohol or substance use

12 (100)Goal setting

2 (17)Relationships

2 (17)Physical health

Theoretical background or strategiesa

12 (100)Assessment

12 (100)Information or education

11 (92)Monitoring or tracking

12 (100)Goal setting

12 (100)Advice, tips, strategies, or skills training

12 (100)CBTb—behavioral (positive events)

12 (100)CBT—cognitive (thought challenging)

12 (100)Acceptance commitment therapy

12 (100)Mindfulness or meditation

12 (100)Relaxation

Age groupa

0 (0)Children (<12 years)

0 (0)Adolescents (13-17 years)

12 (100)Young adults (18-25 years)

12 (100)Adults (>25 years)

Technical aspects of the appa

6 (50)Allows sharing (Facebook, Twitter, etc)

5 (42)Has an app community

12 (100)Allows password protection

12 (100)Requires log-in

12 (100)Sends reminders

12 (100)Needs web access to function

aParticipants could choose several answers.
bCBT: cognitive behavioral therapy.

Reliability of the Evaluation
The ICC, calculated based on the 12 apps, was considered as
good, with 0.79 (95% CI 0.73-0.83) for the A, B, C, and D
sections. The ICC per section was good for section A (0.68,
95% CI 0.54-0.79), section B (0.62, 95% CI 0.44-0.76), section

C (0.63, 95% CI 0.42-0.78), and section D (0.81, 95% CI
0.73-0.87).
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Assessing the Quality of Content of Mental Health
Mobile Apps
MARS-F quality score for each section (sections A, B, C, and
D) and each app are presented in Figure 2 and Tables S1 and
S2 in Multimedia Appendix 3. Mean engagement scores (section
A) ranged from 2.33 (SD 0.69) for Reflexe reussite to 3.80 (SD
0.61) for Soutien psy avec Mon Sherpa. Mean functionality
scores (section B) ranged from 2.89 (SD 0.63) for VOS – journal
de l’humeur to 4.47 (SD 0.53) for Soutien psy avec Mon Sherpa.
Mean esthetics scores (section C) ranged from 2.52 (SD 0.62)
for Mental Booster to 3.89 (SD 0.69) for Soutien psy avec Mon
Sherpa. Mean information scores (section D) ranged from 2
(SD 0.75) for Mental Booster to 3.46 (SD 0.77) for Soutien psy
avec Mon Sherpa. For all mental health apps, except Sanvello
(11/12, 92%), the mean score for functionality was consistently
higher than that for the other sections.

MARS-F quality score (sections A, B, C, and D) and MARS-F
subjective quality scores (section E) for each app are presented
in Figure 3 and Table S1 in Multimedia Appendix 3. The best
MARS-F quality scores were obtained by Soutien psy avec Mon
Sherpa (mean 3.85, SD 0.48), Evoluno (mean 3.54, SD 0.72),
and Teale (mean 3.53, SD 0.47), whereas the worst quality
scores were obtained by Reflexe reussite (mean 2.59, SD 0.61),
VOS – journal de l’humeur (mean 2.55, SD 0.71), and Mental
Booster (mean 2.49, SD 0.61). Mean MARS-F subjective quality
score varied from 1.22 (SD 0.26) for VOS – journal de l’humeur
to 2.69 (SD 0.84) for Soutien psy avec Mon Sherpa. The best
subjective quality scores were obtained by Soutien psy avec
Mon Sherpa (mean 2.69, SD 0.84), Teale (mean 2.53, SD 0.91),
and Evoluno (mean 2.42, SD 1), whereas the worst quality
scores were obtained by Mental Booster (mean 1.25, SD 0.33),
Reflexe reussite (mean 1.25, SD 0.33), and VOS – journal de
l’humeur (mean 1.22, SD 0.26).

Figure 2. Qualitative evaluation of mental health mobile apps—section A: engagement, section B: functionality, section C: esthetics, and section D:
information.
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Figure 3. Qualitative (sections A, B, C, and D) and subjective qualitative (section E) evaluation of mental health mobile apps.

Assessing the Content Specificity of Mental Health
Mobile Apps
The evaluation of the specificity (section F) of the mental health
apps is summarized in Figure 4 and Table S1 in Multimedia
Appendix 3. This score (mean) ranged from 1.56 (SD 0.97) for
Mental Booster to 3.31 (SD 1.22) for Evoluno. The best

specificity scores were achieved by Soutien psy avec Mon
Sherpa (mean 2.59, SD 0.92), Teale (mean 3.20, SD 0.90), and
Evoluno (mean 3.31, SD 1.22), whereas the worst quality scores
were obtained by Mental Booster (mean 1.56, SD 0.97), Reflexe
reussite (mean 1.57, SD 0.76), and VOS – journal de l’humeur
(mean 1.65, SD 1.02).
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Figure 4. App-specific scores of mental health mobile apps (section F).

Evaluation of the Strengths and Weaknesses of Each
App
The app-specific score (section F) was always lower than the
subjective quality score (section E), which was always lower
than the MARS-F quality score (sections A, B, C, and D), except
for Soutien psy avec Mon Sherpa. This score was lower than
the rating from Apple App Store or Google Play Store, when
the apps are rated in the stores (Multimedia Appendix 2).

The graphical comparison of the average scores for each item
and each app (Table S2 in Multimedia Appendix 3) is shown
in the heat map (Figure 5). The weakness of the quality score

(sections A, B, C, and D) was mainly owing to sections A and
D, except for Coach et Moi, Evoluno, Livewell - Your health
partner, and Soutien psy avec Mon Sherpa. More particularly,
in section D, the worst scores were observed for the credibility
of the app (item 18), except for Coach et Moi, Soutien psy avec
Mon Sherpa, and Teale, with mean 2.78 (SD 1.30), mean 2.78
(SD 0.83), and mean 2.56 (SD 0.73), respectively. The
subjective quality (section E) was affected by the weak score
regarding the price of the app (item 22). For the specificity of
the apps (section F), no real weakness was observed because
all the apps had similar item scores. It should be noted that
Evoluno and Soutien psy avec Mon Sherpa obtained the highest
scores.
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Figure 5. Heat map of the average scores for each item and each app. The colors are related to the scores and range from yellow (1=worst score) to
green (5=best score).

Correlation Between MARS-F Score and Star Rating
The correlation between the MARS-F quality score (sections
A, B, C, and D) and MARS-F overall star rating (item 23: “What
is your overall star rating of the app?”) was considered as good
(r=0.86; P<.001). The MARS-F quality score was higher than
the MARS-F overall star rating for all the mental health apps
tested (12/12, 100%). Correlation analysis between the MARS-F

quality score of the apps and their respective star rating in the
mobile app stores was limited by the availability of star rating
in the stores and discrepancies among the number of raters. The
store ratings were high compared with the MARS-F quality
score. These user ratings fluctuate from 2.7 (VOS – journal de
l’humeur) to 4.8 (Alan Mind: thérapie bien-être) for the iOS
store and from 3.2 (Coach et Moi) to 4.6 (Envol - Pleine santé)
for the Android store (Table 2).
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Table 2. MARS-Fa overall star rating, overall quality MARS-F score, star rating in the Apple App Store, and star rating in the Google Play Store.

Google Play Store, star
rating; number of raters

Apple App Store, star rat-
ing; number of raters

MARS-F quality score (sections
A, B, C, and D), mean (SD)

MARS-F overall star rat-
ing (item 23), mean (SD)

Apps

4.2; 1254.8; 32173.22 (0.56)2.44 (0.53)Alan Mind: thérapie bien-
être

3.2; 324.6; 283.47 (0.55)2.89 (1.27)Coach et Moi

4.6; 1564.8; 303.23 (0.97)2.67 (1.41)Envol - Pleine santé

N/AN/Ab3.54 (0.72)3.00 (1.22)Evoluno

3.6; 20004.2; 2692.97 (0.49)1.78 (0.44)goalmap: objectifs bien etre

N/AN/A3.28 (0.73)2.44 (1.13)Livewell - Your health part-
ner

N/A3.1; 112.49 (0.61)1.67 (0.71)Mental Booster

4; 284.4; 102.59 (0.61)1.67 (0.71)Reflexe reussite

4.2; 23,0004.3; 3393.18 (0.54)2.22 (1.09)Sanvello

4.3; 10004.6; 14093.85 (0.48)3.67 (1.00)Soutien psy avec Mon Sher-
pa

4.3; 144.2; 173.53 (0.47)3.22 (1.09)Teale

4.4; 16,0002.7; 142.55 (0.71)1.78 (0.83)VOS – journal de l’humeur

aMARS-F: Mobile App Rating Scale–French.
bN/A: not applicable.

Discussion

Principal Findings
Mental health apps aim to improve mental health and wellness,
whether in terms of curing a mental illness or implementing
habits to improve emotional health [32]. A public survey showed
that 76% of the respondents would like to have access to free
apps to self-manage and self-monitor their mental health [33].
Thus, mental health apps can play a critical role in mental health
care [34]; making mental health care accessible; and reducing
barriers to help-seeking, as few people with mood or anxiety
problems seek professional help. In addition, geographic,
financial, or social constraints may make it difficult to access
support [21].

Mental health apps cover all stages of clinical care delivery,
including prevention, diagnosis, primary treatment [35], and so
on. Our study focused on mental health well-being apps that
were consistent with health promotion. Thus, we included apps
that enabled users’ mental health self-management and that did
or did not offer appointments with mental health professionals.
We excluded apps whose only purpose was to schedule
appointments with mental health professionals, because their
focus was more treatment-oriented. Screening of mental health
apps available in the French iOS and Android stores led to the
inclusion of 12 apps. In Singapore, screening of iTunes and
Google Play Store led to inclusion of 44 mental health apps
[36]. Compared with our study, they used more keywords, and
several of them were related to COVID-19. In China, the
screening permitted to select 40 apps, but the authors screened
the apps in Apple App Store (for iOS apps), Tencent My App,
and Huawei App Gallery (for Android apps), and they selected
apps in the Chinese language [37]. In our 2 previous studies

using the same methodology but focusing on the risk factors of
noncommunicable diseases, 15 apps related to nutrition [38]
and 9 apps related to oral hygiene [39] were included.

All the included apps aimed to increase happiness, well-being,
mindfulness, meditation, and relaxation and reduce negative
emotions, anxiety, stress, and anger. Some apps additionally
targeted alcohol or substance use (Livewell - Your health partner
and Teale), relationships (Livewell - Your health partner and
VOS – journal de l’humeur), or physical activity (goalmap:
objectifs bien etre and Livewell - Your health partner). These
mental health apps mainly used CBT, acceptance commitment
therapy, and mindfulness or mediation to reach their goals. The
use of CBT in mental health apps was one of the
recommendations of Bakker et al [21]. CBT is a form of
collaborative, individualized psychological treatment that is
recognized as the most sustained approach for generating
behavioral, cognitive, and emotional adaptation to a wide range
of common psychological problems [40]. Several studies have
concluded that CBT is an effective treatment for a wide range
of psychological disorders, which can be administered via a
mobile device and still retain its therapeutic validity [21].
Moreover, CBT can also prevent psychological problems from
becoming worse [41-43].

The MARS-F quality score was >2.5, for all the mental health
apps tested, except for Mental Booster (11/12, 92%; mean 2.49,
SD 0.61). Mean score ranged from 2.49 (SD 0.61) to 3.85 (SD
0.48). Similar scores were observed for apps related to nutrition
available in France (mean 3.34, SD 0.39 to mean 3.84, SD 0.32)
[38] and oral hygiene (mean 1.80, SD 0.79 to mean 3.4, SD
0.97) [39]. Soutien psy avec Mon Sherpa, which obtained the
highest score (mean 3.85, SD 0.48), had the particularity of
offering real-time interactions with an artificial
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intelligence–enabled chatbot to collect and record daily mood.
Thus, the user can develop a relationship with the chatbot,
similar to the one observed between a therapist and their patient,
which involves collaborative empiricism [44]. The 2 apps
(Evoluno: mean 3.54, SD 0.72 and Teale: mean 3.53, SD 0.47)
that received the highest MARS-F scores had a different
concept. They provided some information to the user (resilience,
stress, anxiety, negative thoughts, etc) in the form of a podcast
(Evoluno) or videos (Teale). Evoluno proposed to evaluate the
user (sleep quality, risk of burnout, depression, etc) and
suggested breathing exercises. Teale proposed to set goals for
the user (self-control, self-esteem, self-fulfillment, etc) with
various activities (meditation, breathing, writing, etc) to reach
them. Moreover, these 2 apps permitted to contact mental health
professionals.

The functionality (section B) was the strength for all the apps
tested, except for Sanvello (11/12, 92%). Our previous studies
demonstrated that it was also the strength of French
nutrition–related and oral hygiene–related apps [38,39].
Information quality (section D) was the weakness of all the
apps, except 4 apps (8/12, 67%; Alan Mind: thérapie bien-être,
Coach et Moi, goalmap: objectifs bien etre, and Livewell - Your
health partner). The weak point of Coach et Moi was the
aesthetics (section C), which was not observed for any of the
French apps related to nutrition or oral hygiene included in our
previous studies [38,39]. The worst score in section D was
observed for the credibility of the app because the mental health
professionals identified the source of information, but they
evaluated that its validity or reliability was questionable (eg,
commercial enterprise with vested interest). In addition, as the
level of scientific evidence is difficult to assess, mental health
professionals chose “N/A The application has not been tested”
in most cases to answer item 19, which therefore could not be
included in the statistical analysis. To our knowledge, of the 12
apps, only 1 (8%) app included in this study (Sanvello) was
indexed in PubMed [45-48]. Myers et al [45] evaluated apps
for depression self-management, Mehdi et al [46] evaluated
apps for Tinnitus, and Lau et al [47] evaluated apps for mental
health. In these 3 studies, the observed MARS scores for
Sanvello were 4.6, 4.6, and 4.28, respectively, which were
higher than those observed in our study (mean 3.18, SD 0.54).
This difference could be explained by the fact that, in these
studies, the number of raters was 2 [45,47] or 4 [46] at most.

The MARS-F quality score (sections A, B, C, and D) was higher
than the specificity of the app (section F), which was higher
than the subjective quality (section E), except for Soutien psy
avec Mon Sherpa. For this app, the specificity of app (section
F) obtained the low score. The subjective quality score (section
E) was >2.5 only for Soutien psy avec Mon Sherpa (mean 2.69,
SD 0.84) and Teale (mean 2.53, SD 0.91). For all the apps tested
(12/12, 100%), the main problem was the cost, because mental
health professionals declared that they will not pay for this app.
The specificity of the apps (section F) assessed the perceived
impact of the app on the user’s knowledge, attitudes, intent to
change, and likelihood of actual change regarding mental health.
Only 50% (6/12) of the mental health apps included obtained
a score >2.5 for this section. Evoluno (mean 3.31, SD 1.22),
Teale (mean 3.20, SD 0.90), and Coach et Moi (mean 2.89, SD

0.95) obtained the best scores, followed by Livewell - Your
health partner (mean 2.78, SD 1.12), Alan Mind: thérapie
bien-être (mean 2.67, SD 0.72), and Soutien psy avec Mon
Sherpa (mean 2.59, SD 0.92). These results can be explained
because professionals preferred apps containing information
that promotes mental health and well-being than a chatbot.

