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Abstract

Background: A large number of wearable activity monitor models are released and used each year by consumers and researchers.
As more studies are being carried out on children and adolescents in terms of sedentary behavior (SB) assessment, knowledge
about accurate and precise monitoring devices becomes increasingly important.

Objective: The main aim of this systematic review was to investigate and communicate findings on the accuracy and precision
of consumer-grade physical activity monitors in assessing the time spent in SB in children and adolescents.

Methods: Searches of PubMed (MEDLINE), Scopus, SPORTDiscus (full text), ProQuest, Open Access Theses and Dissertations,
DART Europe E-theses Portal, and Networked Digital Library of Theses and Dissertations electronic databases were performed.
All relevant studies that compared different types of consumer-grade monitors using a comparison method in the assessment of
SB, published in European languages from 2015 onward were considered for inclusion. The risk of bias was estimated using
Consensus-Based Standards for the Selection of Health Status Measurement Instruments. For enabling comparisons of accuracy
measures within the studied outcome domain, measurement accuracy interpretation was based on group mean or percentage error
values and 90% CI. Acceptable limits were predefined as –10% to +10% error in controlled and free-living settings. For determining
the number of studies with group error percentages that fall within or outside one of the sides from previously defined acceptable
limits, two 1-sided tests of equivalence were carried out, and the direction of measurement error was examined.

Results: A total of 8 studies complied with the predefined inclusion criteria, and 3 studies provided acceptable data for quantitative
analyses. In terms of the presented accuracy comparisons, 14 were subsequently identified, with 6 of these comparisons being
acceptable in terms of quantitative analysis. The results of the Cochran Q test indicated that the included studies did not share a

common effect size (Q5=82.86; P<.001). I2, which represents the percentage of total variation across studies due to heterogeneity,
amounted to 94%. The summary effect size based on the random effects model was not statistically significant (effect size=14.36,
SE 12.04, 90% CI −5.45 to 34.17; P=.23). According to the equivalence test results, consumer-grade physical activity monitors
did not generate equivalent estimates of SB in relation to the comparison methods. Majority of the studies (3/7, 43%) that reported
the mean absolute percentage errors have reported values of <30%.

Conclusions: This is the first study that has attempted to synthesize available evidence on the accuracy and precision of
consumer-grade physical activity monitors in measuring SB in children and adolescents. We found very few studies on the
accuracy and almost no evidence on the precision of wearable activity monitors. The presented results highlight the large
heterogeneity in this area of research.

Trial Registration: PROSPERO CRD42021251922; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=251922
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Introduction

Background
Wearable devices are part of a growing market and are trending
in terms of monitoring physical activity (PA) and sleep. Widely
attainable wearable activity monitors (WAMs) have a high
demand, which is supported by projections of market size
growth by the year 2028, with extrapolated values of US $138.7
billion being extrapolated [1]. In addition, the magnification of
health problems related to sedentary lifestyles is expected to
increase the demand for these types of products. In addition,
the COVID-19 pandemic has added consciousness regarding
an overall picture of fitness and health in the general public.
Activity monitors function as a means of providing feedback
to users, while also offering behavior change tools, tracking of
progress, and data storage. Daily self-monitoring is a core
component of WAMs, in addition to comparing results with
those of other users, which could increase PA levels in the long
term [2].

Consumer-based WAMs can be wrist-worn or attached to a
piece of clothing on different parts of the body, such as the hip.
Currently, WAMs generally use a triaxial accelerometer to
capture bodily movement in 3 dimensions. The collected data
are then analyzed by proprietary algorithms to estimate the daily
number of steps, amount of expended energy, sleep quantity
and quality, and time spent on activities of different intensities
[3]. Although WAMs are directed toward and mostly used by
consumers who are already conscious about their health and
PA, these devices could also be used as measurement tools
among researchers in the fields of health promotion and PA
[2,4-6].

Research focused on technology (ie, accuracy and precision) is
of great interest, whereas studies of WAMs in the context of
treatment and in medical settings have also been increasing. A
recent systematic review [7] that analyzed 463 studies
demonstrated a significant growth rate in the annual number of
publications that included WAMs between 2013 and 2017.
Measurement accuracy is a vital consideration, as WAMs are
frequently used as a tool in research and a way of advising health
care decisions. Studies in this field of research rely on accurate
and precise instruments with small errors to elucidate complex
research questions in which measurement error limits statistical
power [8]. Consumer-grade WAMs were deemed accurate when
measuring heart rate and steps [3]. However, accuracy is
susceptible to variation when different manufacturers and types
of devices are considered, with lower accuracy being reported
for sleep, distance covered, and time spent in different PA levels
[5,6]. Regarding precision, it was reported that there is high
precision among devices for steps, distance, expended energy,
and sleep [5]. In contrast to the large number of already available
and emerging WAMs, there is still limited evidence on the
accuracy and precision of consumer-grade WAMs. Moreover,

most of the limited evidence at present refers to the measurement
of PA, whereas research on sedentary behavior (SB) is lacking.
This also goes against the growing popularity of monitoring
training, successive recovery, and components of individuals’
anthropological status with this type of technology [9]. When
discussing the interactions of children with WAMs, contrasting
research findings have been found, where some studies suggest
that WAMs could be used to increase PA levels, and others
have reported that WAM use over prolonged periods declines
over time among children and adolescents [7]. Studies on WAM
feasibility in children have shown that design, feedback features,
and comfort while wearing the device were the most important
factors [10].

Previously registered trials and conducted studies have most
commonly identified the number of steps taken as the outcome
of interest, followed by time spent in activity, sleep, energy
expenditure, and distance covered as some other outcomes
[7,11]. As recommendations have been provided for the first
time by the World Health Organization on the associations
between SB and health outcomes [12], it seems that research
on SB will gain greater interest in the future. SB relates to
low-intensity activities (<1.5 metabolic equivalents of tasks)
and includes several bodily positions, such as lying, sitting, and
reclining. SB is accompanied by a set of adverse health
outcomes, and this association is already apparent in childhood
[13]. Therefore, accurate, precise, and low-cost methods for
measuring SB in children are important SB. Consumer-based
WAMs could be of assistance in terms of reducing the financial
costs and time spent by professionals when providing support
and guidance for behavior change in children and adolescents.
Different issues may arise when measuring SB, such as the
following: (1) WAM placement; (2) how nonwear time is
defined, epochs, and cutoff points; (3) setting the criteria for
SB bouts and breaks; and (4) a combination of posture and
motion data [14]. Although several systematic reviews have
attempted to synthesize evidence on the accuracy of WAMs in
measuring PA [5,6,15,16], similar studies related to SB are not
available.

Objectives
The main aim of this systematic review was to analyze the
evidence available on the accuracy and precision of
consumer-grade WAMs in assessing the time spent on any type
of SB in children and adolescents.

Methods

Search Strategy
The search strategy followed the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) guidelines
[17]. The review protocol was registered with PROSPERO, an
international prospective register of systematic reviews
(CRD42021251922). Electronic databases PubMed
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(MEDLINE), Scopus, and SPORTDiscus (full text) were
searched to find all relevant studies; in addition, ProQuest, Open
Access Theses and Dissertations, Dart Europe E-Theses Portal,
and Networked Digital Library of Theses and Dissertations
electronic databases were searched as alternative literature
sources of possible gray literature [18]. For each electronic
database, a modified search strategy concerning specific and
controlled vocabulary was used, with a variation of the following
terms: (children, adolescent, teen, youth) AND (fitness tracker,
physical fitness tracker, activity monitor, activity tracker,
wearable device, wearable) AND (sedentary behavior,
sedentary, sedentary lifestyle, physical inactivity, sedentary
time, rest, sitting position, reclining). A filter covering studies
published in European languages was applied, and a time frame
was set for studies ranging from January 1, 2015, to the day of
this systematic review’s execution, April 15, 2021. The term
European languages refers primarily to some of the most
commonly spoken languages in Europe, namely English,
German, French, Italian, and Spanish, as the authors can
understand these languages; therefore, the search was not limited
only to studies in English. In addition, reference lists of the
included studies and secondary sources were examined to find
additional studies that were acceptable for inclusion. The
constructed search strategy is presented in Multimedia Appendix
1.

Study Selection and Eligibility Criteria
All papers retrieved from the electronic databases were gathered
and organized into the Rayyan web application (Qatar
Computing Research Institute, Hamad Bin Khalifa University)
for systematic reviews [19]. Rayyan was used to screen for
potential duplicates; a manual inspection was then performed
to discover any additional duplicates. Titles and abstracts of the
first 10% of the results were screened independently by 2
reviewers (AM and JK). Given that the interrater agreement
was 100%, only one of the authors (AM) continued with the
screening process for the remaining 90% of the results. In case
of ambiguities, the authors resolved the situation through a
discussion with a third reviewer (MS). After the initial screening,
full texts of the selected studies were accessed and screened for
eligibility by 2 independent reviewers (AM and JK). When
needed, disagreements among reviewers were resolved through
a discussion with the third reviewer (MS).

The search was limited to studies that involved participants
aged <18 years, namely children and adolescents. Studies that
included participants with a physical disability or any other
condition precluding them from engaging in PA were excluded.
Inclusion was possible for studies conducted in both controlled
and free-living settings. Studies were considered for inclusion
only when the accuracy of a consumer-grade PA monitor was
examined in comparison with an appropriate research-grade
device in relation to a specific study setting. Appropriate
research-grade devices were predefined and included indirect
calorimetry, direct observation, and accelerometers. The main
outcome of the eligible studies was the duration of SB, which
relates to activities that do not increase energy expenditure
substantially above the resting level and includes activities
performed in a sitting or lying down position. Studies that were
not available in full text were excluded as were studies that

reported energy expenditure as their only outcome. During the
literature search stage, no restrictions were set in terms of study
type, although only original scientific papers were considered
for inclusion, and secondary sources were excluded after their
reference sections were manually inspected. Studies comparing
different types of consumer-grade monitors without including
a research-grade comparison method were also excluded. Data
from one of the studies [20] were sought from the study authors,
but no response was received across several modes of
communication. Accuracy metrics labeled as acceptable for
quantitative analyses were as follows: mean absolute percentage
error (MAPE), standardized regression coefficient, odds ratio,
correlation statistics, average error, limits of agreement, area
under the curve or % sensitivity, % specificity or % positive
predictive value), % negative predictive value, and likelihood
ratio.

Risk of Bias Assessment
All included studies were assessed for the risk of bias by AM.
In case of uncertainty, a discussion with a second reviewer (MS)
was required to reach a decision. For assessing the risk of bias,
a Consensus-Based Standards for the Selection of Health Status
Measurement Instruments (COSMIN) tool was used [21].
COSMIN is a checklist used to evaluate the methodological
quality of included studies when conducting systematic reviews
of measurement characteristics. Each aspect of methodological
quality evaluation was appraised based on a proposed scoring
system [22]; it could be either of excellent, good, fair, or poor
quality. In line with previous studies [11], we used a modified
checklist in which the assessment included 6 components
relevant to our research aim. The design or methodology
components focused on the following: (1) percentages of
missing data, (2) missing data management, (3) adequate sample
sizes, (4) acceptable criterion comparisons, (5) design or
methodological flaws, and (6) reporting of acceptable accuracy
metrics, the only analytical component.

Data Extraction and Coding
Study characteristics and outcomes were extracted by a single
reviewer (PJ), whereas cross-checking of the table was
performed by a second reviewer (AM) familiar with the details
of the included studies. Potential conflicts were resolved through
discussion with a senior reviewer (MS). The extracted data
included the reference, study period, participants (number, age,
sex, ethnicity, socioeconomic status, and inclusion and exclusion
criteria), type of consumer-grade PA monitor, comparison
method, context of SB (ie, setting and type of activity), cutoff
points for SB, and reported accuracy metrics. Regarding
accuracy metrics, MAPE, standardized regression coefficients,
odds ratio, correlation statistics, average error, limits of
agreement, area under the curve, % sensitivity, % specificity,
% positive predictive value, % negative predictive value, and
likelihood ratio were extracted if available. In cases where group
percentage differences were not reported in the study, a group
percentage error was calculated ([Consumer-grademean –
Research-grademean] / Research-grademean × 100). This was
performed to acquire a common unit of measurement for
enabling comparisons of accuracy measures within the studied
outcome domain [6,11]. Except for % differences (ie, errors),
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95% CIs were extracted if they were reported or calculated if
appropriate data were accessible.

Statistical Analysis
All quantitative investigations were carried out in RStudio
(version 4.1.2) [23], using the meta [24], metafor [25], TOSTER
[26], gridExtra [27], dmetar [28], and ggplot2 [29] packages
for producing the results and plots of the meta-analysis. A
random effects model was used to pool the effect sizes and SEs
of the included studies. Two 1-sided tests of equivalence were
carried out to determine the number of studies with group error
percentages that fall within or outside one of the sides from
previously defined acceptable limits and the direction of
measurement error was examined. Studies with large sample
sizes conducting difference tests are more likely to find
statistically significant differences, whereas studies with smaller
sample sizes are less likely to do so; both cases lead to incorrect
conclusions [8,26]. Although tests of mean difference are a
common statistical approach in measurement agreement
research, equivalence testing was developed to provide evidence
of equivalence directly, in contrast with inferring no evidence
of differences among different devices [8]. Two 1-sided tests
of equivalence were conducted to compare the 90% CIs of the
estimates from the consumer-grade PA monitors with the
defined equivalence zone (EZ) extrapolated from the comparison
method. Although no formal guidelines exist to define the best
EZ, the interpretation of measurement accuracy in this study
included predefined acceptable limits for measurement accuracy
of –10% to +10% in controlled and free-living settings, in line
with previous secondary publications [6,11] and based on a
series of previous primary publications [30-32]. Testing for
whether the 90% CI from the measurements of consumer-grade
PA monitors falls within the determined EZ was conducted with
a statistical significance set at .05.

Because of the variability in the consumer-grade and
research-grade devices and the methods used, heterogeneity
was suspected; therefore, the random effects model was chosen.

Cochran Q test and I2 test were used to assess heterogeneity
and the degree of inconsistency, respectively, across studies
[33,34]. Both tests were used, because significant heterogeneity
among studies was poorly detected by the Cochran Q test when
a small number of studies was included in the meta-analysis,

as the power of the test is low under such conditions [33]. I2

was used, as it represents the percentage of total variation across
studies that is because of heterogeneity, ranging between 0%
and 100%, where values of 25%, 50%, and 75% point to low,
moderate, and high heterogeneity, respectively [33]. As noted
earlier, some heterogeneity in the true effect sizes among studies
was expected. Outlier and influence analyses were performed

to investigate the causes of these problems. As several methods
are present for determining outliers in meta-analyses [35], the
dmetar package [28] in R contains a find.outliers function, which
attempts to identify outlying studies included in the
meta-analysis, after which these studies are removed, and the
pooled effects are recalculated. Influential studies also have a
substantial effect on the pooled effect or heterogeneity, and
techniques used to identify these studies are based on the
leave-one-out method [35]. In the leave-one-out method,
recalculation of the results is performed as many times as there
are included studies in the meta-analysis, leaving out one study
each time [35]. Using the dmetar package [28] and an
accompanying InfluenceAnalysis function, various influence
diagnostics were calculated. A Baujat plot was constructed to
illustrate studies that influence overall heterogeneity and the
overall result, where those that fall to the top right quadrant
have the most influence [36]. Two forest plots of the
leave-one-out meta-analyses were also constructed: the first one

being sorted by the pooled effect size and the second by the I2

value. Effect estimates plotted against sample sizes used in the
studies were visually inspected with funnel plots, where
publication bias and other biases were identified if a skewed
and asymmetrical plot was present [37].

Alternatively, a narrative synthesis was performed for accuracy
analyses that did not report data, allowing for the inspection of
group percentage errors. Furthermore, the consistency of
accuracy metrics available from those studies with the
quantitative synthesis was narratively outlined, in addition to
the direction of the measurement error.

Results

Study Selection
After applying our search strategy to designated electronic
databases, 1085 studies were identified. Further, duplicates were
removed, and 82.3% (893/1085) of titles and abstracts were
carried over to screening for eligibility. The exclusion of 98.1%
(876/1085) of studies left us with 1.9% (17/1085) of studies in
which full-text screening was conducted. Following the full-text
screening, 9 additional studies were excluded if at least one of
the following reasons were present: no consumer-grade PA
monitors were used (7/9, 78%), included only adults (2/9, 22%),
and no SB outcome measures were assessed (2/9, 22%). Finally,
8 studies complied with all predefined inclusion criteria, and 3
(38%) of these studies provided acceptable data for inclusion
in the quantitative analyses. Only studies in English were found
and deemed eligible, even though the search was not limited
only to this language. The steps taken to identify the studies
included in this review are detailed in Figure 1.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.

Study Characteristics
All the information regarding study characteristics is
summarized in Table 1. Of the included studies, 8 contained a
total of 392 participants, whereas the mean number of
participants was 49 (SD 41.36; range 10 to 144). Of the total
number of participants, 195 were female (49.7%). Because one
of the studies [38] included individuals aged 16 to 25 years with
a median age of 19.3 (IQR 17-21) years, it was excluded from

the participants’ mean age calculation. Hence, the mean age of
participants was 8.3 (SD 2.39) years, with the age ranging from
4.8 to 10.3 years. Participants in all studies were healthy, except
for one study, which included youth with mental health problems
[38] but that did not preclude these participants from engaging
in PA. Of the 8 studies, 4 (50%) were conducted in free-living
settings [20,38-40], 3 (38%) studies were conducted in
controlled settings [41-43], and 1 (13%) study was conducted
in both controlled and free-living settings [44]. Most studies
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(6/8, 75%) used Fitbit devices (Fitbit Inc) as a consumer-grade
WAM [20,38,39,41-43]. Of the 8 studies, the 2 (25%) remaining
studies used the Polar active watch (Polar Electro Oy) [40] and
Movband, Sqord, and Zamzee [44]. ActiGraph GT3X +
(ActiGraph Inc) was most used as a comparison device in
free-living settings [20,39,40], with both ActiGraph GT9X [40]
and Actiwatch-64 (Philips Respironics) [38] being used in one
study. In controlled settings, WAMs were compared with
ActiGraph GT3X+ in 2 studies [42,44], whereas direct
observation [41] and a portable indirect calorimeter (Cosmed
K4B2; Cosmed Inc) [43] were used in one study each.
Consumer-grade WAMs were worn on the nondominant wrist
(6/8, 75%), dominant wrist (2/8, 25%), or the hip (2/8, 25%).
Research-grade PA monitors were worn on the hip and attached
to a belt on all the occasions. In studies conducted in free-living
settings, children wore the WAM for 24 hours, whereas the
duration of the monitoring period ranged from 1 to 7 consecutive
days, although in one of the studies, children were observed
across 5 days but only during an afterschool program that lasted
for 80 minutes [40]. In studies conducted in controlled settings,

sets of numerous unstructured or structured activities ranging
in intensity are usually performed. The number and duration of
these activities were similar, whereas the types of sedentary
activity were also similar across studies and included sitting or
lying while being quiet, watching television, listening to music,
or playing video games. Across the included studies, some
differences in the cutoff points used for identifying time spent
in SB were present in both consumer-grade and research-grade
PA monitors. For studies conducted in free-living settings, cutoff
points for identifying SB were reported only in terms of
research-grade PA monitors, and SB was usually equivalent to
≤25 counts per 15-second epoch or ≤100 counts per minute. A
pair of studies conducted in free-living settings used 2 different
cutoff points: SB <2.0 metabolic equivalent of tasks (METs)
or <1.5 METs [40], and SB <37.5 counts or ≤25 counts per
15-second epoch. Most of the studies (3/4, 75%) conducted in
controlled settings used similar cutoff points, that is, activities
with MET values of 1.4 or <1.5 METs were identified as
sedentary. Two of the studies did not report cutoff points for
consumer- or research-grade PA monitors [38,44].
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Table 1. Summary of study characteristics included in the systematic review (alphabetically by author and divided by study setting).

Accuracy met-
ric reported

Cutoff point for
sedentary behav-
ior

Type of device (body placement)Context of seden-
tary behavior (dura-
tion and type)

Age of partic-
ipants
(years),
mean (SD)

Participants
(female), n
(%)

SettingAuthor,
year

Research-gradeConsumer-
grade

Pearson product
moment correla-

Pate cutoff:
<37.5 counts

ActiGraph
GT3X+ (right
hip)

Fitbit Flex
(nondominant
wrist)

2 consecutive days
(24-hour period)

4.9 (1.0)27 (11)Free-liv-
ing

Byun et al
[20], 2018

tion coefficients

(r); MAPEa
per 15 s; Even-
son cutoff: ≤25
counts per 15 s

Pearson product
moment correla-

<2.0 METsb;
<1.5 METs;

ActiGraph
GT3X+ (waist);
ActiGraph GT9X

Polar active
watch (nondom-
inant wrist)

Up to 5 consecu-
tive days (after-
school program for
80 minutes in a

10.30 (0.9)51 (32)Free-liv-
ing

Kim and
Lochbaum
[40], 2018 tion coefficients

(r); MAPE; re-
Evenson cutoff:
≤50 counts per(nondominant

wrist) gression coeffi-
cients; mean ra-

predesignated
classroom)

30 s; Chandler

cutoff:c <966
counts per 30 s

tios for equiva-
lence tests; lev-
el of agreement

Spearman corre-
lation (r); limits

of agreemente

Evenson cutoff:
≤100 counts per
min (1-min
epochs)

ActiGraph GT3x-
BT (waist)

Fitbit zip (hipd)Only during school
hours for 2 weeks
(one in September
and one in Novem-
ber 2016)

9-10 y144 (72)Free-liv-
ing

Mooses et
al [39],
2018

MAPE; level of
agreement

—g,hActiwatch-64
(nondominant
wrist)

Fitbitf (nondom-
inant wrist)

7 consecutive days
and nights (24-
hour period)—the
proportion of
sedentary time

Median 19.3
(IQR 17-21)

10 (6)Free-liv-
ing

Scott et al
[38], 2019

Phase 2: spear-
man rho coeffi-

Evenson cutoff:
≤100 counts per
min

ActiGraph
GT3X+ (right
hip)

Movband (dom-
inant wrist);
Sqord (domi-
nant wrist); Za-
mzee (right hip)

Phase 2: 10 activi-
ties on 2 occasions
(sedentary activity
for 5 min)—sitting
quietly; phase 3: 4
consecutive days
(24-h period)

Phase 2: 9.0
(2.0); phase 3:
8.6 (1.6)

Phase 2:
14 (7);
phase 3:
16 (8)

Con-
trolled
and
free-liv-
ing

Sirard et al
[44], 2017

cients; phase 3:
Spearman corre-
lation (r)

Pearson correla-
tion coefficients

<1.4 METs (Fit-
bit 1-min

Direct observa-
tion

Fitbit Flex 1
(nondominant
wrist)

A total of 6 activi-
ties for 34 min
(sedentary activity
for 8 min with a 1

4.8 (1.0)28 (13)Con-
trolled

Byun et al
[41], 2018

(r); MAPE; Co-
hen κ; sensitivi-

epochs; direct
observation 5-
to 15-s epochs)min rest be-

tween)—sedentary
ty; specificity;

ROC-AUCi

(watching televi-
sion lying down
for 4 min and
watching television
sitting on a couch
for 4 min)

MAPE; Cohen
κ; sensitivity;
specificity

<1.5 METs (1-
min epochs)

Cosmed K4B2
(fitted according
to manufacturer
recommenda-
tions)

Fitbit Charge
HR (nondomi-
nant wrist)

14 activities for 2-
3 h (each sedentary
activity for 5
min)—sedentary
(sitting quietly, lis-
tening to music,

9.9 (0.7)59 (31)Con-
trolled

Godino et
al [43],
2020

and playing games
on iPad)
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Accuracy met-
ric reported

Cutoff point for
sedentary behav-
ior

Type of device (body placement)Context of seden-
tary behavior (dura-
tion and type)

Age of partic-
ipants
(years),
mean (SD)

Participants
(female), n
(%)

SettingAuthor,
year

Research-gradeConsumer-
grade

Pearson correla-
tion coefficients
(r); MAPE; Co-
hen κ; sensitivi-
ty; specificity;
ROC-AUC;

ICCk (95% CI)

<1.4 METs (1-
min epochs)

ActiGraph
GT3X+ (domi-
nant and nondom-

inant wrist)j

Fitbit Charge
HR (dominant
and nondomi-

nant wrist)j

12 activities for 48
min (each 3 min
with a 1 min rest
between)—seden-
tary (sitting quietly
in a chair, playing
a video game, and
watching televi-
sion)

9.7 (1.3)43 (18)Con-
trolled

Kang et al
[42], 2019

aMAPE: mean absolute percent error.
bMET: metabolic equivalent of task.
cDue to an error during production, Chandler cutoff points at the 30-second epoch length were incorrectly presented in the published paper (the corrected
cutoff points are inserted in Table 1).
dThe accelerometer and Fitbit Zip were attached on the hip with the same elastic belt and worn on the same side.
eBland-Altman analysis with the calculation of bias between 2 devices (the mean of differences of the 2 devices).
fModel not reported.
gNot available.
hSedentary behavior reported as a 0 to 1 value which represents the number of minutes sedentary divided by the morning time.
iROC-AUC: area under the receiver operating curve.
jRandom counterbalance of the wear position between the ActiGraph and Fitbit tracker on the wrist.
kICC: intraclass correlation.