In contrast to previous studies on French nutrition–related [38]
and oral hygiene–related [39] apps, the star rating score from
the iOS and Android stores was always lower than the subjective
quality score (section E). This difference may be explained by
the fact that, when the mental health apps were evaluated in the
stores, they were evaluated by a very small number of
evaluators, which is in contrast to the nutrition and oral hygiene
apps, which were evaluated by a large number of evaluators.
The difference between the star rating score and subjective
quality score was owing to the fact that the evaluations in the
mobile app stores are made by all the users, whereas the
evaluation in this study was made by mental health professionals
using the MARS-F. Thus, it could be interesting to evaluate the
same apps using the user version of the MARS (uMARS) that
is designed for users to compare the results.

Limitations
This study has several limitations. First, only mental health apps
available on both French Apple App Store and Google Play
Store were included, even though several other stores could be
investigated (Huawei store, BlackBerry World, Windows Phone
Store, or Samsung store). Second, regarding the protection of
personal data, no criteria have been defined, except for password
protection to log in to the apps. This criterion is not sufficient
to prove that the user’s personal data are protected.

Third, the commercial use of mobile mental health apps was
not considered as a key criterion for assessing the acceptability
of the app to users when many mobile apps are developed by
anonymous companies but funded by large groups such as
pharmaceutical companies. Fourth, MARS was selected for this
investigation because it is the most commonly used scale in
scientific literature for the assessment of mental health apps
[38,39,47,49-59], and its use has been recommended by the
French High Authority of Health [60]. Nevertheless, other
scales, such as ENLIGHT, which also assesses mobile health
apps, could have been used [61]. Correlation and good parallel
validity between the MARS and ENLIGHT have been shown
[62]. Fifth, our study is only applicable to the French-speaking
community, where these mobile apps are available. Sixth, the
evaluation was conducted by mental health professionals,
whereas the mobile health apps were developed for the general
population. Therefore, it will be interesting to have these apps
evaluated by users, using the uMARS scale [63] that was
developed for them, and then compare the results.

Perspectives
The COVID-19 pandemic has changed the use of digital
technology in the field of mental health and, more particularly,
by mental health professionals. The pandemic has made it
possible to revisit the ways in which the most fragile people are
cared for with connected tools and to move toward an evolution
of practices [64]. Mental health apps can improve accessibility
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to mental health services and be beneficial for mental health
[32]. They have positive effects on depressive symptoms,
anxiety, and other mental health problems [65] and help
overcome some of the barriers that make it difficult to access
mental health services (stigma, cost, capacity, and geography)
[66]. Thus, this study can help mental health professionals and
mobile app users to choose the best mental health apps available
in France, in terms of quality.

Health care professionals generally have a different perspective
than users. Thus, it may be interesting to have the mental health
apps studied in this study evaluated by users via the uMARS
scale and then compared.

This study qualitatively assessed mental health–related apps
but did not focus on content analysis of the included apps. A
review of the literature specific to apps supporting mental health
and wellness concluded that apps for bipolar disorder were
cost-effective and convenient but that most of them did not
provide information on all the core principles of
psychoeducation and did not adhere to best practice guidelines
[67]. Similarly, Larsen et al [68] showed that many suicide
prevention apps were not evidence-based and determined that

some apps may be more harmful than helpful. They found that
some apps included potentially extremely harmful content
describing or supporting access to lethal means, encouraging
people to end their lives, and presenting suicide in a trendy
manner [66]. Moreover, as many apps are developed for
commercial purposes, ethical questions arise regarding the use
of personal data. Therefore, additional studies analyzing the
content of the apps are needed.

Furthermore, the implementation of randomized clinical trials
or longitudinal studies including the 12 mental health apps
selected in this study should allow for the analysis of the change
in mental health status after the use of the apps.

Conclusions
Mental health professionals assessed that, despite the lack of
scientific evidence, the mental health mobile apps available on
the French Apple App Store and Google Play Store were of
good quality. However, they are reluctant to use them in their
professional practice. Additional investigations are needed to
assess their compliance with recommendations and their
long-term impact on users.
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Abstract

Background: Some studies on weight loss promotion using smartphone apps have shown a weight loss effect but not an increase
in physical activity. However, the long-term effects of smartphone apps on weight loss and increasing physical activity have not
been rigorously examined to date.

Objective: The aim of this study was to assess whether the use of a smartphone app will increase physical activity and reduce
body weight.

Methods: In this parallel randomized clinical trial, participants recruited between April 2018 and June 2019 were randomized
in equal proportions to a smartphone app group (n=55) or a control group (n=54). The intention-to-treat approach was used to
analyze the data from December 2019 through November 2021. Before the intervention, an hour-long lecture on weight loss
instruction and increasing physical activity was conducted once for both groups. Participants in both groups were instructed to
weigh themselves immediately after waking up at least once daily from the start of the intervention. Monthly emails were sent
advising the participants in both groups on how to lose weight and increase physical activity in order to maintain or increase
motivation. Participants in the smartphone app group were instructed to open the app at least once a day to check their step count
and rank. The primary outcome was daily accelerometer-measured physical activity (step count) and the secondary outcome was
body weight. Since there was a significant difference in the wear time of the accelerometer depending on the intervention period
(P<.001), the number of steps and moderate-to-vigorous physical activity were also evaluated per wear time.

Results: The mean age of the 109 participants in this study was 47 (SD 8) years. At baseline, the mean daily total steps were
7259 (SD 3256) steps per day for the smartphone app group and 8243 (SD 2815) steps per day for the control group. The difference
in the step count per wear time between preintervention and postintervention was significantly different between the app group
and the control group (average difference [95% CI], 65 [30 to 101] steps per hour vs –9 [–56 to 39] steps per hour; P=.042). The
weight loss was –2.2 kg (SD –3.1%) in the smartphone app group and –2.2 kg (SD –3.1%) in the control group, with no significant
difference between the groups. In addition, when divided into weekdays (Monday through Friday) and weekends (Saturday and
Sunday), there was a significant interaction between step counts (P=.004) and MVPA (P=.003) during the intervention, with the
app group showing higher interaction on weekends than the control group.

Conclusions: In this trial, the group with the smartphone app intervention showed increased physical activity, especially on
weekends. However, this increased physical activity did not lead to increased weight loss.
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Trial Registration: University Hospital Medical Information Network UMIN000033397;
https://center6.umin.ac.jp/cgi-open-bin/ctr_e/ctr_view.cgi?recptno=R000037956

(JMIR Mhealth Uhealth 2022;10(10):e35628)   doi:10.2196/35628

KEYWORDS

step counts; weight loss; smartphone app; step count–specific mobile app; physical activity; moderate-to-vigorous intensity
physical activity; lifestyle intervention; mHealth; mobile app: mobile phone

Introduction

Background
Physical inactivity–related deaths contribute to US $13.7 billion
in productivity losses, and physical inactivity is responsible for
13.4 million disability-adjusted life-years worldwide [1].
Conversely, higher levels of total physical activity at any
intensity and less time spent sedentary are associated with a
substantially reduced risk of premature mortality [2]. Increasing
the amount of physical activity is also effective for weight loss
[3,4]. Despite the many health benefits of physical activity,
most Japanese adults do not meet the current recommendations
for physical activity when assessed using objective measures
[5]. Wearing a pedometer encourages increased step count in
both the short and long terms [6,7]. A study [8] has shown that
those who increased their daily steps over the monitoring period
had a substantial reduction in mortality risk. A pedometer-based
walking program resulted in moderate weight loss, with
participants losing an average of 0.05 kg per week during the
intervention period [9].

Recently, the use of mobile apps has led to notable success in
increasing physical activity [10,11] and in weight control or
weight reduction [12]. In particular, interventions with text
messaging and personalization features seem to be more
effective [10]. A meta-analysis showed that the use of mobile
apps had a positive effect on physical activity measures
corresponding to 1850 steps/day [10]. However, a meta-analysis
of interventions that promote weight loss by using mobile apps
showed a weight loss effect but not an increase in physical
activity [12], and several factors might limit the effectiveness
of mobile app–based physical activity interventions. First, the
duration of most intervention studies using the app is short term
(less than 6 months) and the long-term effects of such
interventions are still unclear. Second, the 7 papers reviewed
in the meta-analysis assessed physical activity by using
questionnaires, which may have been unable to assess the
change in physical activity. If physical activity can be increased
by utilizing mobile apps during weight loss support, it will lead
to an increase in energy expenditure, and further weight loss is
expected. In addition, to understand the effectiveness of mobile
apps in promoting increased physical activity during weight
loss support, it is necessary to utilize mobile apps that focus
solely on physical activity. Furthermore, body weight and
physical activity fluctuate not only seasonally but also within
the week [13,14]. Although the effect of app use on physical
activity may differ between weekends and weekdays, the
difference in the app effects has not yet been elucidated.

Objective
The purpose of this study was to determine whether using a
mobile app would promote increased physical activity and
weight loss after 32 weeks of the intervention. In addition, we
aimed to assess the intraweek variability of physical activity
during the intervention period and to evaluate the impact of
using or not using the app.

Methods

Study Design and Participants
The participants in this study were recruited using a web portal
for municipal employees according to the following inclusion
criteria: (1) age, 30-60 years, (2) gained more weight than the

weight at 20 years of age, (3) BMI>20 kg/m2, and (4) possession
of a smartphone. Participants with any disease and who could
not obtain permission from their physicians were excluded from
the study. The calculated sample size of 102 participants was
determined based on a previous study [15] investigating the
effect of using a smartphone app on increasing the number of
steps taken (effect size=0.564586, α error=.05, power=.80).
However, we recruited 110 participants based on the assumption
that approximately 10% would drop out, and 109 participants
who were finally considered for the analysis were randomized
in equal proportions to the smartphone app group (n=55) or
control group (n=54) by EY with a random number generator.
The participants were first classified by sex and then randomly
divided into 2 groups. Recruitment of the target population
occurred between April 2018 and June 2019. The 32-week
interventions were conducted twice during the same period
between June 2018 and January 2020. The last evaluation date
was set as 224 days (32 weeks) after the start of the intervention.
Assessments of the impact of the intervention on physical
activity and body weight were conducted at 10-12 weeks and
30-32 weeks from the start of the intervention. All data analyses
were performed at the Kumamoto Prefectural University. The
primary and secondary outcomes of this study were step count
(physical activity) and body weight.

Ethics Approval
This study was conducted in accordance with the guidelines of
the Consolidated Standards of Reporting Trials (CONSORT).
This study followed the guidelines of the Declaration of Helsinki
and was approved by the ethics committee for Clinical Research
of the Prefectural University of Kumamoto (approval
30-30,01-20) and the ethics committee of the National Institutes
of Biomedical Innovation, Health and Nutrition (approval
122-01). Informed consent was obtained from all the participants
in this study. The protocol was registered in the University
Hospital Medical Information Network (UMIN000033397).
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Intervention
Before the intervention, EY gave both groups 1-hour
group-based lectures on weight loss and increasing physical
activity. The in-person lecture sessions consisted of 7 domains
that focused on the following: (1) the benefits and barriers to
engaging in health behaviors, (2) the health benefits of increased
physical activity and weight loss, (3) how to calculate energy
expenditure by activity intensity, (4) the amount of energy
contained in cooked foods and seasonings, (5) how to set a goal
of +1000 steps/day (increase walking time by approximately
10 minutes) of increased step count from participants’ current
(preintervention period) daily step counts, (6) how to set a
weight loss goal of –5% from the participant’s current body
weight, and (7) healthy diet and weight maintenance. The
participants’ body weight and physical activity were measured
for 3 consecutive weeks before and during the intervention
(10-12 weeks and 30-32 weeks, respectively). Preintervention
evaluations were assessed during the 3 weeks before the
intervention began. In addition, dietary intake was assessed
during the evaluation period using a questionnaire to assess the
average amount of food consumed in the past month.
Participants in both groups were instructed to weigh themselves
immediately after waking up at least once daily from the start
of the intervention. Monthly emails were sent advising the
participants in both groups on how to lose weight and to increase
physical activity to maintain or increase motivation. In the app
group, a smartphone app (present in both Apple and Android
smartphones) capable of managing the tracking steps [16] was
downloaded by the participants before the intervention. The
number of steps taken was displayed in the app in conjunction
with the smartphone’s built-in function to evaluate the number
of steps taken. The app also displayed the information on
walking distance, energy expenditure, and vegetable intake;
however, participants were instructed to check only the number
and ranking of steps taken. Within the app, the number of steps
taken and the rank in the group could be tracked and this
information was shared with the smartphone app group.
Participants in the app group were instructed to open the app at
least once a day to check their step count and rank. Participants
in both groups wore accelerometers for 3 weeks that were only
set to display the number of steps taken immediately after the
intervention began so that they knew how many steps they were
taking each day. Participants were asked to compare their daily
activity to the feedback results to realize the amount of physical
activity that had increased by more than 1000 steps before the
intervention. In addition, physical activity and weight data
measured prior to the intervention were fed at this time. The
results of body weight and physical activity assessments at
weeks 10-12 of the intervention were fed back within 1 month;
in December, weight change results since the start of the
intervention were fed back. The target for the step counts was
to increase by at least +1000 steps/day from the preintervention
rating. No maximum goal was set and the goal was to reach
+1000 steps/day from the preintervention level, and those who
reached the goal were encouraged to at least maintain that
number of steps. For example, if the average step rating before
the intervention was 6000 steps, they were advised to reach at
least 7000 steps daily and encouraged to maintain at least 7000
steps even when the goal was reached.

Anthropometric Measurement
Height was measured using digital scales with a stadiometer to
the nearest 0.1 cm (BW-306, Yamato scale) before the
intervention period. The body weights of the participants were
measured with a body composition monitor to the nearest 50 g
(BC-308, Tanita). The participants were instructed to weigh
themselves at least once a day, and the time of weighing was
to be measured every day within an hour of waking up in the
morning, wearing as similar clothes as possible and under fasting
conditions. The measured weight and time data were recorded
on the Secure Digital card built into the body composition
monitor. BMI was calculated as weight (kg) divided by height

(in m2).

Physical Activity
Physical activity was measured for 3 weeks [17] at 1-minute
epochs by using a triaxial accelerometer (Active Style Pro HJA-
750C) [18] before and during the intervention (10-12 weeks
and 30-32 weeks, respectively). The accelerometer was worn
on their waist, except while sleeping or bathing. Physical activity
was assessed using step count and activity time based on the
intensity levels. The obtained physical activity intensity level
in each minute was classified as sedentary behavior (≤1.5
metabolic equivalents [METs]), light physical activity (1.6-2.9
METs), and moderate-to-vigorous physical activity (MVPA,
≥3.0 METs). A consecutive zero count of ≥60 minutes was
defined as nonwear time. Assessment of accelerometer data was
adopted if there was more than 600 minutes of wear time per
day. Overall participant wearing time (min/day) of the
accelerometer decreased from 940 (SD 102) min/day at baseline
to 919 (SD 118) min/day at 12 weeks and 905 (SD 125) min/day
at 32 weeks (P<.001). Thus, to account for the differences in
the wearing time, the average number of steps and MVPA per
wearing time (per hour) were calculated with reference to
previous studies [11,19]. During the measurement period (before
the intervention, 10-12 weeks, and 30-32 weeks), the
accelerometer display was set to not be able to see the amount
of physical activity for the day.

Dietary Intake
Food intake was assessed using a validated brief
self-administered diet history questionnaire [20,21]. Participants
reported the foods they consumed in the past month by selecting
the frequency of each food group and the average intake per
week. The brief self-administered diet history questionnaire
consists of questions on frequency of food and beverage
consumption, frequency of rice and miso soup consumption per
day, frequency of alcohol consumption and the percentage of
alcohol in each of the 5 alcoholic beverages, cooking methods
for the dishes eaten most often, and general eating habits. After
the participants completed the questionnaire, a dietician checked
the completed questionnaire with the participant.

Statistical Analysis
Changes in the body weight during the intervention are shown
as raw data and as a moving average over a week. The
demographic variables were assessed using independent sample
two-sided t tests for continuous data and the chi-square test for
categorical data to compare between groups. All analyses were
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performed using an intention-to-treat approach. To evaluate the
effects of using the smartphone app on physical activity and
body weight, this study used a mixed-design analysis of variance
between the participant groups (smartphone app group vs control
group) and within participant groups based on repeated
measurements (preintervention vs postintervention at 12 and
32 weeks, respectively). To assess intraweek variability in body
weight and physical activity before and during intervention,
secondary analyses included comparisons of intraweek changes
in body weight and physical activity (step count and MVPA)
by using mixed-design analysis of variance. We also estimated
the effect of the fixed model and tested its significance for the
day of the week with reference to a previous study [17]. The
data for body weight are presented in the change based on Friday
since the standard error was larger than the intraweek variation
and it is difficult to see the variation. Statistical significance
was set at P<.05. Statistical analyses were performed using the
SPSS version 22.0 software (IBM Japan Ltd).

Results

Participants and Intervention Adherence
The flowchart of the participants included in this study is shown
in Figure 1. The study protocol is illustrated in Figure 2. Two
and 3 participants dropped out from the smartphone app and
control groups, respectively, between the preintervention and

12 weeks and 1 participant in the control group dropped out at
12-32 weeks. The final dropout rate at 32 weeks was 4% (2/55)
in the smartphone app group and 7% (4/54) in the control group,
with no significant difference between the 2 groups (P=.44).
Moreover, before and after the intervention period, 3 participants
in the smartphone app group (completion rate, 52/55, 95%) and
6 participants in the control group (completion rate, 48/54, 89%)
could not be assessed because the weight and physical activity
data were only provided for a few days or due to errors in the
analysis process. Thus, the number of participants with complete
weight and physical activity data before and after the
intervention was 50 in the smartphone app group and 44 in the
control group. The proportion of those in the smartphone app
group who checked the app at least once a day during the
intervention period was 73.4% (overall: 80.1% at the start of
intervention to 12 weeks and 73.6% at 12 to 32 weeks). During
the 32-week intervention period, the average number of days
with at least one weight measurement per day was 187 in the
smartphone app group and 185 in the control group. The trends
in the weight, BMI, fasting blood glucose level, and hemoglobin
A1c level of the 102 participants with the results of physical
examinations for the past 10 years and the intervention year are
shown in the Multimedia Appendix 1. The year in which the
intervention was implemented is shown as zero. The participants
tended to gain weight and BMI over the years, and their
glycemic status worsened.

Figure 1. Study flow diagram.
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Figure 2. Study protocol. Wk: weeks.

Intervention Effects
The baseline data of the 109 participants by their group are
shown in Table 1. Figure 3 shows the change in the body weight
during the intervention period from June to the end of January
(32 weeks) in the years 2018-2020. After 32 weeks of
intervention, the weight loss was –2.2 kg (SD –3.1%) in the
smartphone app group and –2.2 kg (SD –3.1%) in the control
group, with no significant difference between the groups.
Intraweek variations in the body weight before the intervention
are shown in Figure 4. Before the intervention, there was no
significant interaction (group × day of the week) in body weight
(Figure 4A), step count (Figure 4B), and MVPA (Figure 4C)
between the groups (P>.05).

The effects of the intervention on body weight and physical
activity before and after the intervention are shown in Table 2.
The step count per wear time and MVPA per wear time showed
a significant interaction between the groups (P=.04 and P=.03,

respectively). Similar results were obtained for the per-protocol
set. The intraweek variations in body weight, step count, and
MVPA with or without wear time during the intervention period
are shown in Figure 5. There was a significant interaction (group
× day of the week) in the step count and MVPA per wear time
between the groups (P=.01 and P=.007, respectively), and the
step counts on Saturdays and Sundays in the smartphone app
group were higher than those in the control group (P<.05). In
addition, when divided into weekdays (Monday through Friday)
and weekends (Saturday and Sunday), there was a significant
interaction between step counts (P=.004) and MVPA (P=.003)
during the intervention, with the app group showing higher
interaction on weekends than the control group. In the analysis
including both groups, the correlations between change in step
counts and change in energy intake (r=–0.141) and weight loss
(r=–0.026) were not statistically significant; however, there was
a significant correlation between dietary intake and weight loss
(r=0.198, P=.048).
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Table 1. Baseline information of the participants (N=109).

P valueControl group

(n=54)

Smartphone app group

(n=55)

General characteristics

.8524 (44)26 (47)Women, n (%)

.9347 (8)47 (8)Age (years), mean (SD)

.6970.0 (13.0)71.0 (13.9)Body weight (kg), mean (SD)

.4625.3 (3.6)25.9 (4.1)BMI (kg/m2), mean (SD)

.098243 (2815)7259 (3256)Step counts (steps/day), mean (SD)

.11603.5 (109.5)571.5 (99.6)Activity time of 1.5 METsa (min/day), mean (SD)

.37289.3 (69.6)302.2 (79.9)Activity time of 1.6-2.9 METs (min/day), mean (SD)

.1861.5 (23.8)55.2 (25.2)Activity time of over 3.0 METs (min/day), mean (SD)

.3162.9 (6.6)61.4 (8.7)Activity time of 1.5 METs (%), mean (SD)

.1330.5 (6.2)32.7 (8.0)Activity time of 1.6-2.9 METs (%), mean (SD)

.256.6 (2.6)6.0 (2.7)Activity time of over 3.0 METs (%), mean (SD)

.231857 (624)2005 (649)Energy intake (kcal/day), mean (SD)

.0815.5 (2.6)14.6 (2.9)Protein (%), mean (SD)

.2928.9 (5.6)27.8 (5.1)Fat (%), mean (SD)

.1655.5 (7.6)57.6 (7.1)Carbohydrate (%), mean (SD)

Self-reported cardiovascular risk factors, n (%)

.7022 (41)25 (45)Overweight/obeseb

>.997 (13)8 (15)Obesec

.766 (11)5 (9)Hypertension

.214 (7)1 (2)Dyslipidemia

>.990 (0)1 (2)Diabetes

.275 (9)2 (4)Current smoker

aMET: metabolic equivalent.
bBMI≥25 kg/m2.
cBMI≥30 kg/m2.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e35628 | p.140https://mhealth.jmir.org/2022/10/e35628
(page number not for citation purposes)

Yoshimura et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 3. Changes in body weight during the intervention period (32 weeks). The change in the body weight of the participants is shown by the solid
line for the smartphone app group and the dotted line for the control group. (A) Values are shown as average and (B) as the moving average over 1
week. The change in body weight before and after the intervention (preintervention, 12 weeks, and 32 weeks) was not significantly different between
the groups.

Figure 4. Intraweek variation in (A) body weight, (B) step counts, and (C) moderate-to-vigorous physical activity before the intervention. Missing data
were taken into account and analyzed using two-way repeated measures mixed analysis of variance to examine the interaction between the groups.
Values are presented as means and standard errors. MVPA: moderate-to-vigorous physical activity.
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Table 2. Intervention effects on body weight, physical activity, and dietary intake before and after intervention.

Group ×

interac-
tion, P
value

Control groupSmartphone app group

32 weeks, mean
(95% CI)

12 weeks, mean
(95% CI)

Preintervention,
mean (95% CI)

32 weeks, mean
(95% CI)

12 weeks, mean
(95% CI)

Preintervention,
mean (95% CI)

Intention-to-treat

.9467.8 (64.2-71.4)68.0 (64.4-71.6)70.0 (66.4-73.5)68.8 (65.2-72.3)68.8 (65.3-72.4)70.9 (67.4-74.5)Body weight
(kg)

.067806 (6998-
8615)

8143 (7346-
8940)

8243 (7465-
9021)

7846 (6910-
8782)

7850 (6921-
8779)

7259 (6335-
8183)

Step count
(steps/day)

.04517 (461-572)528 (4737-583)525 (472-579)538 (473-604)527 (462-592)473 (408-538)Step counts per
wear time
(steps/h/day)

.0559 (52-65)60 (54-67)62 (55-68)62 (55-69)58 (51-65)55 (48-62)MVPAa

(min/day)

.034 (3-4)4 (3-4)4 (3-4)4 (4-5)4 (3-4)4 (3-4)MVPA per
wear time
(min/h/day)

.661758 (1593-
1923)

1718 (1553-
1883)

1857 (1694-
2020)

1836 (1673-
2000)

1783 (1621-
1946)

2005 (1844-
2166)

Energy

intake
(kcal/day)

.6516.1 (15.3-16.9)16.1 (15.3-16.9)15.5 (14.7-16.3)15.5 (14.7-16.3)15.6 (14.8-16.4)14.6 (13.8-15.4)Protein (%)

.9628.3 (26.7-29.9)29.5 (27.9-31.1)28.9 (27.3-30.5)27.5 (25.9-29.1)28.7 (27.1-30.2)27.8 (26.3-29.4)Fat (%)

.8755.7 (53.4-57.9)54.4 (52.2-56.6)55.5 (53.4-57.7)57 (54.8-59.2)55.7 (53.5-57.9)57.6 (55.4-59.7)Carbohydrate
(%)

Per protocol

.9066.2 (62.6-69.7)66.4 (62.8-69.9)68.3 (64.7-72.0)68.4 (64.9-71.9)68.4 (64.9-71.9)70.6 (67.0-74.2)Body weight
(kg)

.057826 (6861-
8791)

8149 (7196-
9103)

8231 (7333-
9129)

7779 (6874-
8685)

7833 (6939-
8728)

7130 (6287-
7972)

Step count
(steps/day)

.047520 (448-592)527 (462-592)526 (465-587)535 (467-602)527 (465-588)465 (408-522)Step counts per
wear time
(steps/h/day)

.0459 (51-66)60 (53-67)61 (54-68)61 (54-68)58 (51-65)54 (48-61)MVPA
(min/day)

.034 (3-4)4 (3-4)4 (3-4)4 (4-5)4 (3-4)4 (3-4)MVPA per
wear time
(min/h/day)

.791752 (1576-
1927)

1704 (1539-
1870)

1851 (1680-
2022)

1811 (1677-
1945)

1759 (1600-
1919)

1966 (1800-
2133)

Energy

intake
(kcal/day)

.6816.2 (15.3-17.0)16.2 (15.4-17.1)15.7 (15.0-16.4)15.6 (14.8-16.4)15.7 (14.9-16.6)14.8 (14.0-15.5)Protein (%)

.9028.0 (26.3-29.7)29.3 (27.6-30.9)28.8 (27.2-30.3)27.5 (25.8-29.2)28.7 (27.1-30.3)27.8 (26.4-29.2)Fat (%)

.8155.9 (53.5-58.2)54.5 (52.2-56.8)55.5 (53.4-57.6)56.9 (54.5-59.2)55.5 (53.2-57.9)57.4 (55.4-59.4)Carbohydrate
(%)

aMVPA: moderate-to-vigorous physical activity.
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Figure 5. Intraweek variation in (A) body weight, (B and C) step counts, and (D and E) moderate-to-vigorous physical activity during the intervention.
Data were combined from 12 and 32 weeks to analyze the relationship between physical activity and intraweek variability. Missing data were taken
into account and analyzed using two-way repeated-measures mixed analysis of variance to examine the interaction between the groups. Values are
presented as means and standard errors. MVPA: moderate-to-vigorous physical activity.

Discussion

The aim of this study was to determine the effects of using a
mobile app on increasing physical activity and weight loss by
assessing accelerometer data and weight loss data after 32 weeks
of the app intervention. Our findings showed that the use of a
step count–specific mobile app for the assessment of physical
activity for weight loss might be effective in increasing the step
count, although it may not affect the amount of weight loss. In
addition, we found that the effects of using the mobile app on
physical activity differed between weekends and weekdays and
that the mobile app showed data of higher physical activity on
weekends.

Flores Mateo et al [22] and Islam et al [12] reported
meta-analyses that were related to our study. Their
meta-analyses indicated that the app intervention group showed
more weight loss than the control group, but there was no
statistically significant change in physical activity. Most
previous studies assessed habitual physical activity through
questionnaires or self-reports [15,23-28]. To our knowledge,
our study is the first to assess physical activity by using
accelerometers for weight loss and to examine the long-term
effects of physical activity by using step count–specific mobile
apps. In this study, we found that the use of a step count–specific

mobile app for weight loss led to an increase in physical activity.
Previous studies have demonstrated that increased physical
activity reduces the risk of mortality and has various
physiological benefits [29-31]. The impact on physical activity
from using a step-counting app for weight loss is not as
significant as expected; however, continued use might provide
physiological benefits. In the future, the long-term impact of
using health indicators should be examined.

Inconsistent with that reported in a meta-analysis [22], the
change in weight loss was not significantly different between
the 2 groups in our study. This may be because the control group
in our study demonstrated a certain weight loss effect after 1
lecture and a few text messages even without using the app. A
study has shown that a single motivational lecture can promote
moderate weight loss in the short term [32]. Moreover, our study
and the previous study [32] consisted of populations that were
motivated to lose weight, which may have influenced the results.
In addition, many intervention studies using mobile apps
included several support tools in the apps, such as texts, emails,
internet, interactive chatbots, and voice agents. Although the
effectiveness of an intervention may be increased by the
inclusion of many support features in mobile apps, it is difficult
to understand the exact factors that affect the observed changes.
Pedometers and accelerometers affect the number of steps just
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by wearing them, but it is unclear whether the use of mobile
apps that focus only on step count affects the step count. If the
number of steps taken by a 70-kg person increases by 1000 and
the intensity is 3 METs, the person should lose more than 1 kg
in 32 weeks, but our study showed no such effect. Wu et al [33]
indicated in their meta-analysis that the pooled weight loss was

1.14 kg or 0.50 kg/m2 greater for the diet-plus-exercise group
than for the diet-only group. However, results with an
intervention period of less than 1 year showed no intervention
effect. Furthermore, most studies did not show the expected
weight loss effect from the energy expenditure generated by the
set exercise [33-35]. Interventions that combine dietary
restriction and physical activity may attenuate the effects of
physical activity interventions. The weight loss after 32 weeks
of the intervention in our study was approximately 2 kg. Further
improvements in lecture content and support tools are needed
to increase the effectiveness of additional weight loss. In
addition, participants in the app group were instructed to use
the app daily to check their steps and rank. Although such an
approach is intended to motivate participants, we could not
assess the motivational impact of app use. Further research is
needed in this direction in the future.

Notably, we found that the effects of the mobile app on physical
activity differed between weekends and weekdays, that is, the
mobile app data showed higher physical activity on weekends.
In a study on Japanese white-collar workers, the sedentary
behavior time was significantly longer on weekdays than on
weekends (598 min/day vs 479 min/day, respectively; P<.001)
[36]. However, among blue-collar workers, there was no
significant difference in the sedentary behavior time between
weekdays and weekends (462 min/day vs 485 min/day; P=.43)
[36]. The proportion of workers who achieved the recommended
sedentary behavior levels (≤8 hours) was only 4.8% for
white-collar workers on weekdays and 54.8% on weekends
(P=.04) [36]. All the participants in our study were prefectural
employees, and the weekends were Saturday and Sunday.
Although change is required regarding work or after-work
behavior on weekdays, it may be difficult to increase the number
of steps taken on weekdays. Our study showed that the use of
smartphone apps could increase physical activity by increasing
the step count, especially during leisure time on nonworking
days such as Saturday and Sunday. These results can be obtained
using an accelerometer. The originality of this study is in the

use of accelerometers to assess physical activity and the use of
up to 6 weeks of physical activity data assessed at weeks 12
and 32 of the intervention to examine the within-week
variability.