Risk of Bias
The risk of bias assessment results are presented in Table 2. On
the individual COSMIN component level, all included studies
were rated as either excellent or good in 3 components of the
methodological quality evaluation, relating to the reporting of
missing data, handling missing data, and use of an adequate
criterion comparator (ie, device). In terms of acceptable accuracy
metrics, 75% (6/8) of studies were rated as excellent (n=4, 67%)
or good (n=2, 33%), and 25% (2/8) of studies were rated as
poor because no percentage error was reported or a way to
calculate it was present, although the studies reported other
measures of accuracy. Instead of entirely excluding these studies
from the review, the reported measures of accuracy, and their
consistency with the examination of percentage measurement

error are narratively outlined. When examining the components
related to important methodological flaws in the design or
execution of the studies, of the 8 studies, 6 (75%) studies were
rated excellent (n=5, 83%) or good (n=1, 17%), and 2 (25%)
were rated fair. In contrast to the scoring of most COSMIN
components, most studies were rated as fair (1/8, 13%) or poor
(4/8, 50%) in the adequate sample size component. Regarding
the studies, of 8 studies, only 1 (13%) study was rated excellent
and 2 (25%) studies were rated good in terms of sufficient
sample size. No studies were excluded from the analysis owing
to poor methodological quality, as only the adequate sample
size component was unfavorable. Only one study had more than
100 participants (N=144) and was rated as excellent; therefore,
no restrictions were set in terms of inclusion for the minimum
number of participants needed in a study.
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Table 2. Results of risk of bias assessment for studies included in the systematic review (N=8)a.

COSMINb risk of bias assessmentSummary: ex-
cellent or
good, n (%)

Study details

Acceptable ac-
curacy metrics

Flaws in de-
sign or meth-
ods

Acceptable com-
parison

Adequate
sample size

Handling
missing data

Reporting
missing data

Study set-
ting

Author, year
published

ExcellentExcellentExcellentGoodGoodGood6 (100)FcKim and
Lochbaum [40],
2018

ExcellentExcellentExcellentExcellent Good Excellent6 (100)FMooses et al
[39], 2018

 Good ExcellentExcellent Poor Good Good5 (83)FByun et al [20],
2018

Excellent  FairGood  PoorExcellentExcellent4 (67)FScott et al [38],
2019

Excellent GoodExcellent Good ExcellentExcellent6 (100)CdGodino et al
[43], 2020

Good  ExcellentGood Poor  GoodGood 5 (83)CByun et al [41],
2018

Poor ExcellentExcellentFair  GoodGood 4 (67)CKang et al [42],
2019

Poor  FairExcellent Poor ExcellentExcellent3 (50)C, FSirard et al [44],
2017

aThe summary of excellent or good values of reporting missing data, handling missing data, adequate sample size, acceptable comparison, flaws in
design or methods, and acceptable accuracy metrics are 8 (100%), 8 (100%), 3 (38%), 8 (100%), 6 (75%), and 6 (75%), respectively.
bCOSMIN: Consensus-Based Standards for the Selection of Health Status Measurement Instruments.
cF: free-living.
dC: controlled.

At the individual study level, the cutoff point for high study
quality was set arbitrarily and was defined as scoring excellent
or good on 88% (7/8) or 100% (8/8) of the components. In
free-living settings, 3 studies were evaluated as being of high
quality [20,39,40], whereas in controlled settings there were 2
studies of high quality [41,43]. All studies scored excellent or
good on more than half of the COSMIN risk of bias components,
although 3 of the studies could not be considered high quality
[38,42,44]. The only study carried out in both free-living and
controlled settings [44] had the lowest number of excellent or
good scores (5/8, 62%) and also scored poorly on 2 components
(ie, adequate sample size and acceptable accuracy metrics).

Accuracy of Time in SB Measurements

Quantitative Synthesis
In total, 8 studies containing 14 accuracy comparisons examined
the accuracy of consumer-grade PA monitors in relation to a
comparison method in assessing time spent in SB in children,
although out of the total number, only 3 (38%) studies reported
acceptable data for inclusion in the quantitative analyses. From
the 3 studies included in the quantitative synthesis, 6
comparisons were examined. The random effects model results
as seen in Figure 2. provided an estimated model coefficient
(ie, the summary effect size) of 14.4% (SE 12%, 90 % CI −5.5%
to 34.2%; P=.23).
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Figure 2. Forest plot of consumer-grade physical activity monitors accuracy in relation to research-grade monitors for assessing sedentary behavior in
children. Squares represent point estimates, and 90% CIs are indicated by lines. The pooled effect size and 90% CI of the random effects model are
shown at the bottom, represented by a diamond. The dashed line represents the predefined equivalence zone of the comparison method (ie, –10% to
+10%). PE: physical education. Mooses et al [40] (activity: physical education lesson); Scott et al [39]; Mooses et al [40] (activity: recess and activity:
class time); Kim and Lochbaum [41] (research-grade physical activity monitor: ActiGraph GT9X and research-grade physical activity monitor: ActiGraph
GT3X+).

The equivalence test results showed that consumer-grade PA
monitors did not generate equivalent estimates of SB compared
with research-grade monitors. The overall effect with the
corresponding 90% CI was not completely within the predefined
EZ of the comparison method (ie, –10% to +10%). It is also
important to note the direction of the overall effect and the
corresponding 90% CI with regard to the defined EZ of the
comparison method, where it is evident that consumer-grade
PA monitors overestimated SB compared with research-grade
devices. Point estimates and corresponding 90% CIs of only 1
out of 6 accuracy analysis were located inside the predefined
EZ [38], with a 90% CI of one additional accuracy analysis
being borderline equivalent [39].

The results of the Cochran Q test indicated that heterogeneity
among the population effect sizes estimated by the individual

studies was present (Q5=82.86; P<.001). Furthermore, the I2

statistic [33] was 94% (95% CI 90.4%-96.2%), indicating very

large heterogeneity. Although the Q-statistic and I2 provide
evidence regarding heterogeneity, there is no information on
which studies may influence overall heterogeneity. The search
for potential outlying accuracy analyses yielded 2 results

[39,40]. After excluding the identified studies from the

meta-analyses, I2 decreased, although only marginally, from
94% to 84.5%, and the Q test of heterogeneity was still
significant (P<.001). In addition, by removing these 2 studies,
the pooled estimates were brought closer to the defined EZ from
14.4% (90% CI −5.5% to 34.2%) to 10.8% (90% CI −4.1% to
25.7%). Leave-one-out meta-analyses were also conducted with
visualization of the results through forest plots that are presented
in Multimedia Appendix 2. In the leave-one-out meta-analysis
sorted by the pooled effect size, we found that the overall %
difference was the largest when we removed 1 of the 2 outlying
and influential studies [39] that had a very high contribution to
the pooled effect size. In the second leave-one-out meta-analysis

sorted by the values of I2 (ie, heterogeneity), omitting one of

the studies [40] led to the largest decrease in I2. In conclusion,
the results of the outlier and influence analyses indicate that the
2 studies [39,40] are likely influential outliers. Hence, a
sensitivity analysis was conducted, in which these studies were

excluded. The changes in the pooled effect size, I2, and CIs
associated with removing influential studies are shown in Table
3.

Table 3. Random effects model results before and after removing the outliers.

I2 (%, 95% CI)P valuePooled effect size (%, 90% CI)Analysis

94 (90.4 to 96.2).2314.4 (−5.5 to 34.2)Main analysis

84.5 (66.4 to 92.8).2310.8 (−4.1 to 25.7)Influential studies removeda

aStudies removed as outliers: Mooses et al [39] (activity: physical education lesson) and Kim and Lochbaum [40] (research-grade physical activity
monitor: ActiGraph GT3X+).

As there is evidence of overall heterogeneity, the Baujat plot
can display studies that contribute to overall heterogeneity and
overall results [35]. A Baujat plot is shown in Figure 3. with
the respective ID numbers used to differentiate the individual
accuracy comparisons. Accuracy comparison [40] ID number
5 contributed the most to the overall result as well as the overall
heterogeneity. Accuracy comparison [39] ID number 2
contributed the most to the overall heterogeneity and results,
being closest to the upper right corner of the plot. A closer look

at the characteristics of this accuracy comparison revealed that
using different models and placements of consumer-grade and
research-grade PA monitors could be potential moderating
variables that may contribute to heterogeneity. In 2 identified
outlying and influential accuracy analyses, one of the studies
placed the consumer-grade PA monitor (ie, Fitbit Zip) at the
hip [39], contrasting the placement in other included studies,
whereas the other study used a Polar active watch as the
consumer-grade PA monitor [40] also contrasting other studies.
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Figure 3. Baujat plot showing the influence of individual studies on the overall heterogeneity and the overall result where studies falling closer to the
top right quadrant have the most influence. 1: Mooses et al [40] (activity: class time); 2: Mooses et al [40] (activity: physical education lesson); 3:
Mooses et al [40] (activity: recess); 4: Scott et al [39]; 5: Kim and Lochbaum [41] (research-grade physical activity monitor: ActiGraph GT3X+); 6:
Kim and Lochbaum [41] (research-grade physical activity monitor: ActiGraph GT9X).

A funnel plot was constructed to assess publication bias and is
provided in Multimedia Appendix 3. Because of the low power
of asymmetry statistical tests when <10 studies were included
[45], only a visual inspection of the funnel plot was carried out.
After visual inspection, an asymmetry in the plot was noticed,
indicating the possibility of publication bias, which should not
be equated with it, as several conceivable causes are plausible
[37,45].

Narrative Synthesis
Results from the included accuracy analyses that did not report
data that would allow for the quantitative analysis of the
accuracy of consumer-grade PA monitors in assessing the time
spent in SB in children are narratively outlined in the following
sections. In these studies, the results pertaining to other available
accuracy metrics are summarized. This narrative synthesis
encompasses 5 studies, in which 8 accuracy analyses were
identified. Of the total 8 studies, 2 (40%) studies were conducted
in free-living settings, of which a study was also carried out in
controlled settings in one of the implementation phases. Byun
et al [20] reported a mean difference of 42 to 71 minutes per
day during 2 consecutive days among the devices when
measuring SB, where the 90% CI for the mean estimates from
the consumer-grade PA monitor (ie, Fitbit Flex) was within
15% of the mean estimates from ActiGraph GT3X+. In addition,

a strong correlation of the time spent in SB between the 2
devices has been reported (r=0.87) [20]. Sirard et al [44] also
used ActiGraph GT3X+ as a research-grade PA monitor in
controlled and free-living settings for 4 consecutive days to
assess the accuracy of several WAMs and reported a high
correlation in SB time assessed in free-living conditions for
Movband (r=0.76) and Sqord (r=0.86) PA monitors, whereas
a moderate correlation was reported for Zamzee (r=0.59). Of
note for this study, in phase 2, which was conducted in
controlled settings, all the devices differentiated SB from
light-intensity PA with similar accuracy as the research-grade
PA monitor [44]. Moving on now to consider controlled settings,
the sensitivity and specificity of SB detection for the Fitbit Flex
device reported by Byun et al [41] amounted to 96.8% and
88.6%, respectively, with high SB classification accuracy
(90.2%) and high area under the receiver operating characteristic
curve values (0.92). In this study, the Fitbit Flex produced a
negligible bias in SB estimation, with approximately 2 more
minutes of SB recorded in relation to the criterion method (ie,
direct observation) [41]. High sensitivity (84.8%) and specificity
(83.1%) values have also been reported by Godino et al for
Fitbit Charge HR for classifying SB or light PA [43]. A similar
performance of Fitbit Charge HR was recorded in the study by
Kang et al [42] with a sensitivity of 91.6% and specificity of
72.4%. Values were consistently high for studies conducted in
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controlled settings, as also reported by Kang et al [42]. Herein,
the classification accuracy (80.73%) and area under the receiver
operating characteristic curve (0.82) values were also high for
Fitbit Charge HR [42].

A common metric reported in most of the studies was MAPE,
where considerable disagreement when measuring SB (ie,
MAPE >60%) was present only in the study by Kim and
Lochbaum [40]. Kim and Lochbaum [40] reported MAPEs of
121.68% (95% CI 84.87%-158.49%) and 122.73% (95% CI
53.9%-191.57%) for SB <2.0 METs but lower MAPEs of
69.92% (95% CI 63.39%-76.44%) and 79.84% (95% CI
55.21%-104.46%) for SB <1.5 METs when comparing Polar
active watch with ActiGraph GT3X+ and ActiGraph GT9X,
respectively. Hence, the results depended mostly on the defined
SB cutoff points. Most studies that reported MAPEs reported
values of <30% [20,38,41]. A total of 2 studies conducted in
children of similar ages (4.9, SD 1.0 years and 4.8, SD 1.0 years)
with the same consumer-grade PA monitor (Fitbit Flex) reported
MAPEs of 9.1% and 13.0% based on different cutoff points
[20] and 28.8% [41], respectively. Accordingly, differences
appeared because the first study was conducted in free-living
settings, comparing Fitbit Flex with a comparison device (ie,
ActiGraph GT3X) [20], whereas the other study compared Fitbit
in controlled settings with a criterion method (ie, direct
observation) [41], where larger differences were expected.
Undoubtedly, values depend mostly on the cutoff points used,
settings or used devices. The study by Kim and Lochbaum [40]
can be seen as an outlier in both quantitative synthesis and
narrative synthesis. This disparity with other results could be
due to the previously mentioned arguments revolving around
differences in used devices, cutoff points, and settings. Not
enough data were provided to try narratively synthesizing the
direction of differences between consumer-grade and
research-grade PA monitors. Regarding precision, no study has
reported data on the precision of consumer-grade WAMs in
assessing the time spent on any type of SB in children and
adolescents. Only one of the included studies examined
precision; however, SB was not considered an outcome in these
analyses. In general, this study reported good precision for
moderate to vigorous PA, energy expenditure, steps, and heart
rate among devices carried on the wrists of both hands [42].
Furthermore, a study examined only interunit variability during
orbital shaker testing, which is related to repeatability as one
of the aspects of precision. Of the 3 devices used across a range
of frequencies (1.3, 1.9, and 2.5 Hz), Movband showed the
lowest interunit variability (coefficient of variation [CV] 0.62,
0.85, and 0.19, with respect to frequencies), whereas Sqord (CV
29.8, 3.85, and 1.93, respectively) and Zamzee produced worse
results (CV 25.5, 12.1, and 9.75, respectively) [44]. These results
could be relevant in situations when they are used in groups
(eg, classrooms) where different children involved in the same
activity may present different results in terms of the measured
activity.

Discussion

Principal Findings
This review is one of the first studies that summarized data on
the accuracy of consumer-grade PA monitors when measuring
the time spent in any type of SB in children and adolescents.
On the basis of the limited amount of data available for
quantitative synthesis, it seems that consumer-grade PA
monitors did not generate equivalent estimates of SB compared
with research-grade monitors, with a tendency toward
overestimation for these devices. In contrast, narrative synthesis
suggested that at least some of these devices (ie, Fitbit) should
be viewed as an accurate method of SB measurement in children
and adolescents owing to the high levels of classification
accuracy found in several individual studies.

The fact that WAMs were not found to be equivalent to
research-grade monitors in this study should not be interpreted
as having low accuracy. In all included studies conducted in
free-living settings, accelerometers were used to determine the
accuracy of consumer-grade PA monitors. Accelerometers
cannot be regarded as the gold standard for measuring SB,
although they produce results similar to a criterion method (ie,
inclinometers). Accelerometers placed on the hip with their
corresponding cutoff points overestimate the time spent in SB
in comparison with a criterion method when young children,
adolescents, and adults are considered because standing is also
included as one of the inspected postures [14]. In general,
criterion methods were only used in controlled settings in 25%
(2/8) of the included studies. Controlled settings are appropriate
for examinations of “genuine” accuracy although that does not
necessarily translate to free-living settings, in which
consumer-grade PA monitors are intended to be used.
Comparing the accuracy of consumer-grade PA monitors in
relation to criterion methods in free-living settings is difficult,
where the use of these devices over several days when the
participant is engaged in their everyday activities is not feasible.
Therefore, it is uncertain whether the accuracy of
consumer-grade PA monitors is poor when they are used to
measure SB, especially in free-living settings. The specific aims
of the study and the significance of accuracy and practicality
should be considered when selecting a suitable device [46].
Using gold standards (eg, indirect calorimetry) could be needed
in clinical studies; however, the cost and difficulties encountered
with using them make them unsuitable for large samples located
in free-living settings [47]. This problem is even more
pronounced when working with children than with adults [47].

The random effects model results indicate that consumer-grade
PA monitors overestimate the amount of time spent in SB, while
removing 2 influential and outlying studies brought the estimates
closer to the defined EZ. The placement of WAMs could be a
potential moderating variable because Fitbit was placed in one
of these studies at the hip [39], whereas some previous studies
also reported overestimation of SB from hip-based
accelerometers in adolescents and adults [14]. As overestimation
of SB in our study was noticed for consumer-grade PA monitors
mostly in relation to accelerometers, potentially even higher
levels of overestimation would be present if the gold standard
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was used for comparison. A research-grade device measuring
the inclination of the thigh, such as activPal, is regarded as
accurate for SB measurement among children in free-living
settings [48], because it uses an inclinometer, a sensor capable
of better horizontal (sitting or lying) and vertical (standing)
position classification [49]. The use of these types of sensors
in consumer-grade PA monitors could potentially have positive
effects on SB measurement accuracy. Therefore, placing the
PA monitor on the thigh might also be suggested, as changes
in thigh positions proved to be the most accurate way of
measuring SB [49]. As the thigh is at different inclinations when
sitting and standing, the future might offer alternative solutions
if the identification of different positions and inclinations of the
wrist when shifting from sitting to standing and engaging in PA
could be developed in consumer-grade PA monitors [14,50].
As it was shown that PA monitors wear time, over a longer
period, declines, and comfort was defined as one of the most
important factors [10], wearing the device on the wrist could
increase their acceptance among children and adolescents. A
visual inspection of the plots showed that the study by Kim and
Lochbaum [40] contributed the most to the levels of
heterogeneity and pooled results. The authors used a Polar active
watch as the consumer-grade PA monitor, unlike other studies
that used Fitbit devices [40]. Differences in measurements of
SB are represented by values of MAPE >60%, in contrast to
other studies, and it seems that the Polar active watch in this
case [40] is not an acceptable device for SB measurement.
Placing the research focus mostly on one device brand (ie, Fitbit)
and a couple of models (eg, Charge, Zip, and Flex) of that brand
produces limited knowledge regarding the accuracy of
consumer-grade PA monitors. This is why this fact is pointed
out as a potential confounder, as excluding the study by Kim
and Lochbaum [40] would certainly provide better results in
terms of accuracy. The results of our study cannot be generalized
to all consumer-grade PA monitors, as only a few brands have
been analyzed to date. The discontinuation of certain models is
inevitable as the market and interest grow, as well as
technological development. Even though we only included
studies published since 2015, most of the devices used in these
studies have been discontinued (ie, Fitbit Charge HR, Flex, and
Zip and Polar active watch), although companies still provide
consumer support [51]. Advanced algorithms and sensors, such
as inclinometers and heart rate monitors, typically present in
current WAM models could provide more accuracy when
measuring SB, and a large part of the devices included in this
review did not contain any of them. Used only in studies
conducted in controlled settings, the Fitbit Charge HR, which
also contains a heart rate monitor, did not prove to be superior
in terms of accuracy when compared with other consumer-grade
PA monitors. This might be because the used algorithms, as
Fitbit Charge HR is an older model when compared with other
included Fitbit devices, even though it has multiple built-in
sensors.

When consumer-grade PA monitors are used by children and
adolescents, their accuracy in detecting SB might be affected
because of the greater amount of time spent in postures not
typically observed in adults (eg, crawling, squatting, and
kneeling). A previous study reported that as children spent more
time in previously mentioned postures than adults, an

overestimation of time spent in SB recorded by the activPal was
found [14]. The various epoch lengths reported in the studies
included in this review may have contributed to conflicting
results when assessing the accuracy of consumer-grade PA
monitors in free-living and controlled settings. Epoch lengths
used in studies conducted in free-living settings have generally
been shorter (ie, 15 and 30 seconds) than those used in studies
with controlled settings (ie, 1 minute). It is up to discussion
whether shorter epochs are better at assessing SB compared
with longer epochs in children and adolescents. When PA is
considered, shorter epochs seem to be better because of
children’s intermittent behavioral patterns [14,16]. However,
in terms of SB, it is less likely that children will sit still for
longer periods, which could partly explain the reported SB
overestimation in free-living settings when shorter epochs were
used. Applying longer epochs (ie, 1 minute) might result in
underestimation of SB in children due to the sporadic nature of
their movements, although no relevance of shorter SB epochs
has been derived when it comes to impacts on the overall health
[14].

Even if WAMs prove to be more accurate in assessing SB in
the future, they may be limited by the fact that they do not
recognize the context of SB. The context of SB is important,
because higher durations or frequencies of screen time,
television viewing, and video game use were previously mostly
associated with a myriad of negative consequences (eg, body
composition, cardiometabolic risk scores, physical fitness, and
self-esteem) [52]. Although also defined as SB, more time spent
reading and doing homework was associated with positive
outcomes (eg, academic achievement) [52]. As limited data are
available to discuss the precision of consumer-grade PA
monitors, no specific discussion has focused on this issue. In
future research, the precision of consumer-grade WAMs in
assessing SB in children and adolescents should be considered.
The characteristics of a good instrument emphasize both
accuracy and precision, whereas the latter is neglected in this
specific area of research.

High levels of heterogeneity were found in our study owing to
differences in study protocols, type of wearable devices
examined, comparison methods, sample sizes, and reported
outcome measures, which complicated the analysis and
comparisons among the results of the included studies. Although
the risk of bias assessment showed high levels of methodological
quality for all included studies and most acceptable accuracy
metrics were reported, most included studies did not contain an
adequate sample size. In line with our findings, it has recently
been reported that studies evaluating data from wearable devices
comprise different study designs with samples of varying
characteristics and sizes, methodological approaches, devices
used, and different cutoff points for activities across all
intensities [9]. A recent review that included 23 validation
studies of reported energy expenditure estimates from 58 devices
comparing them to appropriate comparison devices suggested
that most studies (87%) reported inappropriate accuracy
indicators (eg, correlation coefficients) [53]. Sample sizes from
the studies included in the review ranged from 13 to 60
participants (ie, 52% with sample sizes ranging from 20 to 30
participants). This agrees with our results that the sample sizes
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in this area of research are not adequate. Only half (52%) or
even fewer studies reported the recommended accuracy metrics
(ie, MAPE and equivalence test results) needed to evaluate the
actual individual error [53]. Equivalence tests and difference
tests depend on arbitrary levels of significance and sample sizes;
therefore, MAPE seems to be the most appropriate accuracy
metric [53]. The quantitative synthesis of the data in this study
was complicated by the fact that not every accuracy metric
provides the same information, which is a major problem in
this area of research [53]. In studies conducted in free-living
settings, WAMs were worn during the study course, lasting for
1 day and up to 7 consecutive days. According to a study by
Trost et al [49], a monitoring period of 7 days provided optimal
approximations of daily moderate to vigorous PA among
children and adolescents. The only study trying to determine
how many days of monitoring are needed to provide precise
estimates of SB for children was conducted with preschoolers
[54]. Precise estimates of the total daily time spent in SB were
possible after 6 to 9 consecutive days of monitoring [54]. Hence,
it is questionable whether the most commonly used period of
7 days of monitoring would be acceptable in terms of SB
analysis in children and adolescents.