The dropout rate in our study was less than 10%, despite the
long intervention period of 32 weeks, and there was no
difference between the 2 groups. The reasons for this cannot be
ascertained; however, intervention content such as monthly
emails and feedback on the results may have had an impact.
Continued participation in the intervention is an essential factor
affecting the validation of intervention effectiveness and should
be investigated in future studies.

This study has several limitations. First, all the participants in
this study were prefectural employees, which limits the
generalizability of the study. Second, although this study
calculated the sample size and conducted an intervention, it is
possible that sample size estimation was inadequate due to the
lack of appropriate studies utilizing apps focused on step count
and using physical activity and weight loss as outcomes. Future
large-scale intervention studies are needed. Third, although the
duration of the intervention in this study was longer compared
to that in previous studies, it is necessary to examine the impact
of the intervention for more than 1 year, and the influence of
the seasons needs to be considered. Further, the use of the app
may have affected the motivation for the intervention but could
not be assessed in this study. Future studies should also evaluate
the motivational impact of app use. Finally, it is necessary to
develop support tools to increase not only the amount of physical
activity but also the weight loss effect. However, the major
strength of our study was the parallel randomized controlled
trial design, which indicates that our findings are reliable.

In conclusion, this study shows that the use of a step
count–specific mobile app during weight loss support might be
effective in increasing the step count, although it might not
affect the amount of weight loss. Moreover, we found that the
effects of the mobile app on physical activity differed between
weekends and weekdays, with the mobile app data showing
higher physical activity on weekends. Future studies need to
focus on the development of methods for increasing the
effectiveness of physical activity and weight loss by using
mobile apps.
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In “Smartphone Apps for Patients With Hematologic
Malignancies: Systematic Review and Evaluation of Content”
(JMIR Mhealth Uhealth 2022;10(9):e35851), the authors noted
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In the originally published article, the article type appeared
inadvertently as “Review.”

In the corrected version, the article type appears correctly as
“Original Paper.”
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Background: Gait is an essential manifestation of depression. However, the gait characteristics of daily walking and their
relationships with depression have yet to be fully explored.

Objective: The aim of this study was to explore associations between depression symptom severity and daily-life gait
characteristics derived from acceleration signals in real-world settings.

Methods: We used two ambulatory data sets (N=71 and N=215) with acceleration signals collected by wearable devices and
mobile phones, respectively. We extracted 12 daily-life gait features to describe the distribution and variance of gait cadence and
force over a long-term period. Spearman coefficients and linear mixed-effects models were used to explore the associations
between daily-life gait features and depression symptom severity measured by the 15-item Geriatric Depression Scale (GDS-15)
and 8-item Patient Health Questionnaire (PHQ-8) self-reported questionnaires. The likelihood-ratio (LR) test was used to test
whether daily-life gait features could provide additional information relative to the laboratory gait features.

Results: Higher depression symptom severity was significantly associated with lower gait cadence of high-performance walking
(segments with faster walking speed) over a long-term period in both data sets. The linear regression model with long-term

daily-life gait features (R2=0.30) fitted depression scores significantly better (LR test P=.001) than the model with only laboratory

gait features (R2=0.06).

Conclusions: This study indicated that the significant links between daily-life walking characteristics and depression symptom
severity could be captured by both wearable devices and mobile phones. The daily-life gait patterns could provide additional
information for predicting depression symptom severity relative to laboratory walking. These findings may contribute to developing
clinical tools to remotely monitor mental health in real-world settings.

(JMIR Mhealth Uhealth 2022;10(10):e40667)   doi:10.2196/40667

KEYWORDS

depression; gait; mobile health; mHealth; acceleration signals; monitoring; wearable devices; mobile phones; mental health

Introduction

Depression affects the lives of over 300 million people
worldwide [1] and is associated with many adverse outcomes,
including decreased quality of life, loss of occupational function,
disability, premature mortality, and suicide [2-5]. While early
treatment can be effective and prevent more serious adverse
outcomes [6], more than half of depressed people do not receive
timely treatment [7,8]. Current questionnaire-based depression
assessments may be affected by recall bias and may not be able
to collect dynamic information [9,10]. Therefore, several recent
studies have attempted to explore the associations between
depression and changes in individuals’ behaviors using mobile
technologies [11].

Changes in gait are essential manifestations of depression
[12,13]. The main hypothesis linking gait with depression is a
bidirectional interaction between the brain motor system and
cortical and subcortical structures, which are related to emotions
and cognitive functions [14-16]. Many studies have explored
the relationships between depression and gait characteristics
based on “gold-standard” laboratory walking tests. Longer gait
cycles, reduced stride length, and slower gait cadence were
observed in participants with depression compared with healthy
controls, which have been consistently shown in several studies
[17-25]. Other gait abnormalities such as reduced gait force
[21], increased double support time [22], reduced swing time
variability [23], slumped postures [24], and increased body
sway [25] have been reported, but with less consistency across
studies.

Laboratory gait tests are hard to be applied in real-world settings
because of the need for expensive equipment (eg, video camera
and force plates), specialized laboratories, and the inconvenience

of wearing sensors on the knees and ankles, for example [14,26].
Some researchers have suggested that people’s daily-life activity
characteristics should have stronger links to their health
conditions than laboratory tests [27-29]. Therefore, it is
necessary to monitor and evaluate daily-life walking using
efficient methods.

In recent years, several studies have used mobile technologies
to measure daily-life walking patterns and explored their
associations with depression. However, most of these studies
only measured the number of cumulative steps of daily-life
walking [30-32], which is more related to individuals’ mobility
and physical activity than to gait patterns (eg, gait cadence and
gait force). To our knowledge, there have been only a few
studies exploring the associations between daily-life gait patterns
and depression directly. Adolph et al [33] found that depressed
participants had reduced walking speed, reduced vertical
up-and-down movements, and more slumped postures compared
with controls by placing two accelerometers on the participant’s
trunk and right leg for 2 days [33]. However, wearing multiple
sensors on the body may not be suitable for long-term
monitoring. With the development of sensors, the mobile phone
provides a cost-effective, continuous, and unobtrusive means
to measure individuals’ behaviors, including daily walking.
Therefore, the mobile phone may be a potential tool for
long-term gait monitoring.

The aim of this study was to explore the value of daily-walking
monitoring for improving the evaluation of depression symptom
severity. Our first objective was to design and extract gait
features from raw acceleration signals to describe the
characteristics of daily walking. The second objective was to
explore the associations between gait features and depression
symptom severity, and to test whether these associations could
be captured by different acceleration devices. The third objective
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was to test whether daily-life walking could provide additional
information for predicting depression relative to laboratory
walking. To achieve the second and third objectives, we
performed our analyses on two ambulatory data sets, the Long
Term Movement Monitoring (LTMM) and Remote Assessment
of Disease and Relapse–Major Depressive Disorder
(RADAR-MDD) data sets [34,35], with acceleration signals
collected by a wearable device and mobile phone, respectively.
Importantly, the LTMM data set contains data related to both
laboratory and daily walking, which could address the third
study objective.

Methods

Data Sets

LTMM Data Set
The LTMM data set includes demographics (age and gender),
depression scores (15-item Geriatric Depression Scale [GDS-15]
[36]), and raw acceleration signals (100 Hz) of laboratory
walking tests and 3-day activities for 71 elderly adults [34],
which can be downloaded at PhysioNet [37]. Participants were
included if they did not have any cognitive or gait/balance
disorders [34]. Participants were asked to walk at a self-selected
and comfortable speed for 1 minute in the laboratory while
wearing a 3-axis accelerometer on their lower back [34]. The
GDS-15 questionnaire contains 15 easy-to-understand, yes/no
format questions, which is suitable for depression screening in
the older population [38,39]. After the laboratory walking test,
all participants were asked to wear the accelerometer for the
next 3 consecutive days to record daily activities [34].

Ethics Considerations
RADAR-MDD was conducted per the Declaration of Helsinki
and Good Clinical Practice, adhering to principles outlined in
the National Health Service (NHS) Research Governance
Framework for Health and Social Care (2nd edition). Ethical
approval has been obtained in London from the Camberwell St
Giles Research Ethics Committee (REC reference 17/LO/1154),
in Spain from the CEIC Fundació Sant Joan de Deu (CI
PIC-128-17), and in the Netherlands from the Medische Ethische
Toetsingscommissie VUms (METc VUmc registratienummer
2018.012–NL63557.029.17).

RADAR-MDD Data Set
The EU research program RADAR-MDD aimed to investigate
the utility of mobile technologies for the long-term monitoring
of participants with depression in real-world settings [35,40].
Adult participants with a depression history were included in
the study if they did not meet the following criteria: (1) have
other psychiatric disorders (eg, bipolar disorder, schizophrenia,
and dementia), (2) have received treatment for drug or alcohol

use in the past 6 months, (3) a major medical diagnosis that
affects daily activities, and (4) pregnancy [35]. A detailed study
protocol was published previously [35]. In this study, we used
a subset of RADAR-MDD data collected from a study site in
the United Kingdom (King’s College London [KCL]) between
November 2017 and April 2021, because the KCL site was the
only site to acquire ethical approval for collecting the phone’s
acceleration signals. We hereafter denote this subset as the
RADAR-MDD-KCL data set for convenience. The phone’s
acceleration signals were collected at 50 Hz and uploaded to an
open-source platform, RADAR-base [41]. The participants’
depression symptom severity was assessed by the 8-item Patient
Health Questionnaire (PHQ-8) [42] self-reported through mobile
phones every 2 weeks. A patient advisory board comprising
service users co-developed the study. They were involved in
the choice of measures, timing, and issues of engagement, and
have also been involved in developing the analysis plan.

Step Detection Algorithm
Since we needed to respectively detect steps on the acceleration
signals collected by wearable devices and mobile phones, we
chose to use the step detection algorithm [43], which was based
on mobile phones (Figure 1). Given a segment of 3-axis
acceleration signals (xi, yi, zi), the magnitude of the acceleration
of the segment of acceleration signals was calculated to combine

3D signals to a single series, ri, where . The magnitude of
the acceleration signals does not depend on the orientation and
tilt of the mobile phone during walking [43]. Subsequently, ri

was filtered by a weighted moving-average filter to remove
noise (Equation 1, w=150 milliseconds). Next, the filtered ri

was subtracted by the mean of r̄i to make r̄i symmetric to the
x-axis. We calculated two new series, B1i and B2i, based on two
thresholds to detect the walking swing phase and stance phase,
respectively (see Equations 2 and 3). If a swing phase ends and
a stance phase starts, we can identify a step that occurred. The
formal detection rule of a step Si at sample i is that the following
two conditions must be satisfied: (1) a change from –0.5 to 0
in B1 (B1i=0 and B1i–1=0.5); (2) there is at least one detection
of B2=–0.5 in a window of size w=150 milliseconds in sample
i (Min(B2i:i+w)=–0.5).

Then, the gait cycle series could be derived by calculating time
intervals between consecutive steps, which was denoted as
Cycles. During each gait cycle, the amplitude from the peak to
the valley of the magnitude of the acceleration signals was used
to reflect the gait force of each step. The force of all steps in
the given acceleration signal was denoted as the series Force.
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Figure 1. Step detection algorithm. ACC is the 3-axis acceleration signal; B1 and B2 are two series calculated by thresholds to detect walking swing
and stance phase, respectively; and pink dashed lines represent the detected steps.

Feature Extraction

Feature Window Size
Since the PHQ-8 score is used to estimate depression symptom
severity for the past 2 weeks [42], we extracted gait features
from a 14-day time window prior to each PHQ-8 record from
the RADAR-MDD-KCL data set. For the LTMM data set, we
extracted gait features from 3-day activities to link daily-life
walking with the GDS-15 score.

Step Detection Window and the Continuous Walking
Segment
Daily-life walking in real-world settings is complex and contains
some intermittent walking segments (such as walking in a

crowded environment or a walking-rest transition status). These
intermittent walking segments may not fully reflect a
participant’s normal walking patterns. Therefore, to distinguish
between continuous and intermittent walking, we used a
1-minute sliding window [44] to detect steps from the long-term
raw acceleration signals. If the participant was walking most of
the time in this minute, we considered this minute as the
continuous walking segment. Based on our experience, we set
50 seconds as the threshold for selecting the continuous walking
segment; that is, the segment with more than 50 seconds of
walking time (sum of all gait cycles in the minute) was selected
for further analysis (Figure 2b).
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Figure 2. Schematic diagram of long-term gait feature extraction for the Long-Term Movement Monitoring data set. (a) Three-axis acceleration signals
of 3 consecutive days; (b) examples of continuous and discontinuous walking segments and three short-term gait features (definitions in Table 1) were
extracted from each continuous walking segment; (c) long-term gait feature extraction: 25th percentile, median, 75th percentile, and standard deviation
of short-term gait feature values of all continuous walking segments over 3 days for each participant.

Gait Features

Overview

The performance of walking varies over time due to several
factors such as mood, energy, and environment. Therefore, the
long-term gait features need to represent the distribution and
variance of walking patterns over the feature window. We first

extracted three short-term gait features from every detected
continuous walking segment in the feature window. Then, for
each short-term gait feature, we calculated four statistical
second-order features (long-term features) across all values of
continuous walking segments. In total, 12 long-term gait features
were extracted in this study, and a summary of these features
is shown in Table 1. A schematic diagram of long-term gait
feature extraction is shown in Figure 2.
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Table 1. Short-term and long-term gait features extracted and their short descriptions.

DescriptionGait feature

Short-term gait features

Median of gait cycles in the 1-minute walking segmentMedian cycle (seconds)

Peak frequency in the PSDa of the magnitude of 1-minute acceleration signalsPeak frequency (Hz)

Median of gait force in the 1-minute walking segmentMedian force (m/s2)

Long-term gait features

25th percentile of median gait cycle values of all walking segmentsb25th percentile of median cycle

Median of median gait cycle values of all walking segments50th percentile of median cycle

75th percentile of median gait cycle values of all walking segments75th percentile of median cycle

Standard deviation of median gait cycle values of all walking segmentsSD of median cycle

25th percentile of peak frequency values of all walking segments25th percentile of peak frequency

Median of peak frequency values of all walking segments50th percentile of peak frequency

75th percentile of peak frequency values of all walking segments75th percentile of peak frequency

Standard deviation of peak frequency values of all walking segmentsSD of peak frequency

25th percentile of median gait force values of all walking segments25th percentile of median force

Median of median gait force values of all walking segments50th percentile of median force

75th percentile of median gait force values of all walking segments75th percentile of median force

Standard deviation of median gait force values of all walking segmentsSD of median force

aPSD: power spectral density (from 0.5 Hz to 3 Hz).
bAll detected continuous walking segments (defined in the Methods section) in a feature window (3 days for the Long Term Movement Monitoring
data set and 14 days for the Remote Assessment of Disease and Relapse–Major Depressive Disorder data set).

Short-Term Gait Features From the 1-Minute Continuous
Walking Segment

Gait cadence and gait force are essential characteristics of
walking. Gait cadence is the rate at which the individual feet
contact the ground [45]. Gait force reflects the ground reaction
force during walking [46]. For every continuous walking
segment, the median of the gait cycle series (Cycles) was
calculated to reflect the gait cadence of this minute from the
time domain, which was denoted as median cycle. To assess
the gait cadence from the frequency domain, the power spectral
density (PSD) of walking was obtained by applying the fast
Fourier transformation to the filtered magnitude (r̄i) of the
acceleration signals of every continuous walking segment. The
peak frequency [47] of the 0.5-3–Hz band (reflecting walking)
[34] of the PSD was used to reflect the main rhythm of steps
from the frequency domain, which was denoted as peak
frequency. For gait force, we calculated the median of the Force
series (median force) to represent the average power of all steps
in the minute.

Long-Term Gait Features

For each of the short-term gait features (median cycle, peak
frequency, and median force), we calculated four statistical
second-order features (25th percentile, median, 75th percentile,
and SD) from all detected continuous walking segments during
a feature window.

Previous studies suggested that the extreme values of gait
characteristics over the long term could reflect the optimal or

worst walking performance of the participant, which could in
turn reflect physical or mental conditions better than the median
value [29]. Therefore, we used 25th percentile, median, and
75th percentile second-order statistics to represent three levels
of walking performance (low, medium, and high) during a
feature window. For example, faster walking during a feature
window could represent high-performance walking, which may
not be affected by other factors such as fatigue and the crowded
environment. High-performance walking could be represented
by the 75th percentile of peak frequency and the 25th percentile
of median cycle in a feature window, which is expected to be
closely associated with depression status. The variance of
daily-life walking in a feature window was measured by the
SD.

Laboratory Gait Features Extracted From Laboratory
Walking Tests in the LTMM Data Set

We also extracted median cycle, peak frequency, and median
force from the 1-minute acceleration signals of laboratory
walking tests in the LTMM data set. For reading convenience,
we denoted these as laboratory gait features.

Inclusive Criteria for Data Missingness in the
RADAR-MDD-KCL Data Set
The raw acceleration signals were remotely collected by mobile
phones in the RADAR-MDD-KCL study. Possibly due to the
high battery consumption and network traffic for uploading the
raw signal, the missing rate of acceleration signals was relatively
high. To reduce the impact of missingness, a PHQ-8 period (14
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days) included in this study should have at least 3 days (aligned
with the LTMM data set) with more than 50% acceleration
signals [48,49].

Statistical Analyses
For the LTMM data set, Spearman coefficients [50] were
calculated to assess associations between the GDS-15 score and
gait features (3 laboratory gait features and 12 long-term gait
features). As the data in the RADAR-MDD-KCL data set are
longitudinal (repeated PHQ-8 measurements for each
participant), a series of pairwise linear mixed-effects regression
models [51] with random participant intercepts were performed
to explore the association between the PHQ-8 score and each
of the 12 long-term gait features (no laboratory tests were
included in the RADAR-MDD-KCL data set). Age, gender,
and the number of comorbidities (see Table S1 in Multimedia
Appendix 1) were considered as covariates. The
Benjamini-Hochberg method was used for multiple-comparison
corrections in both data sets [52].

To test whether long-term gait features could explain additional
data variance in depression scores relative to laboratory gait
features, we built two nested multivariate linear regression
models without and with long-term gait features for the GDS-15
score (denoted as Model A and Model B; Equations 4 and 5)
in the LTMM data set. Specifically, predictors of Model A are
age, gender, and the 3 laboratory gait features, while predictors
of Model B are age, gender, the 3 laboratory gait features, and
the 12 long-term gait features. The coefficient of determination

(R2) was calculated for both models to estimate how much data
variance was explained by predictors. Then, the likelihood ratio
test [53] was used to test whether Model B fit the GDS-15 score
better than Model A. Since the laboratory walking test was not

included in the RADAR-MDD-KCL data set, the likelihood
ratio test was only performed in the LTMM data set.

Model A: GDS-15=Age+Gender+3 laboratory gait
features (4)

Model B: GDS-15=Age+Gender+3 laboratory gait
features+12 long-term gait features (5)

Results

Data Summary
The 71 participants in the LTMM data set have a mean age of
78.36 (SD 4.71) years with 18 (25%) participants having
potential depressive disorders (GDS-15≥5) and 69.82 (SD 9.65)
hours of acceleration signals per participant. The
RADAR-MDD-KCL data set, according to the data inclusion
criteria, contains 659 PHQ-8 records collected from 215
participants and corresponding 99,445 hours (average 463 hours
per participant). The cohort in the RADAR-MDD-KCL data
set has a mean age of 43.36 (SD 15.12) years with the majority
being women (75%), and half of the PHQ-8 records indicated
potential depression symptoms (PHQ-8≥10). The average
missing rate of acceleration signals collected by phones in the
RADAR-MDD-KCL data set (70.60%) was significantly higher
than that of the acceleration signals collected by the wearable
device in the LTMM data set (3.03%). A summary of the
demographics, and distributions of depression scores and
available acceleration signals for participants in the LTMM and
the RADAR-MDD-KCL data sets is shown in Table 2. The
heatmaps of correlations between the 12 long-term gait features
of the LTMM and RADAR-MDD-KCL data sets are presented
in Figure 3.
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Table 2. Demographics and distributions of depression scores and available acceleration signals of participants in the two data sets.

RADAR-MDD-KCLb (N=215)LTMMa (N=71)Characteristic

43.36 (15.12)78.36 (4.71)Age (years), mean (SD)

162 (75%)46 (65%)Female, n (%)

PHQ-8d: 9.67 (5.84)GDS-15c: 3.18 (2.81)Depression score, mean (SD)

330 (50%)18 (25%)Potential depressive episode (GDS-15≥5) and PHQ-8≥10), n (%)e

65971Number of completed depression questionnairesf

3.09 (2.76)1 (0)Number of completed depression questionnaires per participant, mean (SD)

99,4454817Length of total available acceleration signals (hours)

98.77 (105.20)69.82 (9.65)Length of available acceleration signals (hours) for each GDS-15/PHQ-8 recordg, mean
(SD)

70.603.03Average missing rate of acceleration signals (%)

113.24 (170.48)73.48 (66.98)Number of continuous walking segmentsh detected from each GDS-15/PHQ-8 record,
mean (SD)

aLTMM: Long Term Movement Monitoring.
bRADAR-MDD-KCL: subset of the Remote Assessment of Disease and Relapse–Major Depressive Disorder data set collected from King’s College
London, United Kingdom.
cGDS-15: 15-item Geriatric Depression Scale.
dPHQ-8: 8-item Patient Health Questionnaire.
eBased on the total number of completed questionnaires.
fThe RADAR-MDD-KCL data set has multiple PHQ-8 records for each participant, which was conducted every 2 weeks.
gWe regarded acceleration signals in the 14 days before a PHQ-8 record. For the GDS-15 record, we considered acceleration signals of all 3-day activities
after enrollment.
hContinuous walking segment was defined as 1-minute acceleration signals with at least 50 seconds of walking (see Methods section).

Figure 3. Heatmaps of correlations between 12 long-term gait features of the Long-term Movement Monitoring data set (a) and Remote Assessment
of Disease and Relapse–Major Depressive Disorder King's College London data set (b).

Associations Between Gait Features and the GDS-15
Score in the LTMM Data Set
The Spearman correlations between the GDS-15 score and gait
features (both laboratory and long-term gait features) in the
LTMM data set are shown in Table 3. We found that a higher
GDS-15 score was significantly correlated with a larger median

of gait cycles, lower peak frequency, and smaller median gait
force in the 1-minute laboratory walking test. For the long-term
period, a higher GDS-15 score was significantly correlated with
lower variance of gait force and slower cadence of
high-performance walking and 75th percentile of peak frequency
during 3-day activities.
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Table 3. Spearman correlations between the 15-item Geriatric Depression Scale score and gait features, including laboratory and long-term gait features,
in the Long-Term Movement Monitoring data set.

P valuebρFeaturea

Laboratory gait features extracted from the 1-minute laboratory walking test

.0010.39Median cycle

.01–0.32Peak frequency

.04–0.25Median force

Long-term gait feature extracted from 3-day activities

.010.3125th percentile of median cycle

.290.1350th percentile of median cycle

.860.0275th percentile of median cycle

.06–0.24SD of median cycle

.85–0.0225th percentile of peak frequency

.45–0.0950th percentile of peak frequency

.03–0.2775th percentile of peak frequency

.33–0.12SD of peak frequency

.850.0225th percentile of median force

.98–0.0150th percentile of median force

.41–0.1075th percentile of median force

.02–0.30SD of median force

aDefinitions of gait features in this table are provided in Table 1 and the Methods section.
bP values were adjusted by the Benjamini-Hochberg method for correction of multiple comparisons.

Associations Between Long-Term Gait Features and
the PHQ-8 Score in the RADAR-MDD-KCL Data Set
The pairwise linear mixed-effects models performed in the
RADAR-MDD-KCL data set revealed a significant and negative
link between the PHQ-8 score and the gait cadence of
high-performance walking during the 14 days before submitting
PHQ-8 records. Specifically, the 25th percentile of median cycle
was positively associated with the PHQ-8 score; that is, for
every increase of 0.1 seconds in the median gait cycle of

high-performance walking, the PHQ-8 score increased by 0.606
points. Likewise, the 75th percentile of peak frequency was
negatively associated with the PHQ-8 score, indicating that a
reduction of 0.1 Hz in the peak frequency of high-performance
walking was associated with an increase of 0.26 PHQ-8 points.
Other long-term gait features were not found to be significantly
associated with the PHQ-8 score in the RADAR-MDD-KCL
data set. A summary of all 12 linear mixed-effects regression
models is provided in Table 4.
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Table 4. Twelve pairwise linear mixed-effects models for exploring associations between long-term gait features and depression symptom severity

(8-item Patient Health Questionnaire) in the RADAR-MDD-KCL data set.a

P valuect valuedfSEEstimateLong-term gait featureb

.032.23648.752.726.0625th percentile of median cycle

.111.59639.412.513.9850th percentile of median cycle

.231.20653.722.082.4975th percentile of median cycle

.520.65631.114.412.87STD of median cycle

.15–1.46656.441.02–1.5025th percentile of peak frequency

.07–1.83650.761.05–1.9350th percentile of peak frequency

.01–2.60634.701.01–2.6275th percentile of peak frequency

.910.12600.501.860.21SD of peak frequency

.80–0.25637.462.24–0.5725th percentile of median force

.620.49655.771.790.8850th percentile of median force

.790.26656.371.660.4475th percentile of median force

.590.54602.903.782.05SD of median force

aRADAR-MDD-KCL: Subset of Remote Assessment of Disease and Relapse–Major Depressive Disorder collected from King’s College London.
bDefinitions of daily-life gait features are provided in Table 1 and the Methods section.
cP values were adjusted by the Benjamini-Hochberg method for correction of multiple comparisons.

Results of the Likelihood Ratio Test in the LTMM
Data Set
The regression model with long-term gait features (Model B)

achieved better performance (R2=0.30) than the model without

long-term gait features (Model A) (R2=0.06). We found that the
12 long-term gait features extracted from 3-day activities could

explain an extra 24% data variance (an increase of 0.24 in R2)
of GDS-15 scores relative to the laboratory gait features and
participants’ demographics. The likelihood ratio test showed
that Model B fitted GDS-15 scores significantly better than

Model A (χ2=32.91>χ2
0.05(12), P=.001). The detailed results

of the two nested regression models are shown in Table S2 of
Multimedia Appendix 1.

Discussion

Principal Findings
This study retrospectively used two ambulatory data sets for
exploring the associations between depression symptom severity
and daily-life gait characteristics. We extracted 12 long-term
gait features to describe the distribution and variance of gait
cadence and force over a long-term period and link daily-life
gait patterns with a self-reported depression score. The main
findings of this study are (1) higher depression symptom severity
is significantly associated with lower gait cadence of
high-performance walking (faster walking in all continuous
walking segments) over a long-term period; (2) long-term
daily-life walking has the potential to provide additional
information for predicting depression symptom severity relative
to laboratory gait characteristics and demographics; and (3)
wearable devices and mobile phones both have potential to
capture the associations between daily gait and depression.

The results of Spearman correlations between laboratory gait
features and the GDS-15 score in the LTMM data set are
consistent with previous studies [17-25]; that is, the participants
with more severe depression symptoms were more likely to
have slower gait cadence (longer median of gait cycles and
lower gait frequency) and smaller gait force in laboratory
walking tests.

For daily-life walking, this study used the faster walking (75th
percentile of peak frequency and 25th percentile of median
cycle) in all detected continuous walking segments to represent
high-performance walking during a feature window (3 days for
LTMM and 14 days for RADAR-MDD-KCL). Only gait
cadence of high-performance walking was found to be
significantly and negatively associated with depression symptom
severity, whereas gait patterns under medium/low-performance
walking were not significantly associated with the depression
score. This finding was consistent in both the LTMM and
RADAR-MDD-KCL data sets. A potential reason is that the
walking performance in real-world scenarios may be affected
by multiple factors (such as walking during the day or at night,
walking under fatigue or walking after rest, and walking to a
destination or navigating a crowded supermarket) [29];
therefore, the lower walking performance may not fully reflect
the participant’s physical or mental conditions. Therefore, from
the main finding of this study, we speculated that faster steps
over a long-term period could represent the high performance
of participants’walking, which could be closely associated with
their depression status.

In the LTMM data set, we found that the variance of gait force
(SD of median force) in 3-day activities was significantly and
negatively associated with the depression symptom severity,
indicating that participants with higher depression symptom
severity were likely to have relatively monotonous walking over
3 days. However, the feature was not significantly associated
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with the PHQ-8 score in the RADAR-MDD-KCL data set. One
reason is that the magnitude (ri) (explained in the Step Detection
Algorithm section) of the acceleration signals depends on the
location of the accelerometers attached to the body [54]. As
acceleration signals in the RADAR-MDD-KCL data set were
collected by mobile phones, the variable locations of phones
when attached to participants’ bodies (such as in the hand,
handbag, and pocket) affected the magnitude of acceleration
signals. Therefore, the magnitude of phone-collected
acceleration signals cannot fully reflect the gait force.

Results of regression models and the likelihood test in the
LTMM data set illustrated the importance of monitoring
daily-life gait in real-world settings. Laboratory gait features
and demographics in LTMM data only explained a small

proportion of data variance of the GDS-15 score (R2=0.06),
whereas long-term gait features extracted from 3-day activities

could explain an extra 24% of data variance (R2=0.30). This
finding supported that long-term daily-life walking has the
potential to provide additional information for predicting
depression symptom severity relative to laboratory gait
characteristics and demographics. Further, this finding also
indicated that the laboratory walking test may be affected by
several factors such as subjective psychological factors and
laboratory-controlled conditions, which may not fully reflect
the condition of a participant’s mental health [27,29]. Since
there were no laboratory tests in the RADAR-MDD-KCL data
set, the comparison between laboratory gait features and
long-term daily-life gait features was not performed in the
RADAR-MDD-KCL. We will consider adding laboratory tests
at enrollment in future digital depression studies.