Future Research
Regarding future research paths, the age and relevance of
different consumer-grade devices and their models should be
considered, as well as algorithms used, as they tend to constantly
change with the growth of the accompanying market [1]. A
large number of tested consumer-grade PA monitors are soon
outdated or are no longer in use [55], adding to the complexity
of this research area. In addition, Fitbit devices are the most
commonly used as illustrated in this study and several other
reviews [6,10,15,16,47], possibly because of their high market
share and low cost. In contrast, no information on the accuracy
of more expensive consumer-grade WAMs, such as smart-
watches, in assessing SB is currently available. At the same
time, several very low-cost WAMs are available on the market
for prices as low as US $45.50 (eg, Mi Smart Band 6). These
instruments provide an opportunity for mass PA promotion in
children and adolescents, but their accuracy needs to be tested
beforehand [55]. The transparency of the algorithms used by
the devices and companies should be encouraged, because
defining adequate wear time criteria and cutoff points for
activities of different intensities is challenging at present. This
is due to constant firmware updates, which are needed for further
improvement of PA and SB measurement [11]. In addition to
accuracy assessment, consumer-grade PA monitoring feasibility
and acceptability research among children and adolescents is
important. These types of studies are underrepresented in the
literature, with results from a recent review showing that only
approximately one-third of the studies (32%) investigated
effectiveness, user engagement, and acceptability altogether
[56]. In addition, descriptive statistics and visual analysis were
performed in 60% of these studies when assessing effectiveness
without using inferential statistics, and 18.9% of all studies had
small sample sizes (ie, <13 participants) [56]. This could be of
importance in terms of WAM acceptability among children,
because the information from previous studies shows that
one-third of consumer-grade PA monitor owners from the

United States stopped using the device within 6 months of
receiving the device, and just above 40% of them continued
using it after 2 years have passed [14,50]. For children and
adolescents, the definition of the epoch length that WAMs
should use when measuring SB remains unresolved, and further
research comparing the accuracy of consumer-grade with
research-grade PA monitors conducted in free-living settings
should be used to test the accuracy of different epochs [14].
Identification of contexts (ie, settings) in which examination of
measurement properties has been previously conducted should
be considered when choosing the appropriate device for
examining SB in children and adolescents [15]. Hence, if the
measurement properties of the selected tool are unknown in
certain contexts, future research should also focus on examining
the measurement properties of WAMs in these contexts to ensure
certainty when these devices are applied outside the research
settings [15]. Smartphones offer certain possibilities in this
regard, as they could provide ways of context identification if
data regarding screen time could be gathered and used in future
research on SB. The rapid growth of the WAM market should
be accompanied by additional validation studies, as the available
evidence summarized in this study identified only a single study
that has shown that consumer-grade PA monitors are comparable
with research-grade devices in terms of SB measurement in
children and adolescents. A caveat to consider is that this
specific study included only 10 participants, and did not limit
only to children and adolescents (median age 19.3, IQR 17-21
years) [38]. Also, all 10 participants reported depressive
symptoms, 4 (40%) also reported anxiety symptoms, 3 (30%)
hypomania symptoms and 1 (10%) had a history of
hallucinations [38]. Therefore, conclusions regarding the
accuracy of consumer-grade PA monitors for the entire
childhood period cannot be drawn based solely on the results
of this study.

Strengths and Limitations
The strength of this study relates to the fact that a broad search
of electronic databases was performed, which included searching
for gray literature and manual searching of the included studies
reference lists and secondary sources. Another significant
strength of this study is that it is the first to examine the accuracy
of consumer-grade PA monitors in assessing SB, encompassing
a quantitative synthesis of the available data as well as a
narrative synthesis of studies not suitable for meta-analysis.
Limitations relate to the fact that during the time needed to
complete all stages of this review, new studies could have been
published, as this area of research is very dynamic. The
consumer-grade PA monitoring market is volatile, with new
models being constantly brought to the market, and the
technology is continuously improving. Another minor limitation
could be that during the study selection phase, only 1 reviewer
screened 90% of the studies, although an interrater agreement
of 100% was reached after the first 10% of the abstracts and
titles were screened independently by 2 reviewers. A limitation
related to the small number of primary studies included in this
review should also be noted. Not including smartphone apps in
the review limits the generalizability of our findings, as they
also provide data related to the time spent on activities of
different intensities. Smartphone apps are already in wide use
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among children; therefore, an examination of their accuracy in
measuring SB should be performed in the future. Smart watches,
which were not identified in any of the studies in this review,
are also being accepted by children, although their price, battery
life, and complex user interface represent certain disadvantages
when used in this area of research with children [55]. None of
the included studies used a smart watch to test the accuracy of
SB measurement in children, and only smart bands were
included. Studies lasting longer than 7 days were not included
in this study as none have been identified, potentially serving
as a limitation and a guide for future studies. Generally, at the
individual component level, all included studies were either
excellent or good in terms of missing data reporting, missing
data handling, and use of an adequate comparison measure.
However, most (5/8, 63%) of the studies consisted of small
sample sizes (ie, <50), and the criterion method use was
questionable, especially in controlled settings, as methods such
as direct observation and indirect calorimetry were
underrepresented.

Conclusions
To our knowledge, this is the first review to focus specifically
on the accuracy and precision of consumer-grade PA monitors

when measuring SB in children and adolescents, but we found
a small number of available studies, especially those suitable
for conducting a meta-analysis. In the quantitative synthesis,
no equivalence in the average time spent in SB was found when
consumer-grade PA monitors were compared with
research-grade monitors. High levels of heterogeneity were
noted in the results, although point estimates and corresponding
90% CIs of only one individual study were located inside the
predefined EZ, with a 90% CI of an additional accuracy analysis
being borderline equivalent. Moreover, heterogeneity was
discernible in terms of different study designs with samples of
varying characteristics and sizes, methodological approaches,
devices used, and differences in the cutoff points used when
defining SB. The narrative synthesis suggests that
consumer-grade PA monitors could be considered a valid
method of SB measurement in children and adolescents. The
results of our study will inform researchers, clinicians, and
consumers on the measurement accuracy of widely attainable
PA monitors when measuring SB in children and adolescents.
However, more evidence is needed to reach robust conclusions
about the accuracy and precision in measuring SB of children
and adolescents, even for the most prevalent devices currently
available on the market.
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Abstract

Background: Axial spondyloarthritis (axSpA) is an inflammatory rheumatic disease associated with chronic back pain and
restricted mobility and physical function. Increasing physical activity is a viable strategy for improving the health and quality of
life of patients with axSpA. Thus, quantifying physical activity and sedentary behavior in this population is relevant to clinical
outcomes and disease management. However, to the best of our knowledge, no systematic review to date has identified and
synthesized the available evidence on the use of wearable devices to objectively measure the physical activity or sedentary
behavior of patients with axSpA.

Objective: This study aimed to review the literature on the use of wearable activity trackers as outcome measures for physical
activity and sedentary behavior in patients with axSpA.

Methods: PubMed, PEDro, and Cochrane electronic databases were searched in July 2021 for relevant original articles, with
no limits on publication dates. Studies were included if they were original articles, targeted adults with a diagnosis of axSpA,
and reported wearable device–measured physical activity or sedentary behavior among patients with axSpA. Data regarding the
study’s characteristics, the sample description, the methods used for measuring physical activity and sedentary behavior (eg,
wearable devices, assessment methods, and outcomes), and the main results of the physical activity and sedentary behavior
assessments were extracted.

Results: A total of 31 studies were initially identified; 13 (13/31, 42%) met the inclusion criteria, including 819 patients with
axSpA. All the studies used accelerometer-based wearable devices to assess physical activity. Of the 13 studies, 4 (4/31, 31%)
studies also reported outcomes related to sedentary behavior. Wearable devices were secured on the wrists (3/13 studies, 23%),
lower back (3/13, 23%), right hip (3/13, 23%), waist (2/13, 15%), anterior thigh (1/13, 8%), or right arm (1/13, 8%). The methods
for reporting physical activity and sedentary behavior were heterogeneous. Approximately 77% (10/13) of studies had a monitoring
period of 1 week, including weekend days.

Conclusions: To date, few studies have used wearable devices to quantify the physical activity and sedentary behavior of patients
with axSpA. The methodologies and results were heterogeneous, and none of these studies assessed the psychometric properties
of these wearables in this specific population. Further investigation in this direction is needed before using wearable
device–measured physical activity and sedentary behavior as outcome measures in intervention studies in patients with axSpA.

Trial Registration: PROSPERO CRD42020182398; https://tinyurl.com/ec22jzkt
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Introduction

Axial spondyloarthritis (axSpA) is a chronic inflammatory
rheumatic disease that can cause inflammatory back pain,
structural damage, and disability [1]. New therapeutic agents
allow for effective therapy [2]. Physical activity should be an
integral part of standard care, according to current guidelines
[3], because of its multiple health benefits, including pain
reduction [4,5], increased mobility [4-6], physical function [5-8],
and cardiorespiratory fitness [9], which ultimately reduces
disease activity [4-6,8,10]. Furthermore, increasing physical
activity represents a viable strategy for improving quality of
life [7,11] and reducing the psychological comorbidities of
patients with axSpA [7]. Physical activity is a predictor of
mortality and cardiovascular events in the general population
[12]. In addition, high-intensity exercises (12 weeks of
endurance and strength exercises) have been reported to
significantly improve disease activity and reduce cardiovascular
risks in patients with axSpA [13]. However, a good therapeutic
response depends on short symptom duration and close disease
monitoring [14]. A recent review reported that most measures
of physical activity used in patients with axSpA were “subjective
and limited by patient recall, reporting bias, and relatively short
study intervals” [15].

Wearable technology comprises “a device fitted to the
participant’s body which detects and collects data” [16]. These
wearables can include accelerometers, pedometers, or inertial
measurement units, which are small and transportable. They
can be advantageously used to monitor physical activity data
under real-world conditions in various chronic populations
[16-18], including patients with axSpA [11,19-28]. By allowing
longitudinal physical activity monitoring, these devices can
remotely monitor the disease and evolution of health status in
patients with axSpA [20,29]. Indeed, greater disease activity is
associated with lower levels of physical activity in axSpA and
could help detect flares [20,29].

In addition to measuring physical activity, in a complementary
manner, wearables can measure the time spent sitting, also called
sedentary behavior. Indeed, it is of particular interest in patients
with axSpA as the more time patients with axSpA spend sitting,
the greater the association with disease activity [27], decreased
physical function [27], and decreased quality of life [30].

Thus, physical activity and sedentary behavior assessments
using wearable devices represent an attractive and feasible health
monitoring option for patients with axSpA. Interestingly, a
multicentric prospective observational study, which involved
157 patients with chronic inflammatory rheumatic diseases,
found good acceptability of wearing activity trackers for
physical activity assessment in this population [31].

However, to the best of our knowledge, no study has assessed
the use of wearables to objectively monitor physical activity
and sedentary behavior in patients with axSpA. We designed
the present review to identify and synthesize the currently
available evidence on the use of wearable activity trackers as
outcome measures for physical activity and sedentary behavior
in patients with axSpA [32]. We aimed to answer the following
research question: which wearable devices, assessment methods,
and associated outcomes are commonly used to quantify
physical activity or sedentary behavior among patients with
axSpA?

Methods

This systematic review’s protocol was developed based on the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) statement. It was registered in PROSPERO
(International Prospective Register of Systematic Reviews;
CRD42020182398) and was published in November 2021 [32].

Inclusion Criteria
Studies were included if they (1) were original articles published
in English-language peer-reviewed journals, (2) targeted adults
(aged ≥18 years) with a diagnosis of axSpA, and (3) reported
wearable device–measured physical activity or sedentary
behavior among patients with axSpA.

Studies were excluded if they (1) were case reports, abstracts,
editorials, conference abstracts, letters to the editor, reviews, or
meta-analyses or (2) did not use wearable devices to quantify
the physical activity or sedentary behavior of patients with
axSpA.

Data Sources and Search Strategy
In July 2021, we conducted searches with no date restrictions
in 3 electronic bibliographic databases (PubMed, PEDro, and
Cochrane). The Boolean operators AND and OR were used to
combine keywords relevant to the population, wearable devices,
and the outcomes of physical activity or sedentary behavior and
were searched in all fields. The detailed search strategy is
presented in the review protocol recently published in JMIR
Research Protocols [32].

Study Selection
A total of 2 independent reviewers (TC and JS) screened the
titles, abstracts, and keywords of all the studies found in the
search to identify potentially relevant articles. Duplicates were
manually removed. The selected full-length text articles were
then screened for eligibility according to the criteria
abovementioned. In cases of disagreement, the reviewers
reached a consensus through discussion. If their disagreement
persisted, a third reviewer (NV) was asked to make the final
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decision. In accordance with the PRISMA guidelines [33], a
flow chart was constructed to summarize each step of the

selection process with its corresponding number of citations
(Figure 1).

Figure 1. PRISMA (Preferred Reporting Item for Systematic Reviews and Meta-Analyses) flowchart of the selection process.

Risk of Bias in Individual Studies
As indicated in the published review protocol [32], as the
purpose of this review was not to assess the clinical effects of
interventions, we did not perform a risk of bias assessment
[34-36]. Indeed, as mentioned in the Introduction section, this
review was designed to identify and synthesize the available
evidence on the use of wearable devices to quantify physical
activity or sedentary behavior among patients with axSpA.

Data Extraction
Data extraction was performed independently by 2 reviewers
(TC and JS) who were not blinded to the authors or journals.
Information was extracted on (1) the study’s characteristics, (2)
the sample description, (3) the methods used for measuring
physical activity and sedentary behavior (eg, wearable devices,

assessment methods, and outcomes), and (4) the main results
of the physical activity and sedentary behavior assessments.

Data Synthesis and Analysis
Owing to the significant heterogeneity of data types, we decided
to perform only a narrative synthesis [37,38]. As per the data
extraction strategy, the tables and figures found in this review
only summarize the available information on wearable devices
used to objectively assess the physical activity and sedentary
behavior of patients with axSpA.

Results

Study Selection
The study selection process is illustrated in Figure 1. A
preliminary search of the 3 electronic bibliographic databases
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identified 31 citations. A duplicate was removed, leaving 97%
(30/31) of unique records for preliminary screening, focusing
on the title, abstract, and keywords. Finally, of the 30 articles,
13 (43%) met our eligibility criteria and were included in this
review.

Study Characteristics
The characteristics of the studies included (N=13) are outlined
in Table 1.

Table 1. Study characteristics (N=13).

Outcomes of interestStudy designCountryYear of publicationFirst author

Physical activityObservational validation studyThe Netherlands2013Arends et al [11]

Physical activityCross-sectional studyTurkey2021Bayraktar et al [39]

Physical activityPart of a prospective, longitudinal, observation-
al cohort study

The Netherlands2021Carbo et al [40]

Physical activity and sedentary
behavior

Prospective cohort studyUnited Kingdom2019Coulter et al [30]

Physical activity and sedentary
behavior

Prospective, multicenter, longitudinal, observa-
tional study

France2019Gossec et al [20]

Physical activityProspective, multicenter, longitudinal, observa-
tional study

France2017Jacquemin et al [29]

Physical activityProspective, multicenter, longitudinal, observa-
tional study

France2018Jacquemin et al [31]

Physical activity and sedentary
behavior

Cross-sectional controlled studyIreland2015O’Dwyer et al [27]

Physical activityObservational case-control studyThe Netherlands2012Plasqui et al [28]

Physical activity and sedentary
behavior

Observational cross-sectional controlled studyBelgium2014Swinnen et al [21]

Physical activityMulticenter cross-sectional studyThe Netherlands2015van Genderen et al
[41]

Physical activityCross-sectional case-control studyThe Netherlands2014van Genderen et al
[42]

Physical activityObservational cross-sectional controlled studyTurkey2021Yuksel et al [43]

Most studies were conducted in Europe (11/13, 85%), namely,
the Netherlands (5/13, 38%) [11,28,40-42], France (3/13, 23%)
[20,29,31], the United Kingdom (1/13, 8%) [30], Ireland (1/13,
8%) [27], and Belgium (1/13, 8%) [21]. Approximately 15%
(2/13) of studies were conducted in Turkey [39,43]. Designs of
the 13 studies included 1 (8%) observational validation study
[11], 1 (8%) reproducibility study [40], 4 (31%) longitudinal
studies [20,29-31], and 7 (54%) cross-sectional studies
[21,27,28,39,41-43]. None of the studies reported interventions
for the levels of physical activity or lifestyle. All studies (13/13,
100%) [11,20,21,27-31,39-43] focused on assessing physical
activity and reported at least one corresponding outcome,
whereas some studies (4/13, 31%) also reported outcomes
related to sedentary behavior in patients with axSpA
[20,21,27,30].

Sample Characteristics
Table 2 presents participants’ descriptive characteristics. The
13 studies included covered a total of 819 patients with axSpA,
of whom 490 (59.8%) were male. The mean sample size was
63 (SD 33.1), ranging from 24 [42] to 135 [41] participants with
axSpA. The mean patient age was 44.43 (SD 4.4) years. Disease
diagnoses were based on the Assessment of Spondyloarthritis

international Society recommendations (6/13, 46%)
[20,29-31,39,40], the modified New York criteria (4/13, 31%)
[27,28,41,42], or both (2/13, 15%) [11,40]. Approximately 8%
(1/13) of studies used the European Spondyloarthropathy Study
Group recommendations for disease diagnosis [21]. Mean or
median disease duration ranged from 4 [39] to 20.5 years [42].

All the studies used the Bath Ankylosing Spondylitis Disease
Activity Index (13/13, 100%) [11,20,21,27-31,39-43], with
mean or median scores ranging from 3.1 [20] to 4.5 [30].
Approximately 85% (11/13) studies used the Bath Ankylosing
Spondylitis Functional Index [11,21,27,28,30,31,39-43], with
mean or median scores ranging from 1.7 [31] to 4.4 [30].
Approximately 31% (4/13) of studies used the Bath Ankylosing
Spondylitis Metrology Index [21,30,39,43], with mean scores
ranging from 1.8 [39,43] to 3.05 [21].

Approximately 54% (7/13) studies included a healthy control
group [21,27,28,31,41-43], including 281 healthy participants,
of whom 169 (60.1%) were male. The mean sample size was
40.14 (SD 27.2), ranging from 24 [42] to 99 [41] control
participants. The mean participant age across the healthy control
groups was 42.56 (SD 16.8) years.
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Table 2. Characteristics of patients with axSpAa.

BASMIe

score, mean
(SD) or medi-

an (IQR)b

BASDAId

score, mean
(SD) or medi-

an (IQR)b

BASFIc

score, mean
(SD) or medi-

an (IQR)b

Criteria for
diagnosis

Duration
(years),
mean (SD)
or median

(IQR)b

BMI, mean
(SD) or medi-

an (IQR)b

Age (years),
mean (SD)
or median

(IQR)b

Males, n
(%)

Partici-
pants, N

First author

—h3.7 (0-9)b3.8 (2.4)ASASf+NYg10.0 (0-42)b26.4 (4.4)44.6 (12.1)71 (62)115Arends et al
[11]

1.8 (1.1-

2.95)b
2.8 (1.4-

4.7)b
2.2 (0.5-

3.8)b
ASAS4 (3-10)26.1 (23.7-

28.7)b
39.0 (30.0-

46.0)b
32 (55)58Bayraktar et al

[39]

—3.4 (2.0-

5.7)b
3.3 (1.4-

5.7)b
ASAS+NY27.0 (18-

36)b
—50.7 (11.6)23 (51)45Carbo et al [40]

3.6 (1.8)4.5 (2.3)4.4 (2.6)ASAS15.6 (11.2)27.4 (5.6)49.0 (11.7)23 (46)45Coulter et al
[30]

—3.1 (2.0)—ASAS10.8 (9.1)24.6 (4.6)41.2 (10.3)41 (56.2)73Gossec et al
[20]

—3.3 (2.1)—ASAS10.4 (8.9)25.0 (4.6)41.4 (10.2)44 (55.7)79Jacquemin et al
[29]

—3.2 (2.1)1.7 (1.8)ASAS10.4 (9.1)25.3 (4.6)41.3 (10.4)43 (58.1)74Jacquemin et al
[31]

—3.6 (2.2)2.9 (3.8)NY6.0 (10.0)28.6 (6.8)40.0 (9.0)32 (82.1)39O’Dwyer et al
[27]

—4.3 (2.2)4.0 (2.2)NY19.0 (12.0)26.2 (5.0)48.0 (11.0)15 (60)25Plasqui et al
[28]

3.1 (1.2)3.7 (2.6)3.52 (2.5)ESSGi11.4 (9.5)26.3 (5.1)44.38 (11.3)24 (60)40Swinnen et al
[21]

—4.0 (3.7)b3.8 (2.1)bNY20.5 (22.0)b26.0 (4.6)b48.0 (11.0)14 (58.3)24van Genderen et
al [42]

—4.3 (2.2)4.1 (2.6)NY16.5 (12.1)26 (4.3)51.0 (13.0)81 (80)135van Genderen et
al [41]

Yuksel et al [43]

2.1 (1.5-

3.9)b
3.4 (1.5-

5.8)b
2.4 (0.5-

3.9)b
ASAS8.0 (4-13)b26.1 (22.9-

29.6)b
41.0 (31-

46)b
47 (70.1)34ASj

1.5 (1.1-

2.0)e
2.4 (1.4-

5.4)e
1.2 (0.6-

2.9)e
ASAS4.0 (2-9)e26.3 (25.4-

28.7)e
37.0 (32-

40)e
47 (70.1)33Nr-SpAk

aaxSpA: axial spondyloarthritis.
bOutcomes are reported with median (IQR) values.
cBASFI: Bath Ankylosing Spondylitis Functional Index.
dBASDAI: Bath Ankylosing Spondylitis Disease Activity Index.
eBASMI: Bath Ankylosing Spondylitis Metrology Index.
fASAS: Assessment of Spondyloarthritis international Society.
gNY: modified New York criteria.
hNot available
iESSG: European Spondyloarthropathy Study Group.
jAS: ankylosing spondylitis.
knr-SpA: nonradiologic form of axial spondyloarthritis.

Methods of Measuring Physical Activity and Sedentary
Behavior
Table 3 presents the methods used to objectively assess physical
activity or sedentary behavior among patients with axSpA.
Information regarding wearable devices (eg, device name,

manufacturer, and sensor), assessment methods (device location,
length of monitoring, requisite conditions for valid monitoring,
visualization of physical activity by the participants, and
instructions to the participants on physical activity), and
outcomes (physical activity and sedentary behavior) are
reported.
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Table 3. Wearable device and monitoring characteristics.

Outcomes re-
ported

Instructions to
the partici-
pants on physi-
cal activity

Visualization
of physical ac-
tivity by the
participants

Requisite con-
ditions for
valid monitor-
ing

Length of
monitoring

Device lo-
cation

SensorManufactur-
er (coun-
try)

Device
name

First author

Kilocounts per
day and mean
wear time

No informa-
tion

No informa-
tion

Minimum
wear time of
10 hours per
day and 5

7 consecu-
tive days

Right hipUniaxial ac-
celerometer

ActiGraph
(United
States)

The Acti-
Graph:
GT1M

Arends et
al [11]

days with both
weekend day

Total activity
duration and

No informa-
tion

No informa-
tion

Patients not
wearing ac-
celerometer as

7 consecu-
tive days

WaistTriaxial ac-
celerometer

ActiGraph
(United
States)

GT3XBayraktar
et al [39]

activity dura-
tion intensityinstructed
(light or mod-(<10 hours per
erate or vigor-day wear; <7

ous); METsadays total
wear) were re- for total and
moved from
the analysis

for each physi-
cal activity in-
tensities

Total activity
kilocounts and

No informa-
tion

No informa-
tion

Data excluded
if accelerome-
ter worn <10

7 consecu-
tive days

Right hipTriaxial ac-
celerometer

ActiGraph
(United
States)

GT3XCarbo et al
[40]

activity dura-
tion intensityhours per day,
(light, moder-for <5 days or
ate, and vigor-for <2 week-

end days ous) in min-
utes per week

Daily stand-
ing, walking,

No informa-
tion

No informa-
tion

Minimum
wear time of
24 hours for a
valid day

7 consecu-
tive days

Anterior
thigh of the
dominant
leg

Triaxial ac-
celerometer

PAL Tech-
nologies
Ltd (Scot-
land)

The activ-
PAL3

Coulter et
al [30]

sedentary
time, and
steps per day

Steps per
minute

“No instruc-
tion about
physical activ-

“patients
could visual-
ize their physi-

—90 consecu-
tive days

Wrist—bWithings
(France)

Withings
Activité
Pop

Gossec et
al [20]

ity was givencal activity on
to the partici-
pants”

their smart-
phones.”