Limitations
Although we found that wearables and mobile phones have the
potential to capture the associations between depression and
daily-life gait patterns, both devices have some limitations.
Wearables could collect relatively complete walking data;
however, wearing sensors may not be suitable for long-term
monitoring. Mobile phones could be used for long-term
monitoring without user burden, but the missing rate of mobile
phone acceleration signals is relatively high. The findings of
this study support that the links between gait and depression
could still be revealed from the limited and sparse daily-life
walking acceleration signals. Missingness is a common
challenge in remote digital studies [55], which may be caused
by high battery consumption, network traffic for uploading the

raw acceleration signals, and the Android operating system
moderation of resources. According to the findings of this study,
a possible solution to reduce missingness is uploading gait cycles
instead of uploading raw acceleration signals in future long-term
monitoring research. This is not difficult to implement, as most
current smartphones have real-time step detection functions or
apps [56,57]. Furthermore, the self-reported PHQ-8 data may
be subject to recall bias. We may consider implementing
ecological momentary assessments with passive gait data
collection in future research.

The hyperparameters in step detection and feature extraction
need further investigation. We considered using a 1-minute
window size for step detection and 50 seconds for continuous
walking segment selection based on previous studies [34,44]
and our experience. The feature window sizes for the two data
sets are different due to the different study designs. However,
the optimal hyperparameters are still unclear and will be
investigated in future research.

Gait features extracted in this study were simple and statistically
based, which were used to illustrate the importance of daily
walking in our initial analysis. More features such as nonlinear
features will be considered in future research.

Gait characteristics could be affected by some physical diseases,
neurological disorders, and age [58-60]. Although none of the
participants had any cognitive or gait/balance disorders in the
LTMM data set and the number of comorbidities and age were
considered as covariates in the RADAR-MDD-KCL data set,
physical comorbidities and other comorbidities may have
different impacts on the gait characteristics. We will consider
a wider range of comorbidities and investigate them further in
future research.

Conclusion
In summary, the findings of this study showed that significant
links between depression symptom severity and daily-life gait
characteristics could be captured in different data sets and by
different accelerometer devices. Long-term daily-life walking
patterns could provide additional value for understanding
depression manifestations relative to gait patterns in laboratory
walking tests, which illustrated the importance of long-term
gait monitoring. The gait cadence of high-performance walking
in daily life has the potential to be an indicator for monitoring
depression severity, which may contribute to developing clinical
tools to remotely monitor mental health in real-world settings.
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Abstract

Background: Sleep is beneficial for physical and mental health. Several mobile and wearable sleep-tracking devices have been
developed, and personalized sleep feedback is the most common functionality among these devices. To date, no study has
implemented an objective push-type feedback message and investigated the characteristics of habitual sleep behavior and diurnal
symptoms when receiving sleep feedback.

Objective: We conducted a mobile health intervention trial to examine whether sending objective push-type sleep feedback
changes the self-reported mood, physical symptoms, and sleep behavior of Japanese office workers.

Methods: In total, 31 office workers (mean age 42.3, SD 7.9 years; male-to-female ratio 21:10) participated in a 2-arm intervention
trial from November 30 to December 19, 2020. The participants were instructed to indicate their momentary mood and physical
symptoms (depressive mood, anxiety, stress, sleepiness, fatigue, and neck and shoulder stiffness) 5 times a day using a smartphone
app. In addition, daily work performance was rated once a day after work. They were randomly assigned to either a feedback or
control group, wherein they did or did not receive messages about their sleep status on the app every morning, respectively. All
participants wore activity monitors on their nondominant wrists, through which objective sleep data were registered on the web
on a server. On the basis of the estimated sleep data on the server, personalized sleep feedback messages were generated and sent
to the participants in the feedback group using the app. These processes were fully automated.

Results: Using hierarchical statistical models, we examined the differences in the statistical properties of sleep variables (sleep
duration and midpoint of sleep) and daily work performance over the trial period. Group differences in the diurnal slopes for
mood and physical symptoms were examined using a linear mixed effect model. We found a significant group difference among
within-individual residuals at the midpoint of sleep (expected a posteriori for the difference: −15, 95% credible interval −26 to
−4 min), suggesting more stable sleep timing in the feedback group. However, there were no significant group differences in
daily work performance. We also found significant group differences in the diurnal slopes for sleepiness (P<.001), fatigue
(P=.002), and neck and shoulder stiffness (P<.001), which was largely due to better scores in the feedback group at wake-up time
relative to those in the control group.

Conclusions: This is the first mobile health study to demonstrate that objective push-type sleep feedback improves sleep timing
of and physical symptoms in healthy office workers. Future research should incorporate specific behavioral instructions intended
to improve sleep habits and examine the effectiveness of these instructions.
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Introduction

Development of Mobile Health Technologies
Recent developments in internet and communication
technologies, mobile sensing devices, and the Internet of Things
(IoT) have enabled the acquisition of longitudinal
multidimensional information, including real-time physiological,
behavioral, and environmental data. For example,
consumer-grade wearable fitness trackers (eg, Fitbit, Garmin,
and Jawbone) can record health-related information such as
physical activity, sleep, and heart rate objectively and repeatedly.

By using smartphones and their SMS text messaging, it is
possible to provide effective support at the optimal time to
promote awareness of one’s health condition and improve
compliance with intervention trials. Mobile devices can be
useful for changing health-related behaviors as a part of daily
living. Following these technological advancements and their
applicability, medical and public health practices supported by
mobile devices, such as mobile health (mHealth) [1,2], have
been attracting attention in recent years. Since 2017, more than
325,000 mHealth apps have become available in commercial
app stores, and the number of available apps continues to grow
[3]. mHealth apps have been used in several intervention trials
targeting physical activity [4-6], smoking [7,8], and suicidal
ideation [9], and their usefulness and effectiveness have been
proven.

Health Effects of Habitual Sleep Behavior
Sleep is a significant aspect of recovery. In fact, adequate and
good-quality sleep is associated with better physical and mental
health [10-12] and improved daytime functioning, including
decreased physical symptoms [13,14], better work performance
[15], and improved quality of life [16].

Although research interest has focused on the importance of
sleep duration and quality, recent studies indicate that sleep
timing and stability of habitual sleep behavior also play
important roles in health. In fact, delayed sleep timing is
associated with obesity [17], congestive heart failure [18], poor
glycemic control [19], and increased severity of depressive
symptoms [20,21]. Additional studies have indicated that
variability in day-to-day sleep behavior (ie, duration, timing,
and quality), referred to as intraindividual variability [22], is
linked to physiological dysfunction [23,24], adverse medical
and mental health conditions [25], and poor psychological
well-being [26]. Therefore, the multifaceted monitoring and
regulation of habitual sleep behavior can contribute to the
prevention and support for physical and mental health problems.

Applications of Mobile and Wearable Technologies to
Improve Sleep
Sleep data, along with other health-related behavioral and
physiological data, can be gathered in real time using mobile

devices. The widespread use of mobile or wearable sensing
devices (eg, bed sensors, smartphone apps, and activity
monitors) makes it easier and more commonplace to monitor
sleep behavior in real time [27]. Although most consumer
devices do not have Food and Drug Administration clearance
as medical devices, they are expected to provide opportunities
to track habitual sleep behavior longitudinally in large-scale
populations [28]. For instance, Crowley et al [29] attempted to
incorporate consumer wearable devices into health-promoting
trials. They investigated the efficacy of these devices in
improving physical activity and sleep among 565 employees
over a 12-month period and found that sleep duration increased
steadily throughout the study period.

In addition, mHealth apps for treating sleep disturbance have
been developed rapidly [30,31], and more than 2000 mHealth
apps targeting sleep are presently available in commercial app
stores [32]. Pulantara et al [33,34] developed the interactive
Resilience Enhancing Sleep Tactics app and examined its
clinical feasibility as a treatment for sleep behavior. They
reported that using the app improved insomnia severity and
overall sleep quality, and the app was not inferior to traditional
in-person sleep treatment. Furthermore, Hoersch et al [35] and
Kuhn et al [36] conducted randomized controlled trials and
reported that participants who received mHealth interventions
had improved insomnia severity and sleep quality compared
with waitlisted control participants.

Remaining Issues
Despite the rapid growth of mHealth apps and mobile sensing
technologies, recent reviews have indicated that scientific trials
examining the usefulness of mHealth apps are limited [32], and
further research is required to test whether objective data
enhance sleep outcomes [37]. This research investigating the
usefulness of mHealth apps in enhancing sleep has several
limitations. First, most mHealth trials have not assessed sleep
behavior objectively [31], and the feedback provided depended
on self-report assessments by the participants. While some
studies incorporated wearable devices into the trials [38,39],
they used the measurements only to assess the efficacy of the
trial but not to objectivize the feedback. Given the importance
of self-management for habitual sleep behavior to prevent future
health problems, it is beneficial to implement objective sleep
feedback into the apps. Second, previous mHealth studies
focused on improvement in limited aspects of habitual sleep
behavior, such as sleep quality and sleep duration [31], and the
dynamic aspects of sleep, including intraindividual variability
in sleep measurements over the trial period, have tended to be
ignored. To the best of our knowledge, only 1 mHealth study
by Murawski et al [40] reported the dynamic aspects of sleep
behavior and found that variability in sleep timing, as assessed
by a self-report questionnaire, was improved after their
intervention. Studying the dynamic features in sleep behavior
may provide insight into the typical properties of sleep

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e39150 | p.165https://mhealth.jmir.org/2022/10/e39150
(page number not for citation purposes)

Takeuchi et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.2196/39150
http://www.w3.org/Style/XSL
http://www.renderx.com/


self-regulation processes when responding to feedback messages
or other interventions. Finally, in view of the wide range of
effects of sleep, including psychological well-being, the
covariant relationships of sleep with daytime functions, such
as mood, physical symptoms, and work performance, should
be examined. The covariant relationships may contain important
information about subordinate effects and facilitate a
comprehensive understanding of sleep self-management.

Objective
The objective of this study was to conduct an mHealth trial
sending objective push-type sleep feedback to healthy
participants using a smartphone app and a wearable activity
monitor. Specifically, we examined whether sending daily sleep
feedback messages changed sleep behavior and self-reported
symptoms of the participants, particularly depressive mood,
anxiety, stress, sleepiness, fatigue, and neck and shoulder
stiffness. We used exploratory analysis of the statistical
properties of objectively measured sleep variables and the
characteristics of momentary symptoms recorded during the
day using ecological momentary assessment (EMA).

Methods

Study Design
In this study, we conducted a 2-arm intervention trial by
performing random convenience sampling of office workers at
an insurance company and stratifying them into control and
feedback groups. By comparing the groups in terms of the
characteristics of habitual sleep behaviors (sleep duration and
midpoint of sleep), momentary symptoms (depressive mood,
anxiety, stress, sleepiness, fatigue, and neck and shoulder
stiffness), and daily work performance, we examined the effects
of personalized sleep feedback. To minimize the memory
distortion caused by retrospective recall, momentary symptoms
were recorded on a smartphone app in real time. Habitual sleep
behaviors were measured objectively using a wearable device.
Possible extraneous variables, including pretrial psychological
symptoms, habitual sleep behaviors, and work performance,
were assessed before the trial.

EMA Method
We used the EMA method to acquire momentary mood and
physical symptom data (ie, depressive mood, anxiety, stress,
fatigue, sleepiness, and neck and shoulder stiffness) in real time.
EMA is a method for recording participants’ behavior,
psychological state, and physical symptoms in real time and at
multiple time points, allowing the collection of self-report and
objective data with reliability and ecological validity. Thus,
EMA avoids potential distortions of retrospective recall in
self-reported data [41,42].

Health Care Internet of Things System
We developed a cloud-based health care Internet of Things
(HIT) system that can continuously acquire health-related
information, including momentary symptoms, biological signals,
and surrounding environmental information, recorded as part
of daily living. The HIT system consists of a cloud server and
a smartphone app for data collection (HIT server and HIT app,

respectively). The HIT app is equipped with an EMA and users
can record their momentary symptoms in daily life (Multimedia
Appendix 1). In addition, the HIT app can connect with various
IoT devices, including a proprietary activity monitor (Sciencenet
device, Sciencenet Inc) used in this study, using Bluetooth Low
Energy (BLE). Data are transferred from the IoT devices to the
HIT server. The app is compatible with both Android and iOS
operating systems. The HIT server can store, integrate, and
manage data uploaded from the app and send personalized
messages (push-type feedback messages) to the HIT app users.
HIT systems have been used to assess self-reported symptoms
in real time [43].

Participants
A convenience sample of 31 office workers working at an
insurance company participated in this study. The mean age of
the participants was 42.3 (SD 7.9) years, and the male-to-female
ratio was 21:10. All participants were working from home
during the trial period at the request of their employer to prevent
the spread of COVID-19.

Participants were randomly assigned to a control or feedback
group using the “sample” function in the R statistical software
(version 4.0.2; R Foundation for Statistical Computing) so that
the ratio of the sample size was 1:1. No stratification by age or
sex was observed. Coauthor KS conducted this randomization,
independent of the primary researcher HT. Although author HT
was also informed of who was assigned to which group after
the random assignment, he was not allowed to contact the
participants during the trial period.

During the trial period, the participants in the feedback group
received personalized messages regarding their current sleep
status every morning, whereas the participants in the control
group did not receive any messages. The control group consisted
of 16 participants, including 9 males and 7 females, with a mean
age of 44.1 (SD 8.3) years. The feedback group consisted of 15
participants, including 12 males and 3 females, with a mean
age of 40.5 (SD 7.2) years.

Instruments

Baseline Questionnaire
Before the trial, the participants completed a baseline
questionnaire, including their demographic information (age,
sex, and BMI), psychological symptoms (depressive and anxiety
symptoms), habitual sleep behaviors (habitual sleep duration
and self-reported sleep quality), and self-reported work
performance. Items included in the baseline questionnaire are
listed in subsequent sections.

Psychological Symptoms
Depressive symptoms were assessed using the Japanese version
of the Beck Depression Inventory second edition (BDI-II)
[44,45]. The BDI-II is a 21-item self-report inventory for
measuring the presence and severity of depression (score range
0-63). A high level of internal consistency (Cronbach α=.87)
and item homogeneity have been confirmed for the Japanese
version of the BDI-II [45]. The BDI-II classifies individuals
into 4 categories based on an overall score: minimal or no
depression, 0 to 13; mild depression, 14 to 19; moderate
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depression, 20 to 28; and severe depression, 29 to 63. A score
of ≥14 points was used as the clinical cutoff point for depression.

Anxiety symptoms were assessed using the Japanese version
of the State-Trait Anxiety Inventory (STAI) Form Y [46]. The
STAI is a standardized self-report inventory for measuring state
and trait anxiety with 20 items (STAI Y-1 and STAI Y-2,
respectively). The STAI Y-1 measures the intensity of the
anxiety felt by an individual in the present, whereas the STAI
Y-2 measures how often an individual feels anxious. Scores
range from 20 to 80 for each subscale, with higher scores
indicating higher levels of anxiety.

Habitual Sleep Behaviors
Habitual sleep duration on workdays and free days (SLw and
SLf, respectively) was assessed using a single question for each
(“How long do you sleep on weekdays?” and “How long do
you sleep if tomorrow is a holiday?”). These measurements
were used to compute an index representing participants’ sleep
status during the trial period. Sleep quality was assessed using
the Pittsburgh Sleep Quality Index (PSQI). The PSQI is a
self-report inventory used to assess sleep quality over the
preceding month [47,48]. The PSQI consists of 19 items on
self-reported sleep quality, sleep latency, sleep duration, habitual
sleep efficiency, sleep disturbances, use of sleeping medication,
and daytime dysfunction. Scores range from 0 to 21, with a
higher total score indicating poorer sleep quality. The strong
reliability and validity of this questionnaire have been confirmed
in a recent meta-analysis [49].

Self-reported Work Performance
Self-reported work performance was measured using the World
Health Organization Health and Work Performance
Questionnaire (HPQ) [50,51]. The HPQ asks participants to
rate their overall work performance over the preceding 4 weeks
on a self-anchoring scale from 0 to 10: “On a scale of 0 to 10,
how would you rate your usual work performance over the past
four weeks?” The score was converted to a 100-point scale by
multiplying the raw score by 10, with a higher score indicating
better work performance.

EMA Questionnaire
The participants answered an EMA questionnaire 5 times per
day using the HIT app. The EMA included the following
measurements:

1. Depressive mood and anxiety were scored using the
Depression and Anxiety Mood Scale [52]. This scale
comprises the following 9 adjectives representing mood
states: “vigorous,” “gloomy,” “concerned,” “happy,”
“unpleasant,” “anxious,” “cheerful,” “depressed,” and
“worried.” On the basis of the 9 items, anxious (the sum of
“concerned,” “anxious,” and “worried” scores), positive
(the sum of “vigorous,” “happy,” and “cheerful” scores),
and negative (the sum of “gloomy,” “unpleasant,” and
“depressed” scores) moods were calculated. Depressive
mood scores were obtained by combining the last 2 mood
scores as follows: (300-positive mood score) +negative
mood score. The resulting depressive mood scores were
rescaled to range from 0 to 100.

2. Physical symptoms, including stress, sleepiness, fatigue,
and neck and shoulder stiffness were rated according to the
participant’s response to being asked if they felt “stressed,”
“sleepy,” or “fatigued” and “if their neck and shoulders
were stiff.”

3. Daily work performance was rated after work in response
to the question, “How would you rate your work
performance of today?”

These measurements were rated using a visual analog scale
from 0 to 100 displayed on the screen. All scores were
transferred to the HIT server immediately after the completion
of each EMA questionnaire.

Sleep Monitoring
The participants were instructed to wear a wristband-type
activity monitor on their nondominant wrist during the trial
period, except while bathing, showering, performing rigorous
exercise, or any other activities likely to damage the device.
The device is equipped with triaxial piezoelectric accelerometers
capable of detecting small changes in bodily acceleration (≥0.01
G/rad/s). We confirmed that the device performs at a level
equivalent to research-grade actigraphy (Ambulatory Monitors
Inc), which is widely used in clinical settings. Results of the
comparative analysis are presented in Multimedia Appendix 2.

The device was configured to transfer physical activity data to
the HIT server using the HIT app whenever a participant
launched the app. We used zero-crossing counts, which counts
the number of times per epoch that the acceleration signal level
crosses 0 [53], accumulated per minute, to compute objective
sleep variables.

To estimate sleep variables, we adopted the Cole-Kripke
algorithm with Webster’s rescoring rules [54,55] for
zero-crossing count data to identify whether the recorded
1-minute epoch was sleep or wake. Next, we introduced the
sleep probability function (SPF) θ(t) as follows:

where t denotes the clock time converted to a numerical value
(eg, 3 AM is transformed to 3.00, and 6:30 PM is converted to
18.50). Thus, the SPF is a value ranging from 0 to 1 and
represents circadian oscillations.

Then, we estimated the effective SPF parameters (β0, β1, and
β2) to fit the actual Cole-Kripke identification using a Bernoulli
logistic regression model.

CK(t)~bernoulli(θ(t))...(2)

where CK(t) represents the result of Cole-Kripke identification
when the clock time is t; CK(t) = 0 and CK(t) = 1 denote that
the epoch at time t was labeled as wake and sleep, respectively.

Finally, we estimated the square waveform function θ’(t) from
θ(t) by introducing onset and offset (ton and toff, respectively).

Effective ton and toff were computed to maximize the R2 value
between θ’(t) and CK(t) using the Nelder-Mead method. We

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 10 | e39150 | p.167https://mhealth.jmir.org/2022/10/e39150
(page number not for citation purposes)

Takeuchi et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


assumed that ton and toff represent bedtime and wake-up time,
respectively; thus, sleep duration and midpoint of sleep were
determined using their interval and midpoint. We confirmed
that the algorithm was performed at a level equivalent to
Action-W version 2 software (AW2 software, Ambulatory
Monitors Inc), which was used to analyze the research-grade
actigraphy data (Multimedia Appendix 2).

The average sleep duration per day was calculated based on the
habitual sleep duration on workdays and free days (Sw and Sf,
respectively) in the baseline questionnaire using the following
equation:

which represents the expected sleep duration per day because
the participants worked 5 days per week. Sleep debt and
cumulative sleep debt were defined as follows:

sleep debt = Average sleep duration − Estimated sleep
duration...(5)

cumulative sleep debt = Σsleep debt...(6)

Thus, sleep debt represents sleep insufficiency per day, and
cumulative sleep debt represents its cumulative value over time.
During the trial period, these values were automatically sent to
the participants in the feedback group using the HIT app.

Data Collection Protocol
Trained researchers provided participants with a comprehensive
explanation of the purpose and potential risks of the study.
Subsequently, they signed an informed consent form and
completed the baseline questionnaire. In addition, they received
a sleep hygiene guide that listed daytime activities to improve
their habitual sleep behaviors or health conditions (Multimedia
Appendix 3). They were then asked to install the HIT app on
their smartphones and wear an activity monitor on their
nondominant wrist. All participants were instructed on the use
of the app and the activity monitor. Using these instruments,
we repeatedly measured their momentary symptoms and
physical activity data in real time. The setup and operating
procedures were presented on the web as much as possible using
a communication service and videoconferencing system.

An overview of the trial is shown in Figure 1. This trial was
carried out for almost 3 weeks (from November 30 to December
19, 2020). During the trial period, the participants were asked
to complete the EMA questionnaires (see the section EMA
Questionnaire) at randomly selected times within +10 minutes
to −10 minutes of predetermined times (10 AM and 2 PM). In
addition, they were asked to complete the EMA when they woke
up, finished their work, and went to bed (wake-up time, after
work, and bedtime, respectively).

At 9 AM every day, the physical activity data on the HIT server
were collated and analyzed to estimate sleep duration, sleep
debt, and cumulative sleep debt using a local data analysis
server. On the basis of the estimated sleep data, personalized
sleep feedback messages were generated and sent to participants
in the feedback group. They were informed about their sleep
status (estimated sleep debt and cumulative sleep debt) and
requested to plan and adjust their daytime activities with
reference to guidelines for reducing their sleep debt. The
message read as follows: “You accumulated XX minutes of
sleep debt yesterday. Your current overall debt is XX minutes.
Sleep debt has adverse effects on physical and mental health.
Adjust your daytime behavior to cancel your debt.”

If sufficient physical activity data (<720 records/day) had not
been uploaded to the server by 9 AM, an alternative message
was sent to the participant requesting them to confirm the BLE
pairing of the activity monitor with their app: “It seems that
your data have not been uploaded successfully. We will analyze
the data again at 1 PM. Please check the BLE connection of
your HIT app before then.” The same computation process was
executed at 1 PM for the relevant participants. These processes
were executed by the local servers and were fully automated.

After the trial period, the participants rated their overall work
performance in the preceding 2 weeks on a self-anchoring scale
from 1 to 10. The question was as follows: “On a scale from 0
to 10, how would you rate your work performance over the past
two weeks?” While the HPQ was originally developed to
evaluate work performance over the past month, the scale used
in this study was modified to evaluate performance over the
past 2 weeks, corresponding to the survey period.
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Figure 1. Overview of the trial. HIT: health care Internet of Things.

Statistical Analysis
Sleep variables, including sleep duration and midpoint of sleep,
and daily work performance were recorded once a day, while
mood and physical symptoms were recorded several times a
day using smartphone-based EMA. Owing to this difference in
the frequency of data recording, we used different models to
analyze the group differences in the obtained data.

For the sleep variables and daily work performance, we
constructed a hierarchical Bayesian model to capture the daily
trend, baseline level, and within-individual stability, as follows:

yijk = βij
0 + βi

1 Dayijk + eijk

βij
0 = βi

0 + rij
0

eijk ~ N(0, σi
y)

rij
0~ N(0,σ0)

where yijk indicates the dependent variable (sleep duration,
midpoint of sleep, or daily work performance) at the k-th
recording for the j-th participant in the i-th group; Dayijk

indicates the day on which the corresponding dependent variable
was measured to record the trend (improving or worsening);

βij
0 is the intercept of the j-th participant in the i-th group; βi

1

is the slope for the day of the i-th group; the random terms rij
0

are the between-individual residuals; and eijk are the
within-individual residuals. In particular, the variance

component σi
y can be interpreted as a measurement of how

stable or fluctuating the sleep variables within an individual are

at the group level. Therefore, σi
y was assumed to be affected

by whether the intervention was provided and estimated for
each group. All random terms were assumed to follow a normal
distribution.

For EMA-recorded mood and physical symptoms, we used
linear mixed effect models to examine their diurnal slopes and
group differences.

yijk = βj
0 + β 1 Timeijk + β 2 Groupijk + β 3 Timeijk *

Groupijk + eijk

βj
0 = β 0 + rj

0

eijk ~ N(0, σy)

rj
0~ N(0,σ0)

where yijk indicates the moods or physical symptoms at the k-th
recording for the j-th participant in the i-th group; Timeijk

indicates the categorical variable representing the timing when
the corresponding dependent variables were recorded; thus,
Timeijk = 0 and Timeijk = 1 denote that the dependent variables
were recorded at wake-up time and bedtime, respectively;
Groupijk indicates the categorical variable representing the group
in which the j-th participant was classed; thus, Groupijk = 0 and
Groupijk = 1 denote that the dependent variable was obtained
from the participant classed as the control and feedback groups,

respectively; βj
0 is the intercept of the j-th participant; β1, β2,

and β3 are the coefficients for Timeijk, Groupijk, and their

interaction term, respectively; the random terms rj
0 are the

between-individual residuals and eijk are the within-individual
residuals. All random terms were assumed to follow a normal
distribution. When a significant interaction effect was observed,
we performed multiple comparison tests with Tukey correction.

In addition, we performed two-tailed Welch t test and Fisher
exact test for the baseline data to confirm that there were no
significant group differences. As the HPQ scores were recorded
in the baseline and follow-up questionnaires, we performed
2-way repeated measures ANOVA to examine the main effects
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of group (control vs feedback) and time (pre- vs
postintervention) and their interaction effect. For the cumulative
sleep debt, we performed the Welch 2-tailed t test and Levene
test for equality of variances for the final observation data per
participant to examine the group differences in terms of mean
and variance.

All analyses were performed using R statistical software (version
4.0.2). In particular, the parameters of the statistical models
were computed using the rstan [56] and lmerTest [57] packages.
The emmeans package (also known as the lsmeans package)
[58] was used for multiple comparison tests with Tukey
correction. Statistical significance was defined as when the 95%
credible interval (CI) did not include the null value or when a
P value <.05.

Ethics Approval
The Ethics Committee of the University of Tokyo approved
this study and the informed consent form (approval number
20-20).

Results

Demographic Characteristics
In total, 31 individuals agreed to participate in the study.
However, the data of 4 participants were excluded from the
statistical analyses because of their low response rates for
wake-up time and bedtime on the EMA questionnaire (ie, <3
days; Figure 2). The demographic characteristics of the
participants, including the control group (n=12) and the feedback
group (n=15), are presented in Table 1. The mean age of the
participants was 41.8 (SD 7.9) years, and 33% (9/27) were
females. The Welch 2-tailed t test and Fisher exact test showed
that there were no significant differences in demographic
characteristics between the groups. The total number of EMA
records was 1839, and the overall response rate was 64.88%
(1839/2835).

Figure 2. Flowchart of participant data selection for analyses. EMA: ecological momentary assessment; F: female; M: male.
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Table 1. Baseline demographic characteristics of participants by group.

P valueFeedback group (n=15)Control group (n=12)Overall (N=27)

.35a40.47 (7.21)43.42 (8.72)41.78 (7.90)Age (years), mean (SD)

.22b3 (20)6 (50)9 (33)Female, n (%)

.40a22.03 (2.67)21.18 (2.54)21.65 (2.60)BMI (kg/m2), mean (SD)

.72a6.20 (5.42)6.92 (4.94)6.51 (5.13)BDI-IIc, mean (SD)

.99b2 (13)2 (17)4 (15)BDI-II >13, n (%)

.67a40.60 (11.17)38.75 (11.31)39.78 (11.05)STAI Y-1d, mean (SD)

.52a41.20 (11.69)38.67 (8.50)40.74 (10.28)STAI Y-2e, mean (SD)

.97a4.71 (2.33)4.75 (2.05)4.73 (2.16)PSQIf, mean (SD)

.88a6 h 16 min (53 min)6 h 20 min (1 h 18 min)6 h 18 min (1 h 4 min)Sw
g, mean (SD)

.45a7 h 00 min (1 h 25 min)6 h 35 min (1 h 23 min)6 h 49 min (1 h 23 min)Sf
h, mean (SD)

aWelch t test.
bFisher exact test.
cBDI-II: Beck Depression Inventory second edition.
dSTAI Y-1: State Anxiety Scale.
eSTAI Y-2: Trait Anxiety Scale.
fPSQI: Pittsburgh Sleep Quality Index.
gSw: sleep duration on work days.
hSf: sleep duration on free days.

Statistical Properties of Sleep Variables
We examined group differences in the sleep variables such as
cumulative sleep debt, sleep duration, and midpoint of sleep
during the trial period. The data of 5 of the 27 (18%) participants
were excluded from the analyses because of physical activity
measurement failures (Figure 2). Thus, the data from 11
participants in the control group (mean age 43.3, SD 9.1 years;
6 males and 5 females) and 11 participants in the feedback group
(mean age 41.3, SD 7.41 years; 9 males and 2 females) were
analyzed.

Figure 3 presents the spaghetti plots of the computed sleep
variables for all participants during the trial period. The Welch
t test and Levene test for equality of variances indicated that

there was no significant group difference in cumulative sleep
debt per participant, t17.32=0.64, P=.53; F1,20=0.15, P=.70.

We subsequently examined the group differences in the daily
trend, baseline level, and within-individual residuals for sleep
duration and midpoint of sleep using the hierarchical Bayesian
model. The within-individual residuals for the midpoint of sleep
in the feedback group were significantly smaller than those in
the control group (expected a posteriori for the difference: −15,
95% CI −26 to −4 min; Table 2). This was also the case for the
within-individual residuals for bedtime (−18, 95% CI−31 to −4
min; Multimedia Appendix 4). Both groups showed no
significant slope of the day in terms of sleep duration (control
group: 0 95% CI −3 to 3 min; feedback group: 1, 95% CI −3 to
1 min) or midpoint of sleep (control group: −1, 95% CI −4 to
1 min; feedback group: 1, 95% CI −1 to 3 min).
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Figure 3. Spaghetti plots of the estimated cumulative sleep debt (top panels), sleep duration (middle panels), and midpoint of sleep (bottom panels)
per participant across the trial period. The left and right panels indicate the time series of the sleep variables for the control group and the feedback
group, respectively.
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Table 2. Results of the hierarchical Bayesian model for sleep duration and midpoint of sleep.