Steps per day,
total activity

“No instruc-
tion about

“patients
could visual-

—90 consecu-
tive days

Wrist—Withings
(France)

Withing
Activité
Pop

Jacquemin
et a. [29]

duration, and
activity dura-

physical activ-
ity was given

ize their physi-
cal activity on

tion in moder-to the partici-
pants”

their smart-
phones.” ate to vigorous

intensity

Steps per day,
morning step

“No interven-
tion was

No informa-
tion

—90 consecu-
tive days

Wrist—Withings
(France)

Withing
Activité
Pop

Jacquemin
et al [31]

count, total ac-
tivity dura-

specifically
performed to

tion, and activ-increase physi-
ity duration incal activity,
moderate toand no instruc-
vigorous inten-
sity

tion about
physical activ-
ity was given
to the partici-
pants.”
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Outcomes re-
ported

Instructions to
the partici-
pants on physi-
cal activity

Visualization
of physical ac-
tivity by the
participants

Requisite con-
ditions for
valid monitor-
ing

Length of
monitoring

Device lo-
cation

SensorManufactur-
er (coun-
try)

Device
name

First author

Counts per
day

No informa-
tion

No informa-
tion

Minimum
wear time of
10 hours per
day, including
at least one
weekend day

7 consecu-
tive days

Right hipTriaxial ac-
celerometer

Stay-
healthy Inc
(United
States)

RT3O’Dwyer
et al [27]

Kilocounts per
day

No informa-
tion

No informa-
tion

—7 consecu-
tive days

Lower
back

3 uniaxial
piezoelectric
accelerome-
ters

Philips Re-
search (the
Nether-
lands)

TracmorPlasqui et
al [28]

Weekly aver-
age of kilo-
counts per day

No informa-
tion

No informa-
tion

Minimum
wear time of
1296 minutes,
corresponding
to 90% of a
24-hour peri-
od, including
both weekend
days

5 consecu-
tive days

Right tri-
ceps mus-
cle

Biaxial ac-
celerometer

Bodymedia
Inc (United
States)

SenseWear
Pro 3 Arm-
band

Swinnen et
al [21]

Kilocounts per
day and mean
wear time

No informa-
tion

No informa-
tion

Minimum
wear time of
10 hours for a
valid day

7 consecu-
tive days

Lower
back

3 uniaxial
piezoelectric
accelerome-
ters

Philips Re-
search (the
Nether-
lands)

Tracmorvan Gen-
deren et al
[42]

Vector magni-
tude counts,
counts per
day, and
counts per
minute

No informa-
tion

No informa-
tion

Minimum
wear time of
10 hours for a
valid day

7 consecu-
tive days

Lower
back

Triaxial ac-
celerometer

ActiGraph
(United
States)

GT3Xvan Gen-
deren et al
[41]

Activity dura-
tion (light,
moderate, vig-
orous) in min-
utes per week

No informa-
tion

No informa-
tion

Not specified;
however, par-
ticipants “in-
structed to
wear the de-
vice for at
least 10 h/day
except for wa-
ter-related ac-
tivities such as
showering or
swimming”

7 consecu-
tive days

WaistTriaxial ac-
celerometer

ActiGraph
(United
States)

GT3XYuksel et
al [43]

aMET: metabolic equivalent of task.
bNot available

All studies (13/13, 100%) [11,20,21,27-31,39-43] reported
wearable device–measured physical activity outcomes, whereas
some (4/13, 40%) studies reported wearable device–measured
sedentary behavior outcomes among patients with axSpA
[20,21,27,30]. Only 15% (2/13) of studies provided information
on the visualization of physical activity levels by the participants
[20,29], and 23% (3/13) of studies provided instructions to the
participants on physical activity [20,29,31].

Types of Sensors
All 13 studies used accelerometer-based wearable devices, with
6 (46%) using triaxial accelerometers [27,30,39-41,43], 2 (15%)
using 3 uniaxial piezoelectric accelerometers [28,42], 1 (8%)
using a biaxial accelerometer [21], and 1 (8%) using a uniaxial

accelerometer [11]. Approximately 23% (3/13) of studies did
not mention the type of accelerometer [20,29,31]. The brands
used were ActiGraph (5/13, 38%) [11,39-41,43], Withings (3/13,
23%) [20,29,31], Philips Research (2/13, 15%) [28,42], PAL
Technologies (1/13, 8%) [30], Stayhealthy (1/13, 8%) [27], and
Bodymedia (1/13, 8%) [21].

The Withings device was the Withing Activité Pop, an
accelerometer-based activity tracker worn on the wrist.
ActiGraph devices included the GT1M, a uniaxial accelerometer
fixed on the participant’s right hip, and the GT3X, a triaxial
accelerometer placed on the lower back using a belt. The
Tracmor sensor is a combination of 3 uniaxial piezoelectric
accelerometers that are fixed to the lower back. PAL
Technologies’ activPAL3 is a triaxial accelerometer fixed to
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the anterior thigh of a participant’s dominant leg. Stayhealthy’s
RT3 is a triaxial accelerometer worn on the right hip.
Bodymedia’s SenseWear Pro 3 Armband is a biaxial
accelerometer worn on the back of the right triceps muscle.

Wearable devices were secured on the wrist (3/13, 23%)
[20,29,31], lower back (3/13, 23%) [28,41,42], right hip (3/13,
23%) [11,27,40], waist (2/13, 15%) [39,43], anterior thigh of
the dominant leg (1/13, 8%) [30], and right arm (1/13, 8%) [21].

Monitoring Protocol
Approximately 69% (9/13) of studies used 1-week monitoring
(7 consecutive days) [11,27,28,30,39-43], and 8% (1/13) used
a 5-day period (including both weekend days) [21].
Approximately 23% (3/13) of studies used 3-month monitoring
and follow-up [20,29,31]. None of the studies assessed only
days of the week. Monitoring was considered complete when
wearable devices were worn on both weekend days in 38%
(5/13) of studies [11,21,39,40,43] or when 1 weekend day was
included in the follow-up period in 8% (1/13) of studies [27].
Approximately 54% (7/13) of studies imposed wearing the
tracker for at least 10 hours per day [11,27,39-43], 10% (1/13)
imposed wearing trackers for at least 1296 minutes
(corresponding to 90% of 24 hours) [21], and 10% (1/13)
imposed a minimum wear time of 24 hours per day [30].
Approximately 23% (3/13) of studies reported wear time
[11,40,42] and 23% (3/13) others reported activity duration or
time spent on specific activities (walking and standing)
[20,29,31].

Physical Activity Outcomes
Twelve objective measures of physical activity were used to
assess patients with axSpA in the 13 studies: 4 (31%) studies
reported steps per day [20,29-31], 6 (46%) reported activity
counts [11,27,28,40-42], 4 (46%) reported total activity duration
[29,31,39,41], 2 (15%) reported energy expenditure [21,39], 2
(15%) reported levels of physical activity [21,28], and 4 (31%)
reported average wear time in hours per day [11,21,40,42].
Approximately 69% (9/13) of studies also reported activity
intensity [21,27,29-31,39-41,43] using six different expressions
of measurement: light, moderate, vigorous, and very vigorous
levels of activity levels [21,27,39-41,43]; minutes spent in
moderate to vigorous activity [21,27,29-31]; and mean
walking-event cadence [30].

The number of steps per day was reported as the average daily
step count [20,29-31]. Activity counts were reported as the
average of daily activity counts [11,27,28,41,42]. Total activity
duration was reported as the sum of minutes involving at least
20 steps recorded in a week [29] or as active minutes in a day,
derived from either step count (minutes with at least 20 steps
recorded) [31] or activity count [41]. Energy expenditure was
expressed as the metabolic equivalent of task (MET) hours per
day [21] or MET minutes per week [39]. METs were used to
report the overall and objective levels of physical activity in
15% (2/13) of studies [21,28]. Activity intensity was obtained
from activity counts [21,27,30,41] or number of steps [29,31].
Established cutoff points were used to convert raw data from
daily activity counts [27,41] or MET values [21,30] into each
activity intensity. The average time spent doing light, moderate,

and vigorous activities was reported in minutes per day
[21,27,41] or hours per day [27]. One of the studies reported
the score for very vigorous activity and expressed it in minutes
per day [21]. The time spent performing light to vigorous
activities was expressed in minutes per day [21,27,31] or
minutes per week [29,30,39,40,43]. Another study reported
cadence using steps per minute [30].

Sedentary Behavior Outcomes
A total of 5 measures were used to assess sedentary behavior
in patients with axSpA. These included (1) the number of sitting
events (1/13, 8%) [30], (2) total sitting time (1/13, 8%) [30],
(3) the number of bouts of prolonged sitting time (>30 minutes;
1/13, 8%) [30], (4) the total duration of this prolonged sitting
time (1/13, 8%) [30], and (5) duration of sedentary behavior
(3/13, 23%) [21,27,41].

Cutoff values based on daily activity counts [27,41] or MET
values [21,30] were used to derive sedentary time from the raw
data. Coulter et al [30] also reported sitting events per day,
duration of sitting time in hours per day, and the number of
periods of prolonged sitting time (>30 minutes).

Discussion

To the best of our knowledge, this is the first systematic review
to identify and synthesize available evidence on the use of
wearable activity trackers as outcome measures for physical
activity and sedentary behavior in patients with axSpA. For the
sake of clarity, we discuss our findings through three main
themes: (1) the wearable devices themselves, (2) reference
outcomes for physical activity and sedentary behavior
assessment using wearable devices, and (3) monitoring protocols
and assessment methods.

Wearable Devices
Our findings showed the broad use of wearable devices, mostly
incorporating triaxial accelerometers [27,28,30,39-43], and less
use of simple devices such as pedometers [20,29,31] or uniaxial
or biaxial accelerometers [11,21]. Among the studies included
in our synthesis of directly comparable data (Table 2),
accelerometers were the most frequently used direct measuring
devices.

To implement these wearables in clinical practice, measurements
should be both feasible (ie, used by patients and health
professionals) and accurate (ie, validity and reliability) [44-46].

Monitoring of health and physical activity seems feasible in
patients with axSpA. Indeed, in a recent study by Jacquemin et
al [31], 157 patients reported that wearing a wristwatch-type
device for 3 months was acceptable, with a mean acceptability
score of 8 out of 10 [31]. However, the interpretation of the data
provided by these devices requires digital health skills that not
every patient with axSpA may have. The implementation of
wearables in clinical practice also necessitates the formation
and training of health professionals supporting patients with the
use of wearable activity trackers. None of the included studies
have addressed this issue.

Depending on their purpose (ie, with specific conditions of use),
the validity of activity trackers can vary significantly, making
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them more or less suitable for research purposes. Some activity
trackers are specifically designed for research purposes
(research activity trackers), with relatively short-term use, fewer
needs for the interface with the users, and more precise and
detailed parameters. This is the case for the ActiGraph [47,48],
Philips Research [48], and ActivPAL [48,49] sensors, which
have been widely validated against doubly labeled water in
healthy control populations and presented a high degree of
accuracy [47-49]. Other activity trackers (such as Fitbit or
Withings devices) are primarily designed for consumers to
monitor and improve their physical activity levels, are easy to
wear, and are adapted for long-term use. At this point, it is
important to note that previous studies have reported that the
validity of these devices is lower than that of research activity
trackers [50-53], the estimation of energy expenditure was
outside the acceptable accuracy [54-57], and the availability of
raw data is not always warranted.

Interestingly, we found no published studies assessing the
psychometric properties of wearable devices to monitor physical
activity and sedentary behavior in our specific population,
neither in free-living conditions nor in a more standardized
environment, such as a laboratory. Therefore, it would be
appropriate to conduct studies addressing the metrological
properties of these devices in this population. Importantly,
patients with axSpA seem to present with motor and gait
specificities [36,58] that could affect the validity of wearables
designed to monitor walking activity.

The positioning of the wearable devices on the body should
also be considered. The 3 main locations used were the wrist
[20,29,31], lower back [28,41,42], and hip [11,27,40]. In the
general population, previous studies have reported that where
devices are placed on the body has a significant impact on the
accuracy of the number of steps counted during various walking
activities [44,46,59,60]. The major trend reported in these
studies was the outperformance of hip-worn devices. For
example, in the laboratory-based validation protocol described
by Kooiman et al [46], a hip-worn activity tracker (Fitbit Zip,
Fitbit Inc) had the highest validity and reliability in counting
healthy participants’ steps. Hip-mounted devices were also the
best for counting steps at the preferred walking speeds of healthy
individuals, with a lower absolute mean relative error [60].
However, when walking speeds decreased, the wrist-worn
devices in the same study provided more accurate step count
estimations than the hip-worn devices [60].

Previous studies have shown that physical activity and sedentary
behavior can be modified in patients with axSpA compared
with healthy controls. Indeed, if no significant differences were
found between patients with axSpA and healthy controls in light
physical activity [21,27,41,43], counts per day [27,28,41,42],
or duration of sedentary behavior [21,27,41], 31% (4/13) of
studies found that patients with axSpA performed significantly
less vigorous activity [21,27,41,43]. Results regarding durations
of moderate or moderate to vigorous activity were inconsistent
(ie, some studies found significantly less moderate physical
activity [41,43] or moderate to vigorous activity [21] in patients
with axSpA, whereas others did not [21,27]).

Moreover, considering the symptoms caused by
spondyloarthritis, such as limitations in the sagittal range of
motion of the lower limbs during gait [61,62] and lower gait
speed [63], previous results in the literature regarding wearable
devices in axSpA may be questionable. Future studies on how
the location of wearable devices affects the overall accuracy of
measurements of physical activity and sedentary behavior among
this specific population are needed, particularly regarding the
gait specificities of patients with axSpA [36,58].

Furthermore, only 15% (2/13) of studies mentioned that
participants could visualize physical activity [20,29], and 23%
(3/13) of studies mentioned that they provided no instructions
on physical activity [20,29,31]. Wearing a wearable tracker and
visualizing physical activity can increase the physical activity
of participants [64]. Thus, future studies on wearables and
physical activity should include information on visualization
and instructions on physical activity.

Reference Outcomes for Physical Activity and
Sedentary Behavior Assessment Using Wearable
Devices
The studies included in this systematic review reported two
main categories of outcomes related to physical activity: first,
the number of daily steps taken [20,29-31], and second, data
based on the daily activity counts recorded by accelerometers
[11,21,27,28,39-43]. These 2 types of data allowed us to
estimate the time spent doing activities of different intensities
(ie, light, moderate, or vigorous). In other words, using threshold
values, it is possible to estimate the intensity of an activity based
on the number of steps or activity counts.

In contrast, even if recording the number of steps per day (4/13,
31% studies) [20,29-31] requires fewer raw data than recording
the activity count, parameters related to the activity count were
used slightly more for tracking individual behavior (9/13, 69%
studies) [21,27,29-31,39-41,43]. Indeed, monitoring techniques
based on activity count data require devices with greater memory
and storage capacity; however, recent technological advances
have made data compression and storage problems almost
irrelevant. There is extensive literature related to activity count
cutoff points [65-71] but not to step cutoff points, which could
explain why activity counts were more common in the present
review. Further investigation in a laboratory-type setting is
needed to draw firm conclusions on the pros and cons of each
measurement method in the axSpA population. It would also
be appropriate to determine specific cutoff points for this
population for both step and activity counts.

Using thresholds allowed us to categorize low, moderate,
vigorous, and very vigorous activities. However, in line with
the recommended levels of physical activity already stated for
the general population [72], and especially in this population
[73], we believe that it would be preferable to group individuals’
moderate-intensity and vigorous-intensity activities into one
moderate to vigorous activity category [74], which would also
facilitate future comparisons with the rest of the literature.

Another way of expressing physical activity levels is by using
METs. METs are a method of expressing an activity’s energy
costs, and they refer to energy expenditure rather than an
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activity’s intensity. Using METs would seem to be more relevant
and more likely to accurately report an individual’s true level
of physical activity or energy expenditure [75]. Nevertheless,
the lack of available data did not allow us to validate this
outcome’s use among pathological populations; therefore, using
kilocalories was a preferable way of expressing energy
expenditure. An increasing number of studies used activity
counts to report physical activity levels in the axSpA patient
population [11,27,28,41,42]; however, it would seem advisable
to assess this outcome under standardized laboratory and
open-field conditions.

The number of daily steps remains the outcome of choice for
monitoring an individual’s activity level [44,76-78]. This enables
the particularly straightforward detection of decreases in
ambulatory activities that prevent the onset of runaway evolution
in the disease or marked disease flares [29]. As one of the studies
already addressed this question by linking daily numbers of
steps over 3 months to acute disease flare-ups [29], we believe
that data over longer periods could also be of interest. Just as
Tudor-Locke et al [79] reported changes in daily activity patterns
over the course of a year, we think it would be interesting to
track the daily number of steps taken by patients with axSpA
over 1 year.

The literature concerning assessments of sedentary behavior is
much more scattered, and more studies are needed to confirm
the trends reported to date. As with the intensity of physical
activity, sedentary behavior can be defined using certain
thresholds. Some researchers have used activity count
[27,41,42], whereas others have estimated sedentary behavior
using METs provided by the manufacturers’ algorithms [30].

At present, only one method of monitoring sedentary behavior
exists for patients with axSpA, although it has different
outcomes. This method uses wearable trackers and the
acceleration data obtained from them. The outcomes are overall
reports of sedentary time based on thresholds and detailed
reports of sitting times and the number of sitting events.

To increase the monitoring precision and for comparative
purposes, we suggest that all studies clearly mention the duration
of carrying the wearable devices.

Monitoring Protocols and Assessment Methods
The studies included in this systematic review reported two
ways of monitoring sedentary behavior and physical activity
levels of patients with axSpA. We found studies with short
follow-up periods of 5 to 7 days [11,21,27,28,30,39-43] and
others with follow-up periods of >90 days [20,29,31], depending
on each study’s objectives. Importantly, sufficient daily wear
time and a sufficient number of follow-up days, including
specific weekend days, had to be ensured for that follow-up to
be valid. Interestingly, all studies included weekends in their
monitoring. For example, Gossec et al [20] identified the critical
time intervals for classifying activities and tracking accuracy.
These authors also reported that the significantly different
activities performed on Saturday afternoons were associated
with the detection of axSpA flare-ups and changes in flare-up
state [20]. When examining the general population data [79],

the days of the week included in the follow-up may have
influenced the monitoring results. Furthermore, owing to the
technical properties of wearable devices, some activities, such
as swimming, could not be monitored.

The length of monitoring (ie, 1 week or several weeks) and days
included in the monitoring (ie, weekday, workday, day off, and
weekend) should be harmonized as they influence physical
activity performance [20,80,81]. If reliable results can often be
found with 1 week of monitoring, longer monitoring can help
health professionals capture days of the week in which the
participant is always inactive to further adapt the intervention
program [80].

Limitations and Perspectives of the Review
Wearable trackers are promising as they have the potential to
better monitor the physical activity and sedentary behavior
evolution of patients with axSpA and study its impact on the
disease. Mobile health, including trackers, permits health
monitoring when outside health structures and could limit the
number of visits to the hospital or clinic [82]. The literature on
wearable trackers is rapidly building, and it is possible that some
studies were published between the search and publication of
this review. Moreover, most systematic reviews were limited
by the small number of studies included. To avoid this, the
search strategy included all fields and was not limited to the
titles and abstracts. We used a thorough systematic and
transparent methodology to conduct this review [32]. Despite
this, only a few studies were included in the review, and we
encountered some challenges when comparing across studies
because of varying methods and reported results.

Furthermore, although the present review did not focus on the
role of wearables as interventions to improve physical activity
and sedentary behavior, this area of research could represent a
relevant future research direction. Indeed, trackers can also be
used as an intervention to motivate users to increase physical
activity and decrease sedentary behavior [17,64,83-85] and
could further prevent inactivity- or sedentary-related diseases
(eg, cardiovascular diseases) [12].

Conclusions
This review identified and synthesized currently available
evidence on the use of wearable activity trackers as outcome
measures for physical activity and sedentary behavior in patients
with axSpA.

We have underlined some trends regarding (1) the types of
wearable devices used, (2) the outcomes reported, and (3) the
follow-up protocols used. To date, few studies have used
wearable devices to quantify physical activity among patients
with axSpA, and the methods used have been heterogeneous.
To fill this gap in knowledge and the literature, we suggest that
future research focus on testing the feasibility and accuracy of
physical activity and sedentary behavior assessments in patients
with axSpA. The best locations to position the sensors should
also be considered. This should occur in both the short-term,
controlled, and supervised conditions of a laboratory
environment and the long-term, varied, and everyday conditions
of normal living environments.
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Abstract

Background: Despite the potential of mobile health (mHealth) interventions to facilitate the early detection of signs of heart
failure (HF) decompensation and provide personalized management of symptoms, the outcomes of such interventions in patients
with HF have been inconsistent. As engagement with mHealth is required for interventions to be effective, poor patient engagement
with mHealth interventions may be associated with mixed evidence. It is crucial to understand how engagement with mHealth
interventions is measured in patients with HF, and the effects of engagement on HF outcomes.

Objective: In this review, we aimed to describe measures of patient engagement with mHealth interventions and the effects of
engagement on HF outcomes.

Methods: We conducted a systematic literature search in 7 databases for relevant studies published in the English language
from 2009 to September 2021 and reported the descriptive characteristics of the studies. We used content analysis to identify
themes that described patient engagement with mHealth interventions in the qualitative studies included in the review.

Results: We synthesized 32 studies that operationalized engagement with mHealth interventions in 4771 patients with HF
(3239/4771, 67.88%, male), ranging from a sample of 7 to 1571 (median 53.3) patients, followed for a median duration of 90
(IQR 45-180) days. Patient engagement with mHealth interventions was measured only quantitatively based on system usage
data in 72% (23/32) of the studies, only qualitatively based on data from semistructured interviews and focus groups in 6% (2/32)
of studies, and by a combination of both quantitative and qualitative data in 22% (7/32) of studies. System usage data were
evaluated using 6 metrics of engagement: number of physiological parameters transmitted (19/30, 63% studies), number of HF
questionnaires completed (2/30, 7% studies), number of log-ins (4/30, 13% studies), number of SMS text message responses
(1/30, 3% studies), time spent (5/30, 17% studies), and the number of features accessed and screen viewed (4/30, 13% studies).
There was a lack of consistency in how the system usage metrics were reported across studies. In total, 80% of the studies reported
only descriptive characteristics of system usage data. The emotional, cognitive, and behavioral domains of patient engagement
were identified through qualitative studies. Patient engagement levels ranged from 45% to 100% and decreased over time. The
effects of engagement on HF knowledge, self-care, exercise adherence, and HF hospitalization were inconclusive.

Conclusions: The measures of patient engagement with mHealth interventions in patients with HF are underreported and lack
consistency. The application of inferential analytical methods to engagement data is extremely limited. There is a need for a
working group on mHealth that may consolidate the previous operational definitions of patient engagement into an optimal and
standardized measure.

(JMIR Mhealth Uhealth 2022;10(8):e35657)   doi:10.2196/35657
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Introduction

Background
Heart failure (HF) is a progressive chronic health condition
characterized by the inability of the heart muscle to pump
sufficient blood to meet the metabolic demands of the body [1].
HF is characterized by a high incidence of acute exacerbations,
leading to poor health-related quality of life, and high
hospitalization and mortality rates [2]. An estimated 6.2 million
adults aged 20 years and older have HF in the United States [2].
This prevalence rate is projected to increase by 46% by 2030
[2].

Mobile devices are increasingly leveraged in mobile health
(mHealth) interventions to provide comprehensive and
personalized care that may decrease the incidence of HF
exacerbations, improve health-related quality of life, and
decrease HF hospitalization and mortality rates. mHealth is the
use of mobile devices, such as smartphones, wearable sensors,
PDAs, tablet computers, and mobile telemonitoring devices to
deliver care, maintain health, and manage chronic conditions
[3-5]. The outcomes of mHealth interventions for patients with
HF have been inconsistent. Previous meta-analyses [6,7] and a
systematic review [8] of mHealth-based interventions have
shown mixed evidence on the effectiveness of these
interventions in improving outcomes in patients with HF.
Considering that engagement with mHealth interventions is a
prerequisite for the effectiveness of the interventions [9], poor
patient engagement with the interventions might be associated
with mixed results [10-14]. Hence, it is crucial to measure
engagement with mHealth interventions in patients with HF.

Conceptualization of Patient Engagement With
mHealth
On the basis of an expert consensus, Yardley et al [9]
conceptualized engagement with mHealth interventions as a
dynamic process involving microengagement and
macroengagement. Microengagement is the moment-to-moment
use of mHealth interventions or systems and the subjective
experience that is derived from using the systems.
Macroengagement is the degree of health-related behavior
change that is mediated by the use of mHealth interventions
[9]. Perski et al [15] extended the framework proposed by
Yardley et al [9] by describing subjective user experience as
attention, interest, and affect [10,15]. Hence, patient engagement
with mHealth was operationalized in previous studies as the
intensity, duration, and frequency of mHealth system use
[10,15-18], as well as the subjective experiences of the users,
defined as attention, interest, and affect [15].

Short et al [11] advanced previous work [9,15] by identifying
8 subthemes that may be used in qualitative research to describe
subjective user experience (Multimedia Appendix 1).
Accordingly, we conceptualized engagement with mHealth
interventions as a dynamic and multidimensional construct that

consists of behavioral, cognitive, and emotional domains. The
behavioral domain is measured using system usage data, which
are quantitative data generated by the physical interaction of a
user with mHealth systems [9,11]. Cognitive (pertains to what
a patient thinks or knows) and emotional (what a patient feels)
domains describe subjective user experiences of using mHealth
[11,15,19].

Gap in Evidence
There is a dearth of information on how engagement with
mHealth interventions has been conceptualized and measured
in patients with HF. Recent scoping reviews [10,20] of evidence
on measures of engagement in mHealth interventions for the
management of chronic conditions included 51 articles in which
patient engagement measures were reported. Only 3 articles
were reviewed related to patients with HF. However, 3 previous
reviews of mHealth applications for HF self-care [21-23]
identified 70 available mHealth applications for the management
of HF. Patient engagement with these applications has not been
reported. Thus, previous scoping reviews [10,20] might not be
a full representation of current mHealth engagement research
in patients with HF.

In addition, previous scoping reviews [10,20] focused only on
system usage data, which is an objective measure of usage logs
generated during a user’s interaction with mHealth systems.
System usage data may not capture subjective user experiences,
which are an essential aspect of patient engagement with
mHealth interventions [9,11,17]. Thus, a review that includes
both objective and subjective measures of patient engagement
with mHealth is warranted. This review aimed to synthesize
current evidence on measures of engagement of patients with
HF with mHealth interventions and examine the effects of
patient engagement with mHealth interventions on HF outcomes.

Specifically, we addressed the following questions: (1) How
was engagement with mHealth interventions operationalized
quantitatively and qualitatively in patients with HF? (2) How
was engagement with mHealth interventions in patients with
HF analyzed and reported in previous studies in patients with
HF? (3) What were the patterns of engagement over time? (4)
What factors predicted patterns of engagement over time? (5)
What was the relationship between engagement and HF
outcomes?

Methods

Methodological Framework
As a result of the novelty and heterogeneity of mHealth
interventions in patients with HF [6,8], we used a scoping review
to synthesize current evidence on engagement with mHealth
interventions in patients with HF [24-28]. The review followed
the checklist of the PRISMA-ScR (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses extension for
Scoping Reviews) [25]. The review was guided by the 6-step
methodological framework for scoping reviews by Arksey and
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O’Malley [28-30] except for the optional consultation phase
(step 6) [26]. The 5 steps used in this review are as follows: (1)
formulate a research question; (2) search the literature to identify
relevant studies; (3) select the relevant studies based on
predefined eligibility criteria; (4) chart the data to identify key
information; and (5) organize, summarize, and report the
findings [27-30].

We conducted a comprehensive search of the literature in 7
databases (CINAHL, Cochrane Central Register of Controlled
Trials [CENTRAL], PubMed, Scopus, PsycINFO, MEDLINE,
and Ovid) for relevant literature published in the English
language from 2009 to September 2021. The search was
conducted with the help of an experienced medical librarian. A
combination of keywords was used to search the databases
(Multimedia Appendix 2).

Eligibility Criteria
The following were the inclusion criteria: (1) studies that
included adult patients with HF, aged ≥18 years, in New York
Heart Association class 1 to 4, of any sex, ethnicity, and
nationality, and published in the English language between 2009
and September 2021; (2) studies that operationalized
engagement with mHealth interventions or usage of mHealth
systems; and (3) studies that included results of patient
engagement with mHealth interventions or effects of
engagement with mHealth interventions on patient outcomes.
Usability and feasibility studies in which patients explored
mHealth application features only once were excluded because
one-time usage is insufficient to establish patient engagement
with the intervention [10]. Landline telephone–based
interventions were also excluded because landline telephones
are not considered mobile devices.

Data Extraction and Analysis
The initial database search yielded 1198 articles. The articles
were uploaded to the Endnote software (version 20) for analysis.
The selection process is illustrated in the PRISMA (Preferred

Reporting Items for Systematic Reviews and Meta-Analyses)
flow diagram (Figure 1). Two reviewers (first and third authors)
independently selected 32 studies from the 1198 that met the
inclusion criteria. The study and intervention characteristics
were coded using a data extraction form based on related
constructs from the CONSORT‐EHEALTH (Consolidated
Standards of Reporting Trials of Electronic and Mobile Health
Applications and Online Telehealth) checklist (V.1.6.1) [31].
The coded characteristics are presented in Textbox 1. The
descriptive characteristics of the studies were reported. System
usage data reported in the studies were categorized using the
frequency, intensity, time, and type (FITT) principle to provide
more insight into the usage data. The FITT principle has been
previously described by Short et al [11] and applied in analyzing
the system usage data [32]. Frequency describes how often a
patient completes a required task. The intensity or depth is the
proportion of an assigned task completed by a patient. Time
measures the duration for completing a task, and type is
attributed to the type of intervention [11].

All studies in which qualitative methods were used to measure
patient engagement were uploaded to the qualitative data
analysis software Atlas.ti (version 8). The 3 phases of deductive
content analysis outlined by Elo et al [33] were used to analyze
the qualitative data. In the first phase, line-by-line coding was
performed by grouping the data into clusters of information and
assigning labels to the clusters. In the second phase, the list of
codes was combined into potential subthemes and themes in
accordance with the 8 main constructs used by Short et al [11]
to describe the emotional, cognitive, and behavioral domains
of engagement. Although the constructs overlapped, Short et
al [11] provided a concise description of each construct
(Multimedia Appendix 2). In the third phase, the potential
themes and subthemes were refined to ensure that the data within
each theme were distinctive. Two authors (IM and AA)
independently conducted the initial analysis, which was
reviewed by all the coauthors. Any disagreement during the
analytical process was discussed until a consensus was reached.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e35657 | p.39https://mhealth.jmir.org/2022/8/e35657
(page number not for citation purposes)

Madujibeya et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow diagram.
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Textbox 1. Codes extracted from included studies.

Study characteristics

• General information about the studies including the first author’s last name, year, country of publication, duration of follow-up, patient
characteristics, and the purpose of the study

Mobile health (mHealth) characteristics

• mHealth devices: mobile phone, PDA devices, sensor, and mobile telemonitor systems

• Measured physiological parameters: blood pressure, heart rate, weight, oxygen saturation, and electrocardiogram transmitted by patients

• Data transmission: mode of transmitting data from peripheral devices, such as weighing scale to the mHealth device

• Transmission frequency: how often patients transmit physiological parameters to providers or central monitoring centers

• The interactive user interface: interface for patient’s interaction with mHealth systems

Engagement measures

• Operationalization of engagement: how engagement was measured

• Objective measures: objective measures of engagement, such as quantitative measures of system usage

• Subjective measures: measures of engagement using self-reported questionnaires or through a qualitative method, such as interviews

• Data collection method: methods for collecting engagement information

• Analytical methods: methods used for analyzing engagement data

• Reported engagement: the results of engagement with mHealth

• Effect of engagement: the reported effects of engagement on patient-reported outcomes.

• The strengths and limitations of studies

Results

Study and Patient Characteristics
Of the 32 studies, 16 (50%) [14,34-48] were conducted in the
United States. The remaining studies were conducted in
Germany (3/32, 9%) [49-51], Canada (2/32, 6%) [14,52],
Belgium (2/32, 6%) [53,54], Italy (2/32, 6%) [55,56], the United
Kingdom (1/32, 3%) [57], Austria (1/32, 3%) [58], Sweden
(1/32, 3%) [59], Poland (1/32, 3%) [60], Singapore (1/32, 3%)
[61], China (1/32, 3%) [62], and Australia (1/32, 3%) [63]. The
duration of the studies ranged from 1 to 26 months, with a
median of 3 months. The sample sizes ranged from 7 to 1571,
with a median of 53.3 patients. Most of the patients (3239/4771,
67.9%) were male.

Intervention Characteristics
The key characteristics of the interventions are presented in
(Multimedia Appendix 3). In approximately 50% (16/32) of the
studies [14,35,38,40,43,45,47-49,52-55,57,58,60], patients used
smartphones, 28% (9/32) [36,37,39,42,46,59,61-63] used tablet
computers, 6.25% (2/32) [50,56] used PDAs, and 16% (5/32)
used either portable telemonitoring devices [34,44] or a
combination of smartphones, smart watches, and tablet
computers [45,51,64] as integral components of mHealth
systems for the management of HF symptoms or for the
provision of HF-related self-care education.

In 84% (27/32) of the studies, physiological parameters (weight,
blood pressure, heart rate, or electrocardiogram),
patient-reported HF symptoms, and self-care activities that were
transmitted to either secured servers or telemonitoring centers
were used to provide personalized HF remote monitoring and

management. In 9% (3/32) of the studies, the mHealth
intervention focused solely on providing HF-related self-care
education through daily HF quizzes [34], game application [37],
or daily SMS text messages [35]. In the remaining 6% (2/32)
of the studies [60,64] investigators used mHealth systems to
implement home-based cardiac rehabilitation or to target
exercise adherence via videoconferencing. The investigators in
91% (29/32) of the studies incorporated the user interface of
the mHealth devices to provide interactive HF education, graphic
display of monitored parameters, activity reminders, or
interaction with a web-based assistant.

Operational Definitions of Patient Engagement With
mHealth
In addition, the operational definitions of patient engagement
with mHealth interventions are summarized in Multimedia
Appendix 4. Patient engagement with mHealth interventions
was measured solely based on system usage data in 72% (23/32)
of the studies. Among the remaining studies, 6% (2/32) used
only qualitative methods to determine engagement (focus groups
and semistructured interviews) [34,39]; 19% (6/32)
[14,40,48,54,57,62] used both system usage data and qualitative
methods; and 3% (1/32) [43] planned to use system usage data,
qualitative methods (think aloud), and user engagement
questionnaires.

Analytical Methods Applied to System Usage Data
As shown in Multimedia Appendix 5, in 94% (30/32) of the
reviewed studies, patient engagement with mHealth
interventions was evaluated using six main system usage data:
(1) number of physiological parameters measured and
transmitted (19/30, 63%), (2) number of HF symptom
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questionnaires completed (2/30, 7%), (3) number of log-ins
(4/30, 13%), (4) number of SMS text message responses (1/30,
3%), (5) time spent (5/30, 17%), and (6) number of features
accessed or screens viewed (4/30, 13%). Descriptive statistics
(mean, range, median, and percentage) were used to summarize
patient engagement in 80% (24/30) of the reviewed studies that
analyzed system usage data. The remaining 20% (6/30) of the
studies applied both descriptive and inferential statistics to
system usage data. The analytical methods and studies that used
them are presented in Multimedia Appendix 4.

Operational Definitions of System Usage Data
Operational definitions of system usage data and reported
outcomes are presented in Multimedia Appendices 4 and 6. The
operational definitions differed across the 30 studies that
reported the metric. In 47% (14/30) of the 30 studies, system
usage data were operationalized as the proportion of patients
who used an mHealth system to complete 70% [49,50], 80%
[52], 85% [61], or 100% [36,38,40,42,48,60-64] of the required
tasks as expected during the duration of intervention or system
use. The engagement levels reported in the 14 studies ranged
from 45% [63] to 100% [60]. In 23% (7/30) of the 30 studies
[14,40,41,46,53,57,59], system usage data were measured as
the proportion of days during which patients completed assigned
tasks or used mHealth, as expected, during the total number of
days equipped with the system. Median engagement rates of

88% and 96% were reported in 2 studies [41,59], while 1 study
[40] reported a mean engagement of 18.2%. The remaining 4
studies [14,46,53,57] reported engagement outcomes as a
percentage, ranging from 73.6% [46] to 88% [57].

In 20% (6/30) of the 30 studies [35,44,52,54,55,58], system
usage data were operationalized as the number of assigned tasks
completed per patient per number of days equipped with a
mobile device or intervention. In 1 of the 6 studies [35],
investigators reported a mean engagement of 5.7%, with a range
of 0 to 27, while in the remaining studies, engagement was
reported as an overall rate, ranging from 53.3% to 95%. In 7%
(2/30) of the studies [37,51], investigators measured system
usage data as the number of times an mHealth system was used
per patient per duration of intervention. The reported
engagement ranged from 9.7 hours in 28 days [37], to 11.3 hours
in 60 days [51]. Other investigators [45,47] measured system
usage data as the ratio of the number of hours a patient had heart
rate readings to the total hours in the study. For example, Sohn
et al [45] reported an engagement rate of 79.1%.

The categorization of system usage data based on the FITT
principle is presented in Table 1. The intensity category was
the most predominant (22/30, 73.3%) among the reviewed
studies, followed by frequency (12/30, 40%), and time (8/30,
26.7%). Only 2 studies [40,48] reported the frequency, intensity,
and time spent.
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Table 1. Categorization of system usage data based on the frequency, intensity, time, and type (FITT) principle.

Type of interventionTime spentIntensityFrequencymHealtha deviceStudy

TelemonitoringN/A✓N/AbTabletApergi et al [46]

Telemonitoring, HFc education, and
physical activity

✓✓N/ASmartphoneAthilingam et al [38]

Telemonitoring, physical activity,
and HF education

✓N/A✓SmartphoneBartlett et al [57]

Telemonitoring and physical activityN/AN/AN/ATabletBuck et al [39]

Telemonitoring and HF educationN/A✓N/ATabletChow et al [61]

Telemonitoring✓✓✓SmartphoneDang et al [40]

Physical activityN/A✓N/ASmartwatchDeka et al [64]

TelemonitoringN/A✓N/ASmartphoneDendale et al [53]

TelemonitoringN/AN/A✓TabletDing et al [63]

TelemonitoringN/AN/A✓TabletGuo et al [62]

Telemonitoring and HF educationN/AN/A✓TabletHägglund et al [59]

Telemonitoring and HF educationN/A✓✓Tablet, WTDdHayes et al [44]

Telemonitoring and physical activity✓✓N/ASmartphone, smartwatchKitsiou et al [47]

Telemonitoring and HFa educationN/A✓N/AWTD, smartphone, or
tablet,

Koehler et al [49]

TelemonitoringN/A✓N/APDAKoehler et al [50]

Self-care and physical activityN/A✓✓TabletLloyd et al [42]

HF educationN/AN/AN/AWTDLouise et al [34]

HF educationN/AN/A✓SmartphoneNundy et al [35]

Cardiac rehab and HF educationN/A✓N/ASmartphonePiotrowicz et al [60]

TelemonitoringN/A✓N/ASmartphonePedone et al [55]

HF education via gaming✓✓N/ATabletRadhakrishnan et al [37]

Telemonitoring and HF educationN/A✓N/ATabletRosen et al [41]

TelemonitoringN/AN/A✓SmartphoneScherr et al [58]

TelemonitoringN/A✓N/ASmartphoneSeto et al [52]

Telemonitoring and HF educationN/A✓N/ASmartphoneSmeets et al [54]

Telemonitoring and physical activity✓✓N/ASmartwatch, smartphoneSohn et al [45]

TelemonitoringN/A✓N/APDAVillani et al [56]

TelemonitoringN/A✓N/ASmartphonesWare et al [14]

Telemonitoring and HF education✓✓✓SmartphonesWei et al [48]

Telemonitoring and physical activity✓N/A✓Smartphones, tablet smart-
watch

Werhahn et al [51]

TelemonitoringN/A✓N/ATablet, web portalZan et al [36]

Telemonitoring and physical activityN/AN/AN/ASmartphones with virtual
reality–based self-care as-
sistance

Zhang et al [43]

amHealth: mobile health.
bN/A: not applicable; represents qualitative studies or studies that did not report elements of the FITT principle.
cHF: heart failure.
dWTD: wireless telemonitoring device.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e35657 | p.43https://mhealth.jmir.org/2022/8/e35657
(page number not for citation purposes)

Madujibeya et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Longitudinal Patterns of Patient Engagement With
mHealth Interventions
The investigators in one of the 8 studies [41] that reported
longitudinal patterns of patient engagement with mHealth
interventions concluded that patient engagement did not change
over time. However, the investigators did not state how the
effect of time on patient engagement patterns was examined.
In the remaining 7 studies, the investigators used descriptive
statistics (plots of engagement over time) [36,40,42,44,46,52,62]
or a longitudinal analysis [14] to examine the effects of time
on engagement patterns. All the investigators reported that
patient engagement decreased over time.

Predictors of Patient Engagement With mHealth
Four groups [14,41,45,46] examined the effects of age on patient
engagement with mHealth interventions, and the findings were
inconclusive. Apergi et al [46] reported a positive association
between age and patient engagement, whereas Sohen et al [45]
and Rosen et al [41] reported a nonsignificant association
between age and patient engagement. The investigators in 2
studies [14,41] examined the effects of sex and HF severity
(measured by New York Heart Association class) on patient
engagement. They reported a nonsignificant association among
gender, HF severity, and patient engagement with mHealth
interventions.

Qualitative Measures of Patient Engagement
The emotional, cognitive, and behavioral domains of patient
engagement with mHealth interventions, and the constructs
used to describe them in qualitative research are summarized
in Table 2. In 8 [14,34,39,40,48,54,57,62] out of the 9 studies
that included qualitative measures, open-ended questionnaires,
focus groups, and semistructured interviews were used to
describe patients’ experience of using mHealth devices. The
experiences were categorized under the behavioral, cognitive,
and emotional domains of patient engagement. Intervention
usage, which is a construct of the behavioral domain that
describes a user’s patterns of interaction with mHealth
interventions or systems [11,19], was the most reported
subcategory (7/8, 88%) in the studies. For example, in the
postintervention interviews with patients who participated in a
tablet-delivered self-care intervention (Penn State Heart
Assistant), patients stated that they recorded their blood pressure
and weight every morning and exercised daily whenever the
mHealth system was functional [39].

Three [14,40,62] out of the 8 studies used affect to describe the
emotional domain of patient engagement. For example, in a
mobile phone–based telemonitoring intervention, patients stated
that they felt guilty when they missed measuring the required
daily physiological parameters [14]. In 11.1% (1/9) [43] of the
studies that included qualitative measures, investigators planned
to use think aloud to capture the patient’s cognitive process
while patients were performing tasks on mHealth applications.
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Table 2. Qualitative constructs used to describe the emotional, cognitive, and behavioral engagement.

QuotesSubcategoriesStudy

Barlett et al [57] •• “The interview data report higher engagement with the walking than was
recorded in the step count in the mobile device.” (Intervention usage)

Intervention usagea

• Immersionb
• “I cannot use the system every day, I will use it as it fit my lifestyle.” (Immer-

sion)

Buck et al [39] •• “I still record my blood pressure, weight, and exercise every day. So, instead
of a paper, I would put it on my iPad.” (Intervention usage)

Intervention usagea

Dang et al [40] •• “All participants said that the program made them feel more secure about their
health and that they would stay enrolled.” (Affect)

Affectc

• Intervention usagea
• “Since participants received daily reminders to weigh themselves, it had become

a habit.” (Intervention usage)

Guo et al [62] •• Participants were more interested in smart health tracking devices, which could
help them keep track of health conditions anywhere, (interest) so that they felt
more secure and involved in their care (affect)

Interestc

• Affectc

Laframboise et al [34] •• “Many participants perceived the daily interaction with the Health Buddy (mobile
device) as social contact and something they looked forward to, as well as
something to do daily.” (Interest)

Intervention usagea

• Interestb

• “The Health Buddy was kind of like a good friend. It gave me something to do
every day.” (Intervention usage and interest)

Smeets et al [54] •• “50% of patients were eager to continue using the CardioCoach follow-up tool
after the study ended.” (Intervention usage)

Intervention usagea

Ware et al [14] •• “Taking my readings is what I do first thing in the morning before I get the
phone call with the annoying ringing” (Intervention usage, affect)

Intervention usagea

• Affectc
• “Feel kind of guilty because I haven’t got it [Taking daily readings] done.”

(Affect)• Interestb

Wei et al [48] •• “One participant reported synching issues between the scale and the app.” (In-
tervention usage)

Intervention usagea

aBehavioral domain.
bCognitive domain.
cEmotional domain.

Effects of Patient Engagement With mHealth
Interventions on HF Outcomes
Few researchers reported the effect of patient engagement with
mHealth interventions on HF outcomes (HF knowledge,
self-care, weight loss, and exercise engagement) using both
quantitative and qualitative methods. Patient engagement with
mHealth interventions was positively correlated with an
improvement in HF knowledge. Three studies aimed to improve
HF knowledge using daily HF quizzes [57], mobile game
applications [37], or watching HF educational videos on
smartphone interfaces [48]. There was a significant positive
correlation between patient engagement and improvement in
HF knowledge in all 3 studies.

Radhakrishnan et al [37] reported a positive correlation between
the average game-playing time and HF-related self-care. In
contrast, Sohn et al [45] showed a negative correlation between
patient engagement and self-care confidence. In the 3 studies
in which semistructured interviews were used [14,34,40],
patients stated that engagement in telemonitoring was associated
with improvement in their HF self-care [14,34] and self-care
confidence [40]. However, only 33% (8/24) of the patients

interviewed in one study [14] agreed that engagement with the
intervention improved their self-care confidence. Thus, based
on qualitative data, the effect of patient engagement on self-care
is inconclusive.

Only one investigative team [42] examined the effects of patient
engagement with interventions on weight loss and exercise. The
investigators reported positive associations between patient
engagement, weight, and exercise engagement. On the other
hand, only Haynes et al [44] examined the effect of patient
engagement on hospitalization because of HF. They reported
that every 1-day increase in patient engagement was associated
with a 19% decrease in HF hospitalization [44].

Discussion

Principal Findings
We used a scoping review to present an overview of how
engagement with mHealth interventions was operationalized
among patients with HF. Across the studies, patient engagement
with the interventions was evaluated using both quantitative
measures based on system usage data and qualitative measures
based on semistructured interviews and focus groups. System
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usage data were evaluated as physiological parameters
transmitted to telemonitoring centers, number of HF
questionnaires completed, number of log-ins, number of SMS
text message responses, time spent engaging with interventional
features, features accessed, or screen viewed. The measures of
system usage data were underreported and lacked consistency.
The application of inferential analytical methods to the data is
extremely limited.

Evaluation of System Usage Data
In most studies in our review (23/32, 72%), only system usage
data were measured to quantify engagement with mHealth. The
predominant focus on system usage data in the reviewed studies
was expected, considering that these metrics are the most
reported measures of patient engagement with mHealth
interventions [10,11,15]. mHealth devices can automatically
track the user’s patterns of interaction with mHealth
interventions and generate quantitative data that reflect the
patterns of the interaction. The ready availability of the data
may have contributed to its popularity among investigators.
However, this method alone misses important components of
engagement.

Reporting all 4 main elements of the FITT principle is essential
to capture all the aspects of system usage data [11,65-67].
However, only 2 studies in our review reported all 4 components
of the FITT intervention. In 47% (14/30) of the studies that
evaluated system usage data, investigators reported only
intensity. The emphasis on intensity was consistent with
previous studies [10,15] that categorized system usage metrics
as amount, breadth, duration, and depth. Pham et al [10] reported
that the majority (31/41, 76%) of the studies in their review
measured the depth of engagement category, which is the same
as the intensity [11]. It is likely that the investigators were not
examining the frequency and time components of the FITT
principle or were underreporting them. This could obscure the
differences in patient engagement profiles when patients showed
similar intensity levels, but differed in either frequency or time
spent in mHealth interventions. Examining all components of
FITT is essential in gaining more insight into patient engagement
behaviors than measuring only one component. Such insight
could guide actions and policies to promote engagement
behaviors that are congruent with interventional outcomes [11].

Longitudinal Patterns of Patient Engagement
Cheikh-Moussa et al [20] concluded in their review of 10 articles
that patients with cardiometabolic conditions’engagement with
mHealth interventions decreased over time. The findings are
consistent with the results from 8 articles in our review that
showed that patient engagement with mHealth interventions
decreased over time. However, our findings should be
interpreted with caution. The investigators in 7 of the 8 studies
used only simple plots (descriptive statistics) to examine the
relationship between patient engagement and time. Similarly,
researchers in 2 studies [41,45] out of the 4 that examined the
effect of age on engagement limited their analysis to descriptive
statistics. Thus, the application of inferential statistics in
evaluating system usage data is extremely limited, making it
challenging to draw definitive conclusions on the longitudinal

patterns of patient engagement and the predictors of patient
engagement with mHealth interventions.

Subjective Measures of Engagement
Intervention usage was the most identified qualitative measure
of patient engagement, indicating that most investigators focused
on usage (behavioral domain). These findings appear consistent
with a previous qualitative review of 11 studies that evaluated
patient engagement with eHealth [19]. The investigators
highlighted the behavioral and cognitive domains of engagement
as the most assessed aspects of patient engagement [19].
However, the emotional domain is equally important in
understanding the complexity of patient engagement with
mHealth interventions. For example, the experience of technical
challenges with mHealth interventions could trigger negative
emotions in patients, such as emotional exhaustion and sadness.
Patients may be inclined to regulate these emotions by
decreasing the extent of their interaction with the intervention.
Hence, the interplay between the emotional and behavioral
domains of engagement within the context of technical problems
could influence patterns of patient engagement with mHealth
[68]. Thus, assessing the 3 domains of patient engagement may
be pivotal in understanding the complexity of patient
engagement with mHealth interventions.

The qualitative assessment of intervention usage may be
combined with system usage data to provide more insight into
the patterns of patient engagement with mHealth interventions.
For example, in 2 studies, the SMART Personalized
Self-management System for HF intervention [57] and
phone-based telemonitoring intervention for patients with HF
[14], the investigators deduced from interview reports that
system usage data captured by the mHealth system did not
reflect the actual patient engagement. The patients reported a
higher degree of engagement, but it was not captured by the
mHealth systems because of technical problems such as poor
connectivity between peripheral devices and mobile phones,
server downtime, and system malfunction [57]. Thus, the use
of both qualitative and quantitative approaches to measure
patient engagement with mHealth is recommended.

Focusing only on the qualitative method may present an
inaccurate representation of patient engagement, considering
that the findings of qualitative methods are subject to social
desirability and recall bias. For example, in the Health Buddy
intervention [34], the interview was conducted approximately
2 years after the intervention was completed. However, the
patients may not recall their experiences of using the
intervention. Thus, both system usage data and qualitative
methods have limitations that may hamper the accurate capture
of patient engagement data. However, both methods may
complement each other when combined.

Effects of Engagement on HF Outcomes
We determined that the effects of patient engagement on HF
outcomes were inconclusive owing to the lack of rigorous
analytical methods in the reviewed studies. For example, in 3
studies [37,48,57] that examined the relationship between patient
engagement and HF knowledge, only correlation analyses were
used. Correlation analysis can be used to summarize sample
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characteristics, but an inferential analytical approach is essential
for making an inference about a population from a sample. The
effects of patient engagement on weight loss, exercise, and HF
hospitalizations were examined in only 1 study. Although the
findings were promising, there is insufficient evidence to
conclude that patient engagement with mHealth is associated
with improvements in HF outcomes [11].

Study Implications
The CONSORT-EHEALTH checklist for reporting eHealth and
mHealth interventions highly recommends reporting operational
definitions of patient engagement [31]. The findings from our
study and previous reviews [10,20,69,70] indicate the lack of
a standard approach for measuring patient engagement with
mHealth interventions. Across studies, different cutoff points
were used to indicate effective patient engagement, without any
supporting evidence for choosing the cutoff points. To ensure
the comparison of findings across studies, addressing the
inconsistency in measures of patient engagement should be a
key research priority.

International working groups on mHealth have been previously
used to develop strategies and policies to support the global
implementation of effective mHealth initiatives [71], and unify
previous conceptual definitions of patient engagement into an
integrative definition of patient engagement [72,73]. Thus, a
working group on mHealth could be established to consolidate
previous operational definitions of patient engagement into a
standardized measure and determine a cutoff point for effective
engagement that could be applied across studies. Moreover,
when possible, validated self-reported questionnaires of patient
engagement with mHealth, such as the Digital Behavior Change
Interventions scale [17] and User Engagement Scale [74,75],
may be integrated into mHealth interventions in patients with
HF to enable comparison of findings across studies [9].

In 80% (24/30) of studies in which system usage data were
analyzed, only descriptive statistics were reported as engagement
outcomes. Although patient engagement is conceptualized as a
dynamic process that changes over time [9,15,44,76], only 3
studies [14,42,44] in our review applied a longitudinal analytical
method to analyze system usage data. The application of
longitudinal methods in examining system usage may offer an
understanding of how patient engagement with mHealth
interventions changes within a person over time, and the effects
of the interventions on HF outcomes. Thus, future longitudinal
studies with methodological rigor are essential to understand
the relationship between patient engagement and HF outcomes
and the predictors that influence engagement.

Contemporary mobile devices are embedded with third-party
analytical applications, such as Google Analytics [77], Amazon
Mobile Analytics [78], Android’s UsageStatsManager [79], and
Apple’s Use Screen Time [80]. These applications can capture
real-time patterns of patient engagement with mHealth
interventions. Surprisingly, only 2 studies in our review used
third-party analytical tools to capture patient engagement data.
A previous review attributed the minimal usage of analytical
applications to investigators’ lack of knowledge of how to

extract engagement data from the application [10]. Hence, future
investigators should consider collaborating with software
developers to design effective approaches for using analytical
applications to understand patients’ patterns of engagement
with mHealth interventions.

Strengths and Limitations of the Study
To the best of our knowledge, this is the first scoping review
to focus on engagement with mHealth interventions in patients
with HF. Unlike previous studies that focused only on
quantitative measures [10,69], our review included both
objective and subjective measures to capture the wide range of
methods that have been used to measure engagement in mHealth
interventions among patients with HF.

Our study had some limitations. There was a paucity of studies
that examined the relationship between patient engagement with
mHealth intervention and HF outcomes, making it challenging
to draw conclusions on the effect of the engagement on HF
outcomes. The limited number of studies may be related to the
small number of articles (N=32) included in our review. The
focus of the review on only patients with HF may account for
the small number of studies, as mHealth interventions in patients
with HF is still at an early stage [8]. Therefore, we conducted
a comprehensive literature search with the help of a medical
librarian to ensure that all relevant studies were included in the
review.

The use of a standardized method to appraise the quality and
methodological rigor of the included studies is optional in a
scoping review and may be required when the purpose of a
review is to appraise the quality of the existing evidence [25].
Considering that the main objective of the present review was
to examine the operational definitions of patient engagement
with mHealth interventions, a critical appraisal of the existing
evidence was not conducted.

In addition, the lack of consistency in the operational definitions
of patient engagement in the reviewed studies made it
challenging to compare the engagement levels reported across
studies. Thus, only the descriptive characteristics of the
engagement outcomes are presented in our findings.

Conclusions
This review indicates that engagement with mHealth
interventions in patients with HF has been measured using both
quantitative and qualitative approaches. There was a lack of
consistency in how the quantitative data were measured across
the reviewed studies, making comparisons across studies
difficult. The effect of mHealth interventions on HF-related
outcomes was inconclusive, possibly related to the investigators’
use of different and incomplete measures of engagement. More
research focusing on developing optimal and standardized
measures of patient engagement that may be applied across
different study designs is warranted. This will facilitate a deeper
understanding of patterns of patient engagement with mHealth
interventions that may explain variations in intervention
outcomes as well as inform future research and policies
regarding mHealth interventions.
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Abstract

Background: The role of self-management in health promotion, as well as prevention and rehabilitation, is increasing through
the use of mobile health (mHealth) apps. Such mHealth apps are also increasingly being used for self-management of low back
pain (LBP), but their effectiveness has not been sufficiently explored.

Objective: The aim of this scoping review was to provide an overview of the literature on self-management mHealth apps and
their effects on the levels of pain and disability in people with LBP.

Methods: We applied the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for
Scoping Reviews) methodology, including a priori research questions. A literature search was conducted in 2 databases (PubMed
and PEDro) for studies published between January 1, 2015, and June 17, 2021. Interventional, cohort, or case series studies with
an interventional period were included if the mHealth app included built-in self-management content, the app was used for
self-management for people with LBP, and the study reported outcomes regarding pain and disability in people with LBP.

Results: In total, 7 studies were selected for the review with overall 2307 persons with LBP, of whom 1328 (57.56%) were
women. Among the studies (5/7, 71%) that reported the type of pain, 85% (390/459) of the participants were experiencing chronic
LBP. A total of 5 different mHealth apps were identified, of which 4 contributed to a statistically significant reduction in LBP
and clinically meaningful changes. Of the 7 studies, 4 (57%) used 4 different assessments for disability, of which 3 (75%) showed
statistically significant improvements in the level of functional ability of participants in the experimental groups using an mHealth
app with built-in self-management content for LBP.

Conclusions: This scoping review supports the conclusion that people with LBP may benefit from mHealth apps that provide
self-management content. However, the generalizability of the findings is limited because of heterogeneity in the pain
characterization of the included participants and the intervention durations. More high-quality studies with longer follow-up
periods to investigate personalized mHealth approaches are recommended for LBP self-management.

(JMIR Mhealth Uhealth 2022;10(8):e39682)   doi:10.2196/39682

KEYWORDS

low back pain; mobile health; mHealth; app; disability; self-management; mobile phone

Introduction

Background
Low back pain (LBP) is one of the greatest concerns in health
care worldwide, and it is one of the major factors in a decline

in overall function [1,2]. Almost 80% of the world’s population
will encounter LBP at some period in their lives, and
approximately 50% will experience multiple pain periods during
their lifetime [1]. In 2019, the number of prevalent LBP cases
was shown to increase with age, with LBP peaking at age 45
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to 54 years for both genders [3]. The origin of LBP is still
unclear in the literature, but many factors contribute to its
existence, such as an individual’s genome, obesity, smoking,
sedentary behavior, physical labor, work posture, and excessive
sitting, as well as psychological factors such as stress [3,4].

Self-management is an important treatment strategy for health
promotion. Self-management is defined as any treatment method
that improves or maintains health, prevents disease, and supports
management of disease or disability [5,6]. The active
participation of patients in their care of the symptoms or illness
aiming to prevent the progression of medical conditions plays
a key role in self-management [5]. Self-management content is
usually focused on ergonomics, weight management, behavioral
changes, and physical activity [6]. Self-management also plays
a role in LBP rehabilitation, and it has been found to have a
small-to-moderate effect on decreasing the levels of pain and
disability in people with LBP [7].

The rapid advances in new technology have also led to a merger
of new therapy approaches in rehabilitation and
self-management. Mobile health (mHealth) is defined as a health
and well-being mobile service that enables 2-way health-related
information delivery and communication [8]. A search for
mobile apps in the Apple App Store and Google Play Store at
the end of 2021 revealed that >5 million different mobile apps
were available, of which >100,000 apps were related to mHealth
content. Furthermore, there were >500 million users worldwide
using services related to mHealth apps already in 2011 [9].
These statistics show that mHealth apps are already an important
part of people’s everyday life and will play an increasing role
in the management of their medical care because the number
of mHealth apps and their use is expected to increase in the near
future.

Self-management interventions have been studied with
supporting evidence as part of LBP treatment [7,10]. However,
studies investigating the effects of mHealth apps with built-in
self-management content are still lacking. A previous review
focusing on eHealth (web-based and mobile-based)
self-management programs for LBP found preliminary evidence
from the subgroup meta-analysis consisting of 3 studies that
supported the claim that mHealth programs may have a role in
decreasing the levels of pain and disability [10]. However, the
meta-analysis included only 3 randomized controlled trials
(RCTs), which included mHealth apps without built-in
self-management content. Only 1 systematic review has
identified the commercial use of mHealth apps related to
self-management for people with LBP, and it provided an
overview of existing mHealth apps and their content [1].
Machado et al [1] found 61 commercially available mHealth
apps targeting LBP in the Australian iTunes Store and Google
Play Store. The content of the mHealth apps for LBP
management was designed to provide a wide variety of exercises
related to strengthening, stretching, range of motion, motor
control, Pilates or the McKenzie method, yoga, tai chi, and
mindfulness, or a combination of these [1]. However, it is still
unclear whether such apps can be used in clinical settings.

Objectives
Health care professionals have called for efficient tools that can
be used to motivate and engage their patients in managing their
LBP [1,11]. An updated overview is lacking for studies on
mHealth apps with built-in self-management content and their
effects on the levels of LBP and disability. New technology
approaches such as mHealth apps may support traditional pain
management and care and, in turn, improve patients’ abilities
to self-manage their LBP in the home environment setting. The
objective of this scoping review was to map the number of
current mHealth apps used in research settings and to identify
their effects on the levels of pain and disability.

Methods

Search Strategy
We conducted a literature search for studies published between
January 1, 2015, and June 17, 2021, in the PubMed and PEDro
databases. The literature search was also expanded to manual
search, using the same search terms, in Google Scholar and
reference lists of the retrieved articles. The search strategy
focused on health care interventions in the form of mHealth
apps and, therefore, did not include the development,
construction, or evaluation of the technology itself. The search
strategy contained general terms related to mHealth technology
(ie, “smartphone app,” “technology,” “health app,” and “mobile
health”), LBP (ie, “low back pain,” “low back ache,” “back
pain,” “lumbago,” “acute lower back pain,” and “chronic lower
back pain”), and self-management (ie, “self-management” and
“self-care”). As the databases differed in terms of technical
search options, in the PEDro database, we used the following
simple search terms: “back pain mobile self,” “back pain
mhealth,” and “back pain smartphone.”

The literature search was conducted by 2 reviewers (RR and
AR) who screened and assessed the published articles
independently. The screening was conducted with a predefined
strategy, which involved first screening the titles and abstracts,
followed by an assessment of the included studies based on a
full-text reading by the 2 reviewers of the research team (RR
and AR). A list of the studies to be included was agreed upon
after resolving disagreements on eligibility through discussions.
In case of disagreement, a third reviewer (AK) evaluated the
studies. After including relevant studies, both reviewers also
reviewed the references of the included studies for additional
relevant publications.

Inclusion and Exclusion Criteria
The literature search was limited to peer-reviewed articles
published between January 1, 2015, and June 17, 2021. Studies
were included in this review if they aimed to explore the use of
mHealth apps for self-management in people with LBP. The
definition of self-management and self-care was derived from
the World Health Organization guideline on self-care
interventions for health and well-being [12]: “the ability of
individuals, families and communities to promote health, prevent
disease, maintain health and to cope with illness and disability
with or without the support of a health worker.” The scope was
limited to health promotion; disease prevention and control
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relates to providing care to dependent persons in a rehabilitation
setting.

We included any type of interventional study, cohort study, or
possible case series, including an interventional period for >1
participant. Studies also needed to be published in English.
Studies were excluded if the mHealth apps did not include
self-management content (as described previously), did not
include an interventional study period, or if participants had
been diagnosed with pain other than LBP. In addition, we
excluded study protocols, opinion articles, and studies other
than interventional, cohort, or case series (ie, reviews, case
studies, and qualitative studies).

Data Extraction
We extracted the predefined data from the included studies after
the full-text screening. Data charting was conducted first by 1
member of the research team and then reviewed by another
member of the research team. Predefined data included study
details (authors, year, study method, objectives, country,
measurement of pain, and number of participants), mHealth
details (name and content of the mHealth app), and personal
(gender and age) and clinical (type of pain and duration of pain)
characteristics. Type of pain was defined as acute (<6 weeks),
subacute (6-12 weeks), or chronic (>12 weeks). If needed,
research team members contacted the corresponding authors of
the included studies for additional inquiry if the aforementioned
data were not reported adequately in the original article.

Quality Assessment
Two reviewers assessed the methodological quality of the
selected studies using JBI’s critical appraisal tool [13,14]. In
case of disagreement, a third reviewer evaluated the
methodological quality of the selected study. Depending on the
type of study methods, the number of methodological questions
ranged from 11 to 13 items; for example, the maximum score
for RCTs is 13 points, for case-cohort studies 11 points, and for
non-RCTs 9 points. Each item was rated yes, no, unclear, or
not applicable. Total and mean scores of items rated yes (1
point) were computed for each included study.

Data Synthesis
Extraction data were analyzed descriptively, and if applicable,
a frequency analysis was conducted for retrieved data related
to study characteristics (number of participants [n]), personal
characteristics (age [mean, range] and gender [n, %]), and
clinical characteristics (type of pain [n, %] and pain duration
[mean, range]). The effects of mHealth apps on the levels of
pain and disability were calculated with a vote-counting analysis.

Rationale
We conducted a scoping review following the JBI’s Manual for
Evidence Synthesis and the PRISMA-ScR (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses extension for
Scoping Reviews) [15,16]. For developing the research
questions, we used JBI’s population, concept, and context
framework to formulate the primary review questions. The
primary research questions in this review are as follows:

1. How many self-management mHealth apps have been used
in research settings for people with LBP?

2. What type of self-management content do mHealth apps
have for people with LBP?

3. What are the effects of using self-management mHealth
apps on the levels of pain and disability in people with
LBP?

Results

Overview
Of the initial 87 studies identified in the literature search, 4 (5%)
duplicates were removed. Of the 83 remaining studies, 73 (88%)
that did not meet the inclusion criteria after title and abstract
screening were excluded. The screening of the included 10
full-text studies revealed 7 (70%) that met the inclusion criteria
[17-23]. Of these 7 studies, 4 (57%) were RCTs, 2 (29%) were
cohort studies, and 1 (14%) was a non-RCT (Table 1). A
flowchart of the study selection is presented in Figure 1. Of the
7 studies, 4 (57%) were conducted in Europe [19,20,22,23], and
1 (14%) each in the United States, Jordan, and India [17,18,21].
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Table 1. Study details and results of studies using a mobile health (mHealth) app for low back pain (LBP).

Vote-
counting,
pain;dis-
ability

Effects of the mHealth app
on the levels of pain and
disability

Outcome
type of the
levels of
pain and dis-
ability

Content of
mHealth app

Name of
the
mHealth
app

Type of
pain: n (%);
duration;
medication

Participants;
woman, n
(%), age

Content of the
study

Study, country

RCTsa

+;—bBack pain measures: group
1 level of pain decreased by

How bad is
your LBP?

Personalized
content de-

FitBackNot reportedWorkers;
group 1: 199

Investigating
the efficacy of

Irvine et
al [21],

0.4 points at 16 weeks, in(6-point Lik-pending on(58), age notthe mHealth2015,
group 2 by 0.3 points, andert scale);whether theprovided;app to guideUnited

States in group 3 by 0.1 points;
group 1 vs group 2=not sta-

how often
have you ex-

person on a
daily average

group 2: 199
(59), age not

user implemen-
tation of per-

tistically significant differ-periencedbasis is sitting,provided;sonalized
ence after 16 weeks (P=.17),LBP? (6-standing, driv-group 3: 199strategies for
at 8 weeks not tested; grouppoint Likerting, or lifting;(63), age not

provided
LBP manage-
ment and pre-
vention (16

1 vs group 3=statistically
significant differences after

scale); when
you experi-

general well-
being; mindful-

weeks); group 16 weeks (P=.002), at 8
weeks not tested

enced LBP,
on average
how intense

ness exercises;
strength exer-
cises; stretch-

1: mHealth
app; group 2:

was theing exercises;
diary

web-based
email support
for the LBP

pain? (7-
point Likert

program; scale); when
group 3: no you experi-
LBP program
(control)

enced LBP,
on average
how long did
it usually
last? (5-point
Likert scale)

0;+NRS: pain decreased by 4.0
points in group 1 and by 3.4

NRSc (0-

10); MODId

Personalized
set of exercis-
es based on

SnapcareType of
pain: chronic
(>12 weeks):

People with
chronic
LBP; group

Investigating
the effect of
using an

Chhabra
et al [18],
2018, In-
dia

points in group 2 at 12
weeks; no statistically signif-
icant group differences

(0-50); CSSe

(0-25)
the health sta-
tus of the user
using gamifica-

93 (100); du-
ration: group
1: 23

1: 45 (not re-
ported), 41;
group 2: 48

mHealth app
on pain and
function in pa- (P=.23); MODI: functional

tion: physicalmonths;(not report-
ed), 41

tients with
chronic LBP
(12 weeks);

ability improved by 31.9
points in group 1 and by
11.5 points in group 2 at 12

activity goals
(eg, daily

group 2: 28
months;

group 1: weeks; difference was statis-steps); homemedication:
not reportedmHealth app;

group 2: con-
tically significant (P<.001);
CSS improved by –9.0

therapeutic ex-
ercises; possi-

ventional points in group 1 at 12bility of pro-
group receiv- weeks compared with base-gression based
ing a written line (P<.001); group differ-

ences were not tested
on the use of
the app; focus
on increasing

prescription
from the

daily life activ-physician and
ities and in-a list of pre-
creasing basicscribed
routines as in-medicines and

dosages dependently
as possible
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Vote-
counting,
pain;dis-
ability

Effects of the mHealth app
on the levels of pain and
disability

Outcome
type of the
levels of
pain and dis-
ability

Content of
mHealth app

Name of
the
mHealth
app

Type of
pain: n (%);
duration;
medication

Participants;
woman, n
(%), age

Content of the
study

Study, country

+;0NRS: pain decreased by 2.4
points in group 1 and by 2.0
points in group 2 at 12
weeks; group difference was
statistically significant in
favor of the mHealth app
group (P=.02); group differ-
ences were not statistically
significant at baseline nor
after 6 weeks (P>.05); with-
in groups, both groups
showed a significant de-
crease in pain symptoms
over time (baseline vs 6
weeks and 6 weeks vs 12
weeks, all P<.01); HFAQ:
no statistically significant
differences between the
groups (P>.05)

NRS (0-11);

HFAQg
Therapeutic
exercises;
mindfulness
exercises; edu-
cation regard-
ing LBP; pos-
sibility of pro-
gression

Kaia appType of
pain: chronic
(>12 weeks):
94 (100); du-
ration: group
1: 7.2
months;
group 2: 6.7
months;
medication:

MQSf, group
1: 2.4; group
2: 2.8

Adults with
LBP; group
1: 48 (73),
41; group 2:
46 (67), 43

Investigating
the clinical ef-
fects of a mul-
tidisciplinary
mHealth app
for LBP (12
weeks); group
1: mHealth
app; group 2:
6 physiothera-
py sessions
and web-
based educa-
tion

Toelle et
al [23],
2019,
Germany

+;+VAS: pain decreased by
–3.5 in group 1 and by –0.1
in group 2 at 6 weeks; group
difference was statistically
significant in favor of the
mHealth app group
(P<.001); ODI: functional
ability improved by 11.5
points in group 1 and by 0.6
points in group 2 at 6 weeks;
the difference was statistical-
ly significant in favor of the
mHealth app group (P=.002)

VAS (0-10);

ODIi (0-100)

Education re-
garding LBP
(general ad-
vice and in-
struction);
home therapeu-
tic exercises
for lower back
and abdominal
muscles;
stretching exer-
cises for lower
back and ab-
dominal mus-
cles

Relieve
My Back

Type of
pain: chronic
(>12 weeks):
41 (100);

VASh>3.0;
duration:
pain chronic-
ity>3
months;
medication:
not reported

Workers;
group 1: 21
(34), 41;
group 2: 20
(20), 42

Investigating
the efficacy of
a newly devel-
oped evi-
dence-based
mHealth app
for LBP man-
agement (6
weeks); group
1: mHealth
app; group 2:
placebo app
containing nu-
tritional facts
with no LBP
management

Almh-
dawi et al
[17],
2020, Jor-
dan

Cohort studies

—NRS score decreased at 4
weeks by 1.3 points
(P<.001), at 8 weeks by 1.5
points (P<.001), and at 12
weeks by 2.0 points (P=.21),
with no difference between
pain types (P>.30)

NRS (0-10)Therapeutic
exercises;
mindfulness
exercises; edu-
cation regard-
ing LBP; pos-
sibility of pro-
gression

Kaia appType of
pain: acute
(<6 weeks):
25 (14); suba-
cute (6-12
weeks): 23
(13); chronic
(>12 weeks):
132 (73); du-
ration: not
reported;
medication:
not reported

Users of the
Kaia app
with a histo-
ry of medi-
cal treatment
of back pain
and no histo-
ry of specific
back pain;
180 (58), 34

Investigating
short-term
changes effect-
ed by an
mHealth app
for the treat-
ment of LBP
(12 weeks)

Huber et
al [20],
2017,
Germany
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Vote-
counting,
pain;dis-
ability

Effects of the mHealth app
on the levels of pain and
disability

Outcome
type of the
levels of
pain and dis-
ability

Content of
mHealth app

Name of
the
mHealth
app

Type of
pain: n (%);
duration;
medication

Participants;
woman, n
(%), age

Content of the
study

Study, country

—Levels of pain decreased in
both groups after 24 weeks:
group 1 by 0.9 points and
group 2 by 1.2 points with
no difference between the
groups (P=.29); within the
group, the decrease in pain
was statistically significant
in group 1 (P=.008)

NRS (0-10)Pain self-man-
agement app
containing
several do-
mains with the
possibility of
personaliza-
tion; therapeu-
tic exercises;
mindfulness
exercises; edu-
cation regard-
ing LBP; pain
diary and self-
test; chat;
feedback sys-
tem available
for training
and pain lev-
els; possibility
of progression

Kaia appNot reportedUsers of the
Kaia app
with a histo-
ry of medi-
cal treatment
of back pain
and no histo-
ry of specific
back pain;
group 1: 196
(58), age not
provided;
group 2:
1055 (49),
age not re-
ported

Investigating
the effect on
user retention
and clinical
outcomes of
the Kaia app
during devel-
opment be-
tween 2
groups (24
weeks); users
were grouped
depending on
the available
version at the
time of the
sign-up; group
1: older ver-
sion (0.x) of
Kaia app;
group 2: new
version (1.x)

Clement
et al [19],
2018,
Germany

Non-RCT

—NRS average past week:
pain decreased by 1.0 point
(95% CI –1.6 to –0.4); NRS
worst past week: pain de-
creased by 1.0 point (95%
CI –1.6 to –0.4); RMDQ:
functional ability improved
by 1.8 points (95% CI –2.9
to –0.7)

NRS (0-10)
average past
week; NRS
(0-10) worst
past week;
pain-related
disability

(RMDQj)

Weekly per-
sonalized self-
management
plans: physi-
cal activity
(number of
steps per day);
strength and
mobility exer-
cises; mindful-
ness exercises;
education re-
garding LBP;
goal setting

selfBACKType of
pain: acute
(<6 weeks):
11 (22); suba-
cute (6-12
weeks): 10
(20); chronic
(>12 weeks):
30 (58); dura-
tion: not re-
ported; medi-
cation: infre-
quent use:
51 (58)

People with
LBP within
the past 8
weeks; 51
(58), 46

Investigating
the basis for
recruitment
and screening
procedures to
explore the as-
sociations be-
tween the in-
clusion pro-
cess and ques-
tionnaires and
app installa-
tion and to ex-
amine the
changes in
clinical out-
comes (6
weeks)

Sandal et
al [22],
2020,
Denmark
and Nor-
way

aRCT: randomized controlled trial.
bNot available.
cNRS: numeric rating scale (0-10 with higher scores indicating worse pain).
dMODI: Modified Oswestry Disability Index.
eCSS: current symptom score.
fMQS: Medication Quantification Scale.
gHFAQ: Hannover Functional Ability Questionnaire.
hVAS: visual analog scale.
iODI: Oswestry Disability Index.
jRMDQ: Roland-Morris Disability Questionnaire.
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Figure 1. Flow chart of study selection. LBP: low back pain; mHealth: mobile health.

Description of the Participants
The selected studies included 2307 people with LBP, of whom
825 (35.76%) were included in RCTs, 1431 (62.03%) in cohort
studies, and 51 (2.21%) in a non-RCT. Of the 825 participants
with LBP in RCTs, 313 (37.9%) were included in the
experimental group and 512 (62.1%) in the control group. In
the total sample, the mean age of the participants was 40.7 (SD
4.2; range 40-46) years, and 57.56% (1328/2307) were women.
Of the 7 studies, 2 (29%) did not report age [19,21], and 1 (14%)
did not report gender distribution [18].

Of the 7 studies, 5 (71%) included 390 participants with chronic
LBP [17,18,20,22,23]; of these 5 studies, 2 (40%) also included
people with acute (n=36) and subacute (n=33) LBP [20,22]. In
total, 14% (2/7) of the studies did not report the type of pain;
both these studies together accounted for the highest number
of participants (n=1848) [19,21]. The exact duration of pain at
baseline was only reported in 14% (2/7) of the studies (Table
1).

The main inclusion criteria for eligibility to participate in the
included studies varied. The inclusion criteria were as follows:
age (>18 years), ability to use a smartphone, and experiencing
any level of LBP in the past days or months [17-23]. Other
criteria included a minimum pain score of 4 on the visual analog
scale (VAS) or ≥4 to ≥5 points on the numeric rating scale
(NRS) scale [17,18,23], sufficient level of self-reported physical
fitness [18-20,22], a declaration of medical treatment for back

pain [18-20], or a declaration of no medical treatment for back
pain [21]. In total, 57% (4/7) of the studies included participants
with nonspecific LBP as a definition of perceived pain in the
lower back region that was not attributable to a recognizable
specific pathology (eg, infection, tumor, osteoporosis, lumbar
spine fracture, structural deformity, inflammatory disorder,
cauda equina syndrome, ankylosing spondylitis, spondylitis,
spondylolisthesis, spondyloarthritis, spinal stenosis, or spinal
disk herniation) [19,20,22,23].

Methodological Quality
The overall methodological quality of the studies is described
in Multimedia Appendix 1 [17-23]. The methodological quality
of the RCTs (n=4) varied from fair to good. A general drawback
was the blinding of outcome assessors and reporting of the
outcome assessment reliability procedures. This was expected
because the blinding procedure is difficult to achieve (outcome
assessors as well as participants) in these types of interventional
studies. There were similar issues with the cohort studies (n=2)
because they did not clearly report confounding factors or
strategies thereof; furthermore, strategies for completion were
not always reported.

Self-management Content of mHealth Apps
This review identified 5 different mHealth apps containing
self-management content for people with LBP (Table 1). Content
varied based on the app and the level of reporting in each study,
but commonalities were personalization, increasing as well as
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monitoring daily life activities and physical activity, targeted
home exercises (strengthening and stretching), mindfulness
training, and education regarding LBP. Of the 7 studies, 4 (57%)
reported the possibility of personalizing the mHealth app content
in the apps (Kaia app, Snapcare, FitBack, and SelfBACK)
[18,19,21,22], and 3 (43%) studies reported a possibility for
participants to build a training progression in 2 apps (Kaia app
and Snapcare) [18,20,23]. More specified description of the app
versions, use, training progression, and personalization of the
content was not reported. We have listed the main content for
each app in the following paragraphs.

Kaia app was used in 43% (3/7) of the studies [19,20,23]. The
app was designed to include three domains: (1) back
pain–specific education, (2) physiotherapy (a pool of 145
exercises adapted to the user’s fitness level), and (3) mindfulness
exercises. The app also contained units dedicated to breathing
techniques, body scan, and progressive muscle relaxation. Users
had the possibility to optimize the content on a daily basis
depending on their status with regard to knowledge, practice,
and progress. Educational content was focused on general
pain–related and back pain–specific education (overall, there
were 30 different educational units).

The remaining (4/5, 80%) apps—SelfBACK [22], FitBack [21],
Relieve My Back [17], and Snapcare [18]—were used in
individual studies.

SelfBACK contained weekly user-tailored general physical
activity, strengthening and flexibility exercises, and patient
education [22]. Other minor units in the app were a goal-setting
tool, audio mindfulness exercises, pain-relieving exercises, and
general information about LBP.

FitBack included a self-tailored cognitive behavioral approach
where the main focus was to monitor the levels of pain and
activity and to provide LBP-related in-app text and video
messages [21]. The content was administered based on the user’s
job type (sitting most of the day, standing most of the day,
driving most of the day, or lifting most of the day). Other units
in the app were unlimited access to pain management education,
instructional videos on strengthening and stretching exercises
tailored based on the job type, and live web-based streaming
instructions on ergonomics and exercises.

Relieve My Back contained general advice and instructions to
conduct exercises at work and home. Office-based exercises
were focused on stretching, whereas home-based exercises in
the evening included strengthening exercises, both focusing on
the lower back and abdominal muscles [17]. The app also
provided prompts to remind the users to take a walk break,
check their posture, and perform the exercises.

Snapcare included 2 main units: monitoring the levels of daily
activities and monitoring the user’s symptomatic profile [18].
Daily activity goals, including back and aerobic exercises, were
developed based on the user’s health status, activities of daily
living, and daily activity progress.

mHealth Interventions

Interventions in RCTs
The training periods ranged from 6 to 16 weeks (Table 1).
Participants used solely a smartphone-based mHealth solution
in their interventions. Regarding the environmental settings of
the mHealth interventions, all interventions were applied in an
at-home environment. mHealth interventions were compared
with either web-based email support for LBP and no
rehabilitation [21], conventional training [18], physiotherapy
and web-based education [23], or a placebo app containing
nutritional facts without LBP self-management [17].

Interventions in the Cohort Studies and Non-RCT
The cohort studies [19,20] and non-RCT [22] followed
participants’ use of mHealth apps for 24 weeks, 12 weeks, and
6 weeks, respectively (Table 1). Of these 3 studies, 2 (67%)
focused on user retention and clinical outcomes of pain [19,22],
and 1 (33%) investigated short-term changes in LBP using an
mHealth app [20].

Assessments of Pain and Disability
The clinical outcomes of pain are described in Table 1. Of the
7 studies, 6 (86%) used either the VAS or the NRS to measure
self-reported LBP. Of these 6 studies, 1 (17%) used 4 items,
including 5- and 7-point Likert scales, to determine the current
level, frequency, intensity, and duration of LBP [21], and 4
(67%) determined the level of disability related to LBP using
the Modified Oswestry Disability Index, Hannover Functional
Ability Questionnaire, Oswestry Disability Index, or
Roland-Morris Disability Questionnaire [17,18,22,23].

Effects of Using mHealth Apps for LBP
Self-management on the Level of Pain

RCTs
Of the 4 RCTs, 3 (75%) reported statistically significant changes
in decreases in the level of LBP in favor of the mHealth app
group compared with the physiotherapy and web-based
education [23], web-based email support group or no training
[21], or placebo (nutritional) [17] groups (Table 1), whereas 1
(25%) did not show statistically significant changes in the level
of pain between the groups when mHealth app interventions
were compared with conventional training [18].

Cohort Studies and Non-RCT
All (3/3, 100%) of the studies reported a statistically significant
decrease in LBP in participants using mHealth apps for 6 weeks
[22], 4 and 8 weeks [20], and 24 weeks [19]. Of the 3 studies,
1 (33%) found a decrease in the level of pain at 12 weeks, but
this was not statistically significant when observing the main
effect of time for the pain ratings [20].

Effects of Using mHealth Apps for LBP
Self-management on the Level of Disability
The level of disability was assessed in 57% (4/7) of the included
studies using 4 different disability assessments (Table 1). Of
the 3 RCTs, 2 (67%) reported a statistically significant change
in improving functional ability compared with conventional
training [18] or placebo (nutritional) group [17], whereas 1
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(33%) did not report statistically significant differences in
functional ability between mHealth app intervention and
traditional physiotherapy [23]. The non-RCT showed a
statistically significant improvement in functional ability for
participants in the mHealth intervention group over 6 weeks
[22].

Discussion

Principal Findings
This scoping review found 5 mHealth apps for LBP
self-management that were used in research settings (n=7
studies) to investigate their effects on the levels of LBP and
disability. The majority of the studies reported promising
evidence of the effects of the mHealth apps on decreasing the
levels of pain (6/7, 86%) and disability (3/4, 75%) when the
focus of the studies was on self-managing LBP. However,
heterogeneity was observed across the studies regarding the
mHealth apps, the type and duration of pain across participants,
and the comparison groups, all of which diminish the possibility
of a robust conclusion in this review. Despite these heterogeneity
aspects, some general conclusions can be drawn.

When we view our findings regarding the content of the mHealth
apps, our analyses were similar to those presented in 2 previous
studies [1,10]. Most of the content included therapeutic exercises
focusing on strength, mobility, and mindfulness. Our review
identified only 5 mHealth apps that were used in a research
setting, whereas the systematic review by Machado et al [1]
provided a general overview of existing commercial apps that
included 61 different apps. The review by Du et al [10] used 3
mHealth studies in the subgroup meta-analyses. The reason for
narrowing our focus and including only studies involving
mHealth self-management apps in our review was to ascertain
the current state of these apps to provide preliminary scientific
support to self-manage the levels of LBP and disability when
using mHealth apps with self-management content. We also
excluded studies if the mHealth apps did not include built-in,
self-management content, which makes the overview of this
scoping review more targeted to such mHealth apps.

Our review showed supporting evidence that mHealth apps
targeting self-management may have their place as an additional
tool in LBP self-management in a home environment setting.
This was also supported by a previous meta-analysis of 3 studies
[10]. However, Du et al [10] also included in their meta-analysis
a study on an app that was targeted to only report daily data
without specific built-in self-management content in the app
itself [24]. For providing such services in clinical or home
environment settings, it must be taken into account how
clinically meaningful the results are for the level of pain. The
included studies assessed the level of pain mostly using an
11-point Likert scale assessment (eg, the VAS and the NRS)
that is commonly used in clinical practice because of its ease
of use as well as evidence of the validity and reliability of its
measures [25]. Another review also pointed out that when
comparing the measurement properties of the VAS and the NRS,
no evidence was provided to indicate that one was superior to
the other in the measurement of LBP [26].

For the included RCTs in our review that reported statistically
significant differences in favor of the mHealth group in the level
of pain measured with the NRS, the changed values varied from
–2.0 to –4.0 points, which can be considered a minimal clinically
important change according to a previous study reporting a
minimum threshold of –2.0 points or a percentage value of
–33%, each of which was associated with better improvement
in chronic musculoskeletal pain intensity [27]. For the VAS, an
included RCT reported a decreased value of 3.5 points [17],
which also can be considered within the threshold (30 mm) of
a minimal clinically important difference score that was reported
in a previous study investigating the levels of minimal clinically
important difference scores on the VAS to measure pain [28].
Given that all included studies reported the levels of pain to be
above the minimal clinical threshold, we may carefully conclude
that mHealth interventions targeted at self-management may
achieve a clinically meaningful change in the level of pain
within intervention periods lasting from 6 to 16 weeks. Although
this is a promising finding, more studies are required to
investigate whether such clinically meaningful change is
detectable and sustainable over a much longer period of time.

Another aspect of investigating the use of an mHealth
self-management app for LBP was to identify its effects on the
level of disability. In our review, this was measured in clinical
trials (3 RCTs and 1 non-RCT) showing that, of the 4 studies,
3 (75%) did show a statistically significant change in improving
functional ability. It seems that using mHealth self-management
apps in a home setting may improve the functioning of patients
with LBP. This could be a game changer, especially given the
fact that the functional ability of patients with LBP is usually
affected by anxiety and fear [29]. That said, mHealth
self-management apps could provide help for these patients to
decrease the worries related to LBP, in addition to providing
clinical care. However, more research is needed to investigate
the relationship between mHealth app content and the level of
disability to confirm these early findings using more
sophisticated analyses (eg, meta-analysis and meta-regression).

Achieving optimal management of LBP also requires the patient
to play an active role and participate in the treatment. This was
highlighted in another review that pointed out several aspects
with regard to the patients wishing for more patient-centered
care mapping the desirable characteristics of health care
professionals, patients’ information needs, aspects of care, and
barriers to care [30]. From these key elements, the mHealth
approach could facilitate some factors related to care, where
Chou et al [30] reported that participants wished for more
holistic, personalized, emotionally supportive, and encouraging
health care as well as the need for continuity of care. mHealth
self-management apps could support this when providing an
extension of care alongside clinical care. In addition, participants
wished to have more information available related to their
diagnosis and cause of pain [30]. This was also part of the
content of the mHealth apps included in our review.

When we explore the use of mHealth apps in LBP
self-management, we should also think critically about the
patient for whom this may be more feasible. Although our
review consisted of studies involving >2000 participants, almost
half (3/7, 43%) of the studies reported very poorly the duration
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of pain at baseline in people with LBP. In addition, among the
studies (5/7, 71%) that reported the type of pain, 85% (390/459)
of the participants were experiencing chronic LBP. Therefore,
the majority (5/7, 71%) of the included studies that reported the
type of pain included participants with chronic pain; even so,
it is still too early to conclude whether mHealth apps are
beneficial for a certain type of LBP when they are targeted at
self-management of the symptoms. It seems that mHealth apps
may be an alternative method alongside individual treatment
strategies in coping and dealing with pain. However, a question
mark remains over the timing and use of mHealth apps in LBP
to maximize support for patients.

The methodological quality of the included trials varied from
fair to good. Overall, none of the included studies showed a
poor methodological quality, which can be considered a
promising finding. The included RCTs had mainly inadequate
reporting related to treatment allocation, blinding of participants,
and blinding of outcome assessors. Given the types of
interventions, the difficulty of blinding participants or outcome
assessors can be considered understandable. However, the
reliability of the selected outcome assessments was only
adequately reported in 50% (2/4) of the RCTs. The RCTs had
sample sizes ranging from 20 to 199 participants in the
experimental groups, with 75% (3/4) of the studies including
relatively low sample sizes (<50 participants), which may lower
statistical power and hinder the vote-counting analysis of this
scoping review. With regard to the other included studies,
mainly the cohort studies, the primary issues concerned
insufficient reporting of possible confounding factors. Finally,
the methodological quality assessment did not assess the
existence of possible participation in other therapies
(cointervention bias), which, if not reported, can be considered
a confounding factor with regard to drawing conclusions about
the effects of mHealth apps on our outcomes of interest.
Furthermore, this should be reported more clearly and taken
into account when assessing the effects of mHealth on the levels
of pain and disability in people with LBP.

This review includes some limitations. First, a selection bias
cannot be ruled out during the literature screening procedures
of this review. Studies were excluded if they did not explicitly
report an mHealth app–based intervention in the title or abstract.
Second, we only included studies that were published after
January 1, 2015. It is possible that older studies have been
published that should have been included in this review.
However, this decision was made based on a previous review
by Du et al [10] and also based on our presearch to identify
proper keywords for our search strategy. Third, the

generalizability of the results is limited because a few studies
that included a high sample size did not report the duration of
pain or the type of pain (acute, subacute, or chronic). Another
aspect that limits the generalizability was the lack of reporting
to understand patients’ acceptance of using an mHealth app for
LBP self-management, as well as the intensity and frequency
of use.

Future Study Recommendations
More large-scale RCTs investigating the effects of mHealth
apps in LBP self-management are needed with a comparison
of similar treatments. In our review, all (4/4, 100%) included
RCTs were relatively heterogeneous, precluding a comparison
of treatments. In addition, the duration of the included
interventions in the RCTs ranged from 6 weeks to 16 weeks
and in the cohort studies from 12 to 24 weeks. We cannot yet
draw conclusions regarding long-term effects of using mHealth
apps for LBP self-management, and the feasibility of the apps
for a targeted type of pain is still not fully explored. Therefore,
we require longer follow-up periods (>16 weeks) to investigate
the effects as well as clinically meaningful change over time.
Another important clinical aspect for future studies is to measure
the role of mHealth apps in behavioral changes in LBP because
mHealth apps may provide additional support to patients to
overcome barriers related to LBP and provide further support
in home environment settings in addition to clinical care.

Clinical Implications
Current research supports the use of mHealth as an additional
tool alongside traditional care. Such mHealth apps may provide
additional support for clinical care targeted to provide support
in home environment settings for LBP. However, this review
was limited to the information provided in each study for the
content of the apps. It is possible that the app versions and the
content of each app have been developed further. In addition,
the use of mHealth apps for a longer period of time may require
additional costs, and the apps may not be publicly available
worldwide, which may narrow the targeted need for such
mHealth apps. Future studies should also report more specific
details bearing in mind the clinical use of the apps.

Conclusions
Promising results were found for mHealth self-management
apps on decreasing the levels of pain and disability in people
with LBP. However, more high-quality RCTs with longer study
periods are needed to provide further evidence on whether
mHealth apps have longer-term effects on LBP self-management
in home environment settings.
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Abstract

Background: Large gaps exist in understanding the symptomatic and functional impact of sarcoidosis, a rare multisystem
granulomatous disease affecting fewer than 200,000 individuals in the United States. Smartphones could be used for prospective
research, especially for rare diseases where organizing large cohorts can be challenging, given their near ubiquitous ownership
and ability to track objective and subjective data with increasingly sophisticated technology.

Objective: We aimed to investigate whether smartphones could assess the quality of life (QoL) and physical activity of a large
cohort of individuals with sarcoidosis.

Methods: We developed a mobile app (Sarcoidosis App) for a prospective, cross-sectional study on individuals with sarcoidosis.
The Sarcoidosis App was made available on both Apple and Android smartphones. Individuals with sarcoidosis were recruited,
consented, and enrolled entirely within the app. Surveys on sarcoidosis history, medical history, and medications were administered.
Patients completed modules from the Sarcoidosis Assessment Tool, a validated patient-reported outcomes assessment of physical
activity, fatigue, pain, skin symptoms, sleep, and lungs symptoms. Physical activity measured by smartphones was tracked as
available.

Results: From April 2018 to May 2020, the App was downloaded 2558 times, and 629 individuals enrolled (404, 64.2% female;
mean age 51 years; 513, 81.6% White; 86, 13.7% Black). Two-thirds of participants had a college or graduate degree, and more
than half of them reported an income greater than US $60,000. Both QoL related to physical activity (P<.001, ρ=0.250) and
fatigue (P<.01, ρ=–0.203) correlated with actual smartphone-tracked physical activity. Overall, 19.0% (98/517) of participants
missed at least 1 week of school or work in an observed month owing to sarcoidosis, and 44.4% (279/629) reported that finances
“greatly” or “severely” affected by sarcoidosis. Furthermore, 71.2% (437/614) of participants reported taking medications for
sarcoidosis, with the most common being prednisone, methotrexate, hydroxychloroquine, and infliximab. Moreover, 46.4%
(244/526) reported medication side effects, most commonly due to prednisone.

Conclusions: We demonstrate that smartphones can prospectively recruit, consent, and study physical activity, QoL, and
medication usage in a large sarcoidosis cohort, using both passively collected objective data and qualitative surveys that did not
require any in-person encounters. Our study’s limitations include the study population being weighted toward more educated and
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wealthier individuals, suggesting that recruitment was not representative of the full spectrum of patients with sarcoidosis in the
United States. Our study provides a model for future smartphone-enabled clinical research for rare diseases and highlights key
technical challenges that future research teams interested in smartphone-based research for rare diseases should anticipate.

(JMIR Mhealth Uhealth 2022;10(8):e38331)   doi:10.2196/38331

KEYWORDS

sarcoidosis; smartphone; quality of life; mobile app; mobile health; mHealth; digital health; rare disease; physical activity; exercise;
fitness; development; tracking; recruit; enroll

Introduction

Sarcoidosis is a multisystem granulomatous disease that most
commonly affects the lungs, skin, eyes, and lymph nodes. In
the United States, over 185,000 patients with sarcoidosis seek
medical care annually, and 25,000 new cases of sarcoidosis are
diagnosed [1]. While many cases appear mild, the disease can
cause substantial functional morbidity including exertional
dyspnea, generalized pain, and decreased physical activity [2].
Fatigue is common among patients with sarcoidosis and can be
debilitating. Given the variable clinical presentation of
sarcoidosis, large gaps remain in understanding the daily impact
of sarcoidosis.

Sarcoidosis is a rare disease, which is defined as affecting fewer
than 200,000 individuals. Clinical research of rare diseases is
challenging—nearly one-third of rare disease clinical trials are
discontinued with insufficient patient accrual being the most
common reason [3]. Large cohorts are difficult to recruit and
may not be representative of the patient population owing to
overrepresentation of patients with access to academic medical
centers. However, more than 85% of Americans currently own
a smartphone, and manufacturers are increasingly including
sophisticated health-tracking technology [4]. For example, Apple
ResearchKit allows investigators to not only measure the number
of daily walking steps and distance traveled, but also estimate
cardiac fitness levels and walking stability [5]. In addition,
mobile apps allow patients to complete validated survey
instruments on smartphones. Therefore, smartphones are a
compelling channel to conduct clinical research on rare disease
populations.

The goal of our study was to develop and launch a smartphone
app to assess patient-reported quality of life (QoL) in a large
population of patients with sarcoidosis and to characterize
patients’ symptomatology and functional status. We designed
this app to describe physical activity and correlate physical
activity data with self-reported characteristics through QoL
surveys, medication use, and adverse effects and comorbidities.
Here, we describe the development and launch of the app and
present results from the surveys and physical activity data
collected from patients.

Methods

Smartphone App Development and Launch
The Sarcoidosis App [6], developed by authors DMO and MR,
is a smartphone app that measures physical activity levels and
records patient-reported responses to questions (Figure 1) [7].
The Sarcoidosis App was initially designed using the
open-source Apple ResearchKit framework. The app was then
ported onto the Medable trial platform [8], to allow for
distribution on both Android and Apple operating systems. Data
were automatically encrypted, deidentified, and uploaded
directly to secure servers, adhering to guidelines specified by
the Health Insurance Portability and Accountability Act. Study
data were not shared with any organization including Apple,
Alphabet, Medable, or with nonstudy personnel. The Sarcoidosis
App was made available on the Google Play and the Apple App
Store in April 2018. Data were collected through May 2020,
though the length of time spent using the App varied by
participant. The Foundation for Sarcoidosis Research shared
an announcement about the Sarcoidosis App’s launch with their
patient email list.
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Figure 1. Screenshots of new participant experience in the Sarcoidosis App (Android version).

Patient Recruitment, Consent, and Enrollment
Patients with sarcoidosis were recruited via outpatient
dermatology clinic visits at the University of Pennsylvania
Health System, the Foundation for Sarcoidosis Research mailing
list, and targeted social media advertisements. After prospective
participants downloaded the app, they were presented with an
inclusion and exclusion criteria questionnaire to provide multiple
means of participant recruitment. Participants were eligible for
study enrollment if they were aged greater than 18 years, lived
in the United States, and self-reported a diagnosis of sarcoidosis.
Participants were asked for permission to enable the app to read

HealthKit or Google Fit data. To ensure participants understood
the risks, benefits, and options of study participation, they were
required to pass a quiz concerning these issues before digitally
signing the informed consent document (Multimedia Appendix
1).

Patient-Reported Outcome Measures: Survey Design
and Data Collection
The Sarcoidosis App administered baseline surveys of (1)
sarcoidosis history, (2) pertinent medical history, (3) sarcoidosis
treatment medications, and (4) items from modules of the
Sarcoidosis Assessment Tool (SAT). The SAT is a validated
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patient-reported assessment that comprises select generic
measures from the Patient-Reported Outcomes Measurement
Information System, as well as several sarcoidosis-specific item
banks, including physical functioning, satisfaction with roles
and activities, fatigue, pain interference, sleep disturbance, lung
concerns, skin concerns, and skin stigma and embarrassment
[7]. After the intake process, several surveys were administered.
Participants could skip questions that they did not wish to
answer and could be completed at any time. The app also asked
participants for permission to import certain smartphone physical
activity data, including daily counts of steps, distance walked
or run, flights of stairs climbed, and exercise time.

Statistical Analysis
Descriptive statistics were calculated for demographic
information, patient-reported outcomes, and physical activity
data. Missing data were excluded from analyses except where
described. Spearman correlation coefficients were calculated
for correlating responses to the SAT modules for physical
activity, lungs, and fatigue with average daily steps and traveled
distance from smartphone-recorded data, as much of the survey
and physical activity measures were not normally distributed.
In addition, the use of ranks through Spearman correlation
diminishes the influence of outliers in some of the physical
activity measures. All statistics were calculated using Stata
(version 16.1; StataCorp) and R (version 3.6.1; The R
Foundation for Statistical Computing). The survey data and
physical activity data used in this study is available upon
reasonable request to BC and MR.

Ethical Considerations
This study was approved by the institutional review board of
the University of Pennsylvania (824080). This paper adheres
to STROBE (Strengthening the Reporting of Observational
studies in Epidemiology) reporting guidelines. Participants who
met eligibility criteria proceeded to provide electronic informed
consent.

Results

Study Enrollment and Background Information
From April 2018 to May 2020, the app was downloaded 2558
times: 1603 from the Apple App Store and 955 from Google
Play. A quarter (629/2558) of downloads converted to study
participation, with 629 unique participants completing at least
one component of the background survey concerning basic
demographic data (Table 1). Of them, 64.2% (n=404) of
participants were female, and 81.6% (n=513) were White.
Two-thirds (n=416, 66.1%) of participants had a college or
graduate degree, and more than half reported full-time
employment (n=316, 50.2%) and annual incomes greater than
US $60,000 (n=360, 57.2%). In terms of background
information on sarcoidosis disease and QoL, 60.1% (n=378) of
participants reported that their sarcoidosis was diagnosed within
the past 5 years. Subjectively, 19.9% (n=125) of participants
reported “poor” health and 39.7% (n=250) reported “fair” health.
Overall, 44.4% (n=279) of participants reported that their
family’s finances were “greatly affected” or “severely affected”
by sarcoidosis.
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Table 1. Baseline characteristics of participants in the Sarcoidosis App study (N=629).

ValueCharacteristic

Gender

404 (64.2)Female

199 (31.6)Male

26 (4.1)Missing

51.0 (50; 10.95)Mean age (years), mean (median; SD)

Race, n (%)

513 (81.6)White

86 (13.7)Black or African American

27 (4.3)Other/Unknown

3 (0.5)Missing

Ethnicity, n (%)

32 (5.1)Hispanic/Latino

587 (93.3)Non-Hispanic

10 (1.6)Missing

32.12 (7.75)BMIa, mean (SD)

Years since diagnosis, n (%)

127 (20.2)<1

251 (39.9)1-5

197 (31.3)5-20

52 (8.3)>20

2 (0.3)Missing

Education, n (%)

8 (1.3)High school

205 (32.6)General Educational Development

266 (42.3)College

150 (23.8)Graduate

Employment status, n (%)

6 (1.0)Student

44 (7.0)Part-time

316 (50.2)Full-time

61 (9.7)Unemployed

114 (18.1)Disabled

82 (13.0)Retired

6 (1.0)Missing

Income (US $), n (%)

49 (7.8)<15,000

58 (9.2)15,000-30,000

139 (22.1)30,000-60,000

166 (26.4)60,000-100,000

194 (30.8)>100,000

23 (3.7)Missing

Financial impact, n (%)
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ValueCharacteristic

124 (19.7)No financial impact

223 (35.5)Slightly affected

178 (28.3)Greatly affected

101 (16.1)Severely affected

3 (0.5)Missing

aBMI was obtained from 605 participants.

SAT Results
In total, 597 unique participants filled out at least one of the
SAT modules. The mean scores of each SAT module and their

SDs are reported in Table 2. Owing to technical issues with the
app, there were fewer reported outcomes for the skin symptoms
module of the SAT.

Table 2. Sarcoidosis Assessment Test (SAT) survey results at baseline. A score of 50 represents the mean score of the original calibration sample of
the SAT.

Module score, mean (SD)Participants, nSAT module

39.90 (7.97)552Activity [+]a

62.67 (9.32)564Fatigue [–]b

45.87 (8.46)572Lungs [–]

60.48 (10.63)544Pain [–]

57.80 (6.99)208Skin symptoms [–]

58.38 (9.51)567Sleep [–]

49.73 (8.65)535Stigma/embarrassment/skin impact [–]

aA higher score representing a higher quality of life.
bA higher score representing a lower quality of life.

Correlational Data
Where data were available for both SAT survey responses and
device-measured physical activity, correlational analyses were
performed. SAT physical activity scores positively correlated
with average daily steps (n=226), and SAT fatigue scores

negatively correlated with average daily steps (n=245) (Figure
2). SAT lung symptoms scores did not correlate with average
daily steps (n=238). These trends were replicated when
comparing SAT survey responses to device-tracked daily
distance moved (Figure 3).
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Figure 2. Correlation between Sarcoidosis Assessment Test surveys of physical activity, lung symptoms, and fatigue with device-reported physical
activity data. [+] indicates that a higher score represents a higher quality of life. [-] indicates that a higher score represents a lower quality of life. P and
ρ are the P value and Spearman correlation coefficient, respectively.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e38331 | p.72https://mhealth.jmir.org/2022/8/e38331
(page number not for citation purposes)

Chu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 3. Correlation between Sarcoidosis Assessment Test surveys of physical activity, lung symptoms, and fatigue with device-reported average
daily distance traveled. [+] indicates that a higher score represents a higher quality of life. [-] indicates that a higher score represents a lower quality of
life. P and ρ are the P value and Spearman correlation coefficient, respectively.

Sarcoidosis Medical Resource Usage
Medical resource usage was assessed among 517 unique
participants who completed at least one question of an initial
survey (Table 3). Overall, 59.8% (n=309) of participants
reported at least one regularly scheduled clinic visit in the
previous month, while 23.6% (n=122) reported one or more
unscheduled clinic visits for sarcoidosis. Furthermore, 11.0%

(n=57) of participants reported an emergency room visit for
sarcoidosis in the previous month, and 7.4% (n=38) reported a
hospitalization related to sarcoidosis. Moreover, 12.4% (n=64)
of participants reported missing the entire previous month of
school or work because of sarcoidosis, and another 29.4%
(n=152) reported missing at least one day of school or work in
the previous month.
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Table 3. Initial response to survey of medical resource usage (N=517).

Value, n (%)Variables

How many regularly scheduled clinic visits for your sarcoidosis have you had in the last month?

206 (39.8)None

153 (29.6)1

156 (30.1)More than 1

In the past month, how many unscheduled clinic visits have you had for your sarcoidosis?

392 (75.8)None

70 (13.5)1

52 (10.1)More than 1

In the past month, how many visits to the ERa have you had for your sarcoidosis?

442 (85.5)None

57 (11.0)1

18 (3.5)More than 1

In the past month, how many times have you been hospitalized for your sarcoidosis?

478 (94.5)None

31 (6.0)1

7 (1.4)More than 1

How many days did you miss school/work in the past month because of your sarcoidosis?

279 (54.0)None

45 (8.7)1 day

73 (14.1)2-6 days

22 (4.3)7-14 days

12 (2.3)>Half month

64 (12.4)Entire month

aER: emergency room.

Medication Use and Side Effects
In total, 614 unique participants completed at least one question
from the baseline medication survey (Table 4). Overall, 71.2%
(437/614) of participants reported using medications to treat
their sarcoidosis; of them, 58.8% (257/437) were being treated
with prednisone and 81.0% (354/437) were being treated with
medications other than prednisone for sarcoidosis. The most
common specified medications other than prednisone were
methotrexate, hydroxychloroquine, and infliximab.

Participants were also asked to complete a survey concerning
medication adverse effects within the prior month (Table 5).
Overall, 64.4% (244/379) of participants reported major
(requiring changes in medications) or minor side effects from
their sarcoidosis medications, with another 20.6% (78/379) of
participants reporting possible side effects. The most common
medication causing side effects was prednisone. In a follow-up
question, participants were most often recommended to continue
medications at the same dose when side effects were discussed
with physicians.
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Table 4. Responses to survey of baseline medication usage (N=614).

Participants, n/N (%)Variables

437/614 (71.2)Are you currently being treated with medications for your sarcoidosis? (Yes)

257/437 (41.9)Are you taking prednisone for sarcoidosis?

Daily prednisone dose (mg)

131/257 (50.9)1-10

65/257 (25.3)11-20

57/257 (22.2)21-60

4/257 (1.6)>61

354/437 (57.7)Are you taking any medications other than prednisone for sarcoidosis?

What other medications are you taking?

71/354 (20.1)Hydroxychloroquine

134/354 (37.9)Methotrexate

4/354 (1.1)Chloroquine

29/354 (8.2)Azathioprine

6/354 (1.7)Leflunomide

33/354 (9.3)Mycophenolate mofetil

51/354 (14.4)Infliximab

28/354 (7.9)Adalimumab

182/354 (51.4)Other medications

Table 5. Medication adverse effects survey (N=526).

Participants, n/N (%)Variables

379/526 (72.1)Have you taken any medications for sarcoidosis in the past month?

Did you have any side effects from sarcoidosis medications in past month?

104/379 (27.4)Yes, major side effects requiring change in medications

140/379 (36.9)Yes, minor side effects

78/379 (20.6)Possibly/unsure

70/379 (18.5)No

Discussion

In this study, we demonstrate the novel use of smartphones to
prospectively recruit, consent, and study physical activity and
QoL in a large cohort of individuals with sarcoidosis, using
both objective health tracking data and qualitative survey
responses. We were able to demonstrate a strong correlation
between the assessment of physical state and the activity level
of participants with sarcoidosis, measured by smartphone apps.
Specifically, participants who were more active, as measured
by daily steps and distance traveled as tracked by their
smartphones, also had physical activity and fatigue scores,
representing a smaller impact of their disease on these domains
on the SAT—a previously-defined patient-reported QoL metric
[7]. Nearly half of the participants missed at least a day of school
or work monthly, and nearly one-fifth missed at least a week,
reflecting the poor QoL related to physical activity and fatigue
reported on the SAT, and demonstrating the profound impact
of sarcoidosis on patients. The challenge of pharmaceutical

management of sarcoidosis was highlighted by the finding that
6 in 10 participants reported medication side effects, of whom
43% required changes in their medications. Furthermore, 4 in
5 participants reported taking medications for sarcoidosis other
than prednisone. Together, these data provide a detailed view
into how individuals live with sarcoidosis and demonstrate that
smartphones are a compelling method of prospective research
for rare diseases, where such wide-scale data collection would
otherwise be unfeasible.

The findings of this study suggest that smartphone technology
may have advantages in the conduct of prospective clinical
research in sarcoidosis and other rare diseases, though robust
human and technical resources are critical. First, these data
suggest smartphones have potential to enroll patients with
sarcoidosis in clinical trials and reliably assess them without
requiring a traditional in-person clinic visit. In this way, the
clinical research study can be brought directly to participants,
bypassing financial and geographic barriers of many socially
disadvantaged patients with sarcoidosis, who are often
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unrepresented in clinical trials. However, these methods cannot
replace studies that require laboratory testing or imaging.
Second, as these assessments can be made in real time without
investigator prompting, this method may avoid significant recall
bias and investigator influence respectively. Third, the capability
of integrating objective health tracking data with subjective
survey data offers a multidimensional assessment of patients
with sarcoidosis. In this way, studies using smartphones could
provide alternative channels of demonstrating construct validity
of patient-reported outcomes.

The strengths of our study were tempered by the technical
challenges of developing and maintaining a mobile app. Clinical
research teams without strong technical experience will
encounter many obstacles in designing and launching mobile
apps, and partnerships with technology companies are essential
to the success of these projects. However, lack of
cross-disciplinary understanding presents substantial challenges
to meaningful collaboration with external stakeholders; clinical
research teams may not even be able to envision what is
technically possible, and developers may lack perspective on
how these products are actually delivered to patients [10]. Even
with industry partnership, research teams require members
skilled in computer science, database management, and data
analysis to process the large amount of complex data generated
by apps and sensors. For instance, our study lacked longitudinal
data collection owing to the challenge of long-term maintenance
of the app without dedicated program management or use of
participant-engagement rewards systems. Another limitation is
that physical activity data could only be tracked if participants
were consistently carrying their smartphones, which could not
be enforced remotely. As a result, for some participants, physical
activity data were sporadically recorded and may not be
representative of their actual activity.

There were several limitations regarding the background of
participants. First, individuals self-reported a diagnosis of
sarcoidosis, which introduces the possibility of participants

without a true diagnosis, even though participants were recruited
directly from sarcoidosis clinics and advocacy groups for
patients with sarcoidosis. Another limitation of our study is that
our study population was weighted toward more educated and
wealthier individuals. It is possible that the rate of response and
familiarity with smartphone apps in our cohort was not
representative of the full population of patients with sarcoidosis
in the United States, particularly older individuals and those
with low technology literacy. Future mobile app studies of
sarcoidosis and other rare diseases should prioritize recruiting
from a diverse set of sarcoidosis clinics that would provide a
more representative sample, in addition to patient advocacy
groups. Given that sarcoidosis results in disparate outcomes by
race, sex, and socioeconomic class [11] and an annual health
care cost of US $20,000 [12], more work is necessary to realize
the benefits of the ubiquitous smartphone ownership across all
socioeconomic groups.

Future apps could also integrate environmental data, such as
location, weather, and air quality to provide additional
dimensions of analysis. Wearable devices, such as smartwatches,
can also provide valuable data, though ownership is not as
prevalent. Beyond observational research, smartphones also
present opportunities for digital therapeutics, which are
evidence-based interventions driven by software. For example,
one group has demonstrated that a smartphone-based stress
management tool significantly reduced stress and fatigue in
patients with sarcoidosis compared to control patients [13]. In
an era of rapid adoption of telehealth driven by the COVID-19
pandemic, clinicians and patients may be more accepting of
such tools [14]. The future management of rare chronic diseases
such as sarcoidosis may evolve toward using patient-owned
devices to actively monitor symptomatology and medication
side effects in real time outside of medical centers, allowing
rapid treatment adjustment. At the same time, they can also
serve as trusted patient education and community platforms,
which are highly desired by patients.
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Abstract

Background: The last decade has seen a considerable increase in the number of mobile health (mHealth) apps in everyday life.
These mHealth apps have the potential to significantly improve the well-being of chronically ill patients. However, behavioral
engagement with mHealth apps remains low.

Objective: The aim of this study was to describe the behavioral engagement of chronically ill patients with mHealth apps by
investigating (1) how it is affected by social factors (ie, physician recommendation) and app-related factors (ie, app integration)
and (2) how it affects patient well-being. This study also considers the moderating effect of attachment to traditional health care
and the mobile app experience among patients.

Methods: We carried out a scenario-based survey study of chronically ill patients (N=521). A Bayesian structural equation
modeling with mediation and moderation analysis was conducted in MPlus.

Results: Both physician recommendations for mHealth app use and app integration have positive effects on the behavioral
engagement of chronically ill patients with mHealth apps. Higher behavioral engagement positively affects the hedonic well-being
(extent of pleasure) and the eudaemonic well-being (extent of self-efficacy) of chronically ill patients. Mobile app experience,
however, positively moderates the relationship between app integration and behavioral engagement, whereas patient attachment
to traditional care does not moderate the relationship between physician recommendation and behavioral engagement. Taken
together, the proportion of variance explained (R²) equals 21% for behavioral engagement and 52.8% and 62.2% for hedonic and
eudaemonic well-being, respectively, thereby providing support for the strong influence of app integration and physician
recommendation via the mediation of the patients’ behavioral engagement on both patients’ hedonic and eudaemonic well-being.

Conclusions: Physician recommendation and app integration enable behavioral engagement and promote well-being among
chronically ill patients. It is thus important to take social and app-related factors into consideration during and after the development
of mHealth apps.

(JMIR Mhealth Uhealth 2022;10(8):e33772)   doi:10.2196/33772

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e33772 | p.78https://mhealth.jmir.org/2022/8/e33772
(page number not for citation purposes)

Van Baelen et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:melissa.deregge@uzgent.be
http://dx.doi.org/10.2196/33772
http://www.w3.org/Style/XSL
http://www.renderx.com/


KEYWORDS

mHealth app; engagement; social influence; app integration; well-being; Belgium; mHealth; behavioral; behavioral engagement;
mobile health; mobile health apps; mobile phone

Introduction

Background
With the growth in smartphone use and increasing demands
from patients for immediate access to web-based services,
mobile health (mHealth) apps that allow patients to actively
manage their own health through mobile and wireless
technologies are on the rise [1-3]. Internationally, the popularity
of mHealth apps to support the achievement of health objectives
is increasing [4], especially for chronically ill patients [1]. For
this group of patients, research suggests that mHealth apps lead
to increased confidence in disease management [5,6], improved
therapy compliance, better health care outcomes [7], and even
reduced costs [6].

Despite the proven impact of mHealth apps on patient well-being
[8], patients do not always show high levels of behavioral
engagement with them [9-11]. Here, behavioral engagement
refers to the adoption and continued usage of mHealth apps by
chronically ill adults. User data from popular app stores even
show that most mHealth apps are only used a few times before
being abandoned [12]. Less than a third of chronically ill patients
aged 50 years and older currently use an mHealth app. More
than a third of patients have used mHealth apps in the past but
have then stopped using them [13]. In an attempt to better
understand why behavioral engagement with mHealth apps is
low, we explore the drivers of behavioral engagement with
mHealth apps.

In line with the technology acceptance model and the unified
theory of acceptance and use of technology, several researchers
have, in recent years, pointed out the importance of
social-related and technology-related factors when explaining
behavioral engagement with health care technologies [14,15].
In light of the behavioral engagement with mHealth apps, there
has been considerable research on effort and performance
expectancy [16]. However, less research has been dedicated to
the role of social and app-related drivers of behavioral
engagement with mHealth apps. Pham et al [17] also call for
more research on the relationship between mHealth engagement
and well-being for chronically ill patients.

Against this background, this research characterizes social
enablers (ie, physician recommendation) and app-related
enablers (ie, app integration) of behavioral engagement with
mHealth apps among chronically ill patients, thereby also
considering the impact of behavioral engagement with mHealth
apps for patient well-being (that is, hedonic well-being defined
as the extent of pleasure and eudaemonic well-being defined as
the extent of self-efficacy [18]).

Conceptual Framework and Hypotheses

Social Enablers of Patients’ Behavioral Engagement
With mHealth Apps
With regard to the social enablers of behavioral engagement
with technologies, it is well established that people can affect
each other [19]. Specifically, several researchers have shown
that behavioral engagement with technologies is—as suggested
by the technology acceptance model—a function of social
influence [14,20]. Social influence refers to any “change in an
individual’s thoughts, feelings, attitudes, or behaviors that results
from interaction with another individual or a group” [21]. A
key question revolves around which individuals or groups can
change an individual’s thoughts, feelings, attitudes, or behaviors
in the context of mHealth apps.

Cajita et al [22] have shown that physicians have a significant
influence on mHealth app usage among older adults with heart
failure. Likewise, Apolinário-Hagen et al [23] demonstrated
that physicians significantly affect behavioral engagement with
mHealth apps among people with multiple sclerosis.
Specifically, patients with different health conditions may
interpret the efforts of health care professionals to use mHealth
as an incentive to use mHealth themselves [9,24]. Alternatively,
patients may show more behavioral engagement with mHealth
apps when they receive recommendations for the use of mHealth
apps from health care professionals [10], including physicians
[25]. As chronically ill patients often have longstanding
relationships with their physician and since they tend to follow
their physicians’ instructions, we suggest that physician
recommendation—that is, the extent to which physicians
recommend the use of mHealth apps—can play an important
role when engaging these patients with mHealth apps. We
hypothesize as follows:

H1a: Physician recommendation positively affects behavioral
engagement with mHealth apps among chronically ill patients.

As suggested by the diffusion of innovation theory [26], the
impact of physician recommendation on behavioral engagement
with mHealth apps among chronically ill patients also relates
to patients’ own perceptions of the relative advantages of these
health care technologies in relation to the idea it supersedes
(here, traditional care). If patients are attached to traditional
care, the relative advantages of mHealth apps may be less for
them. As relative advantage is one of the strongest predictors
of the emerging use of technological innovation [27], patients
who are more attached to traditional care are less likely to show
behavioral engagement with the use of mHealth apps
recommended by their physicians. We thus hypothesize as
follows:

H1b: The positive impact of physician recommendation on
behavioral engagement with mHealth apps among chronically
ill patients will decrease when they are more attached to
traditional care.
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App-Related Enablers of Patients’ Behavioral
Engagement With mHealth Apps
To ensure that health care technologies such as mHealth apps
are relevant to patients and health care professionals, several
researchers have called for these users to be involved in the app
development process [28,29]. In this regard, patients and
physicians have emphasized that health care technologies need
to enable data exchange with other systems or applications
[30-32]. Indeed, health care technologies that lack
interoperability (the ability to exchange data with other systems
or applications) have been described as information silos
[33,34]; the same holds for mobile apps, including mHealth
apps, which are not compatible with other systems such as
electronic patient records [25,35].

Empirical evidence also suggests that mHealth apps with low
levels of interoperability may deteriorate health care outcomes
[34,35]. In contrast