DifferenceFeedback groupControl group

95% CIEAP (SD)95% CIEAP (SD)95% CIcEAPa (SD)b

Sleep durationd

−1 h 2 min to
58 min

−1 min (31
min)

6 h 27 min to 8 h 36
min

7 h 31 min (33 min)6 h 42 min to 8 h
23 min

7 h 33 min (26 min)Intercept

−4 min to 3 min−1 min (2 min)−3 min to 1 min1 min (1 min)−3 min to 3 min0 min (1 min)Day

N/AN/Af29 min to 1 h 14 min48 min (11 min)29 min to 1 h 14
min

48 min (11 min)σ0e

−14 min to 16
min

0 min (8 min)1 h 3 min to 1 h 26
min

1 h 13 min (6 min)1 h 4 min to 1 h
23 min

1 h 13 min (5 min)σy

Midpoint of sleepd

−42 min to 52
min

4 min (24 min)2:44 to 4:263:34 (26 min)2:48 to 4:123:30 (21 min)Intercept

0 min to 5 min2 min (1 min)−1 min to 3 min1 min (1 min)−4 min to 1 min−1 min (1 min)Day

N/AN/A27 min to 1 h 1 min41 min (9 min)27 min to 1 h 1
min

41 min (9 min)σ0

−26 min to −4
min

−15 min (5

min)g
39 min to 54 min46 min (4 min)53 min to 1 h 9

min
1 h 1 min (4 min)σy

aEAP: expected a posteriori (expected value of the posterior distribution).
bSD of the posterior distribution.
cCI: credible interval.
dThe models were run after controlling for age and sex.
eThe difference in the interindividual variability for the intercept (σ0) was not computed because σ0 was assumed to be equal between groups.
fN/A: not applicable.
gItalicized values denote statistically significant group effects, at a 95% CI.

Self-reported Work Performance Assessment
We examined the group differences in daily work performance
during the trial period using 307 EMA records obtained from
27 participants (Figure 4). We examined the statistical properties
of daily work performance by using the statistical model used

to analyze the sleep variables. However, there were no
significant differences between the groups (Table 3). When
comparing the HPQ score before and after the intervention using
a 2-way repeated ANOVA, the main effects of group, F1,25=0.39,
P=.54, and time, F1,25=0.01, P=.94, and their interaction,
F1,25=0.05, P=.83, were not significant.

Figure 4. Spaghetti plots of the daily work performance recorded using ecological momentary assessment per participant across the trial period. The
left and right panels indicate the time series of the work performance for the control group and the feedback group, respectively.
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Table 3. Results of the hierarchical Bayesian model for daily work performance.

DifferenceFeedbackControl

95% CIEAP (SD)95% CIEAP (SD)95% CIcEAPa (SD)b

Daily work performanced

−11.92 to 19.843.85 (8.01)44.24 to 78.8261.45 (8.77)44.60 to 70.5457.59 (6.67)Intercept

−0.77 to 0.29−0.24 (0.27)−0.26 to 0.410.08 (0.17)−0.11 to 0.750.32 (0.22)Day

N/AN/Af12.38 to 23.5417.06 (2.89)12.38 to 23.5417.06 (2.89)σ0e

−2.94 to 1.50−0.66 (1.14)11.31 to 14.1212.62 (0.72)11.68 to 15.1413.28 (0.88)σy

aEAP: expected a posteriori.
bSD of the posterior distribution.
cCI: credible interval.
dThe models were run after controlling for age and sex.
eThe difference in the interindividual variability for the intercept (σ0) was not computed because σ0 was assumed to be equal between groups.
fN/A: not applicable.

Diurnal Slopes for EMA Scores
The recorded EMA scores of 27 participants (760 records) were
used to examine the diurnal slopes in momentary mood and
physical symptoms (Figure 2). The linear mixed effect model
results showed significant interaction effects between group
and time in physical symptoms (fatigue, P=.002; sleepiness,
P<.001; and neck and shoulder stiffness, P<.001; Table 4). In

addition, a multiple comparison test with Tukey correction
showed that the EMA scores of physical symptoms at wake-up
time were significantly lower than those at bedtime in the
feedback group (fatigue, sleepiness, and neck and shoulder
stiffness, P<.001). In the control group, a significant difference
between wake-up time and bedtime was observed only for
fatigue (P<.001; Figure 5).
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Table 4. Results of the linear mixed effect model for mood and physical symptoms.

P valueDfbCoefficient (SE)Mood and physical symptomsa

Depressive mood

<.00123.2841.27 (5.56)Interceptc

.1523.42−9.87 (6.61)Group

.75731.32−0.35 (1.10)Time

.63731.60.74 (1.51)Group×Time

Anxiety

<.00123.3135.75 (7.42)Interceptc

.0723.46−16.89 (8.82)Group

.41731.36−1.29 (1.56)Time

.16731.663.03 (2.14)Group×Time

Stress

<.00123.4247.07 (8.02)Intercept

.0623.6−18.66 (9.54)Group

.17731.462.49 (1.80)Time

.85731.820.46 (2.47)Group×Time

Fatigue

<.001 d23.7235.22 (7.24)Intercept

.0724.03−16.47 (8.62)Group

<.001731.7816.07 (2.14)Time

.002732.399.31 (2.96)Group×Time

Sleepiness

<.00124.0855.75 (7.20)Intercept

.2624.51−9.81 (8.58)Group

.61732.141.27 (2.49)Time

<.001732.9617.70 (3.42)Group×Time

Neck and shoulder stiffness

<.00123.2743.33 (9.59)Intercept

.2723.37−12.99 (11.40)Group

.13731.3−2.51 (1.64)Time

<.001731.518.46 (2.26)Group×Time

aThe df values correspond to the denominator df in ANOVA model.
bThe effects of group (control vs feedback group) and time (wake-up time vs bedtime) were assumed to be fixed effects, and those of individuals were
assumed to be random effects.
cThe control group and wake-up time were used as the reference categories for each variable; thus, the intercept indicates the expected EMA score of
moods or physical symptoms for the control group during the wake-up time.
dItalicized values denote statistically significant interaction effects. All models were run by controlling for age and sex.
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Figure 5. Average ecological momentary assessment scores for fatigue, sleepiness, and neck and shoulder stiffness at bedtime and wake-up time in
the control group and the feedback group. The error bars indicate the SE per group.

Discussion

Principal Findings
We explored the effects of personalized feedback messages
regarding the current sleep status on habitual sleep behavior
and momentary mood and physical symptoms in Japanese office
workers, using a unique cloud-based HIT system that included
a web-based wearable activity monitor and a smartphone app.
Specifically, we focused on group differences in the statistical
properties of sleep variables and within-day momentary
symptoms during the trial period. We found that the
within-individual residuals for sleep timing were significantly
smaller in the feedback group than in the control group. In
addition, the diurnal slopes for physical symptoms (sleepiness,
fatigue, and neck and shoulder stiffness) differed significantly
between the feedback and control groups, largely because of
better physical symptom scores in the feedback group at
wake-up time. This is the first mHealth study to implement
push-type sleep feedback based on objective measurements and
to demonstrate improved sleep status and momentary symptoms
associated with receiving the feedback message. The findings
in this study suggest that objective push-type feedback messages
may promote sleep self-management and solve habitual sleep
behavior problems, despite the minor inconvenience.

Several mHealth apps have been developed for treating sleep
disturbances such as insomnia [30,31], but the objective sleep
feedback function has not been implemented in these apps.
While users of consumer-grade wearable devices can take
advantage of objective sleep measurements, these are regarded
as pull-type interventions, as these devices require the user to
actively access an app to receive feedback, which can sometimes
be burdensome. Connecting mHealth apps with wearable sensing
devices and sending objective push-type sleep feedback may
be a feature to consider when developing or updating mHealth
apps that target sleep disturbance.

Comparison With Previous Work
The within-individual residuals in sleep variables examined in
this study can represent how sleep behavior varies across days,
which is commonly referred to as intraindividual variability

[22]. Recently, the stability of habitual sleep behavior has been
considered a critical factor for physical and mental health, as
previous studies have indicated that greater intraindividual
variability in sleep behavior is associated with worse medical
health conditions [25] and poorer psychological well-being [26].
In our study, participants may have attempted to improve their
sleep habits by adopting strategies to stabilize their sleep timing
(specifically their bedtime); for example, by not staying up late
excessively. This inference is supported by evidence of a
significant group difference in the within-individual residuals
at bedtime but not in wake-up time. Similar results were reported
by Murawski et al [40] who found improvement in the
variability of sleep timing after the 3-month intervention. Given
the fact that our survey period was relatively short, it is
speculated that the improvement in sleep variability is an initial
change caused by improved awareness of habitual sleep
behaviors. Especially in modern industrial societies, the
sleep-wake cycle adhering to social schedules, rather than
endogenous circadian rhythms, leads to exposure to bright light
at significantly different times from the natural environment.
This causes disturbances in sleep and circadian rhythms, such
as circadian misalignment [59] and social jet lag [60,61], which
are linked to future health problems. Thus, the findings of this
study suggest that sending personalized sleep feedback messages
may potentially contribute to the primary prevention of physical
and mental health problems as well as the improvement of the
sleep-wake cycle.

Improvements in physical symptoms and stabilization of sleep
timing were simultaneously observed in the feedback group,
suggesting the covariant relationship between them. Indeed,
previous studies have indicated that individuals with greater
intraindividual variability in sleep timing and sleep duration
show more dysregulated biomarkers related to endogenous
circadian rhythm [23] and inflammatory functions [24], which
can influence diurnal symptoms including sleepiness and fatigue.
Therefore, improved physical symptoms at wake-up time in the
feedback group may have been caused by stabilized sleep
timing, mediated by regulated physiological systems. Thus, it
is possible that improved physical symptoms were observed as
a short-term effect or proximal outcome of the interventions
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that stabilized sleep timing and, by extension, functioned as an
incentive to improve sleep habits and adjust daytime activities.
However, inconsistent results have been reported in previous
studies investigating the relationship between sleep and physical
symptoms. In a cross-sectional study, there was no relationship
between sleep variability and daytime fatigue and sleepiness
[62], whereas daytime sleepiness was reduced among university
students who were instructed to stabilize their sleep-wake
schedule experimentally [63]. These mixed results may be due
to the use of survey designs that evaluate symptoms at a single
time point. In contrast, we measured physical symptoms several
times per day using the EMA technique, with finer temporal
resolution than in previous studies, and with ecological validity,
resulting in the discovery of improved physical symptoms at
wake-up time in the feedback group. When acquiring physical
symptom data, the timing of the measurements can also be an
important factor.

A previous study demonstrated that the use of wearable devices
improved sleep duration in a healthy population [29]. However,
the hierarchical Bayesian model demonstrated that the slope of
day for sleep duration and midpoint of sleep were not
statistically significant; thus, we did not find an improvement
in sleep duration or midpoint of sleep by using only sleep
feedback. This discrepancy may be due to the prompts of
feedback messages. During the survey period, participants’
sleep debt did not accumulate much, and they seemed to receive
messages indicating that their sleep status was better. Under
such circumstances, they might have attempted to maintain their
sleep status by stabilizing their sleep-wake cycle rather than to
improve their sleep duration or sleep timing. In future studies,
it will be necessary to provide further support for prolonging
sleep duration and advancing sleep timing, in addition to an
objective sleep feedback message. Improvements in sleep
duration and timing can also be beneficial to daytime functions,
such as momentary moods and work performance, which were
not improved in this study.

Future Directions
The HIT app is primarily designed for collecting
multidimensional data in daily life, unlike mHealth apps
developed for treating sleep disturbance. Therefore, in the HIT
app, the functions useful for improving sleep disturbances are
limited to objective feedback messages, while other apps offer
several support functions, such as psychoeducation, sleep
hygiene, and data visualization [30]. It is possible to improve
sleep duration and timing by incorporating additional
intervention options into the HIT app. Behavioral instructions
to build sufficient sleep pressure at night are an example of
additional support. In the treatment of patients with insomnia,
sleep restriction therapy, which induces mild sleep deprivation
to build homeostatic sleep pressure, is used, and existing
mHealth studies incorporating sleep restriction therapy
demonstrate a significant improvement in insomnia severity
and sleep efficacy [35,64,65]. Interventions that build sufficient
homeostatic sleep pressure as part of daily living, for example,
exercising in the evening and avoiding long naps, may improve
sleep duration and daytime functions, including work
performance. Other interventions include behavioral
coordination that works on the endogenous circadian rhythm;

for example, adjusting the timing of food intake and avoiding
exposure to bright light before bedtime. Such expansions can
facilitate the control of habitual sleep timing and enhance the
applicability of an IoT system with mobile devices for the
treatment of various sleep disorders. Measuring, integrating,
and using multidimensional information, including
environmental and behavioral data, requires additional research.
Simultaneously, integrative health care information systems,
such as an HIT system, may provide a solution and expand
intervention options, facilitating the verification of their
effectiveness.

Limitations
This study had several limitations. First, the small number of
participants were recruited from a life insurance company in
Japan, and the social schedules of participants appeared similar,
limiting the generalizability of the results. Indeed, work-related
factors, including occupation, job stress, work hours, shift work,
and physically demanding work, are associated with habitual
sleep duration and sleep quality [66-68], suggesting that sleep
habits may differ by occupation. Thus, a representative study
including various occupations and lifestyles is required to ensure
generalizability of the findings of this study.

Second, in this study, the exclusive computational method
estimating sleep debt was introduced by summing the
differences between the estimated and expected sleep duration.
Although similar methods have been used to estimate sleep debt
in other studies (the difference between self-reported sleep need
and sleep duration on weekdays) [69,70], sleep debt computed
using these methods may not reflect the neurobehavioral
impairment caused by chronic sleep loss commonly observed
in the experimental condition [71,72]. Initially, we adopted this
definition with the aim of having participants plan their daily
activities to improve the status of sleep insufficiency, but it
could be possible that actual sleep debt was not accurately
estimated. Therefore, a reliable method to estimate current sleep
status should be developed and used in future studies. Especially,
combining EMA techniques and machine learning methods is
expected to provide reliable sleep measurements in daily life.
For instance, a recent study reported that machine learning
techniques could estimate daily sleep quality by using complex
life data obtained from EMA questionnaires [73]. Collecting
and integrating multidimensional information would be
meaningful not only in understanding the covariant associations
of sleep behavior with daytime symptoms but also for
developing novel sleep measurements.

Finally, participants could identify the group they were assigned
to because only the participants in the feedback group received
feedback messages at 9 AM. Considering that physical
symptoms were measured using self-report evaluations, EMA
recordings were affected by cognitive biases such as the
Hawthorne effect (the inclination of people who participate in
an experimental study to change or improve their behavior only
because it is being studied and not because of changes in the
experimental stimulus). Optimizing the study design would help
clarify this point. For example, by sending intervention messages
that are not related to habitual sleep behavior to participants in
the control group, we can determine whether the finding is based
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on a specific response to sleep feedback messages. In addition,
implementing a microrandomized trial [74], which is equivalent
to a within-individual randomized controlled trial, could also
be helpful in investigating the effectiveness of the interventions.
By randomizing whether feedback messages are sent, we could
examine the causal relationships between sleep behaviors and
daytime functions.

Conclusions
We conducted an mHealth trial with office workers and
demonstrated that objective push-type sleep feedback stabilizes

sleep timing and improves physical symptoms at wake-up time.
However, we did not find evidence of prolonged sleep duration,
advanced sleep timing, or improved work performance. Future
research should incorporate specific behavioral instructions
intended to improve sleep duration and sleep timing with the
current protocol and investigate behavioral instruction
effectiveness by integrating and using multidimensional
information collected as part of daily life.
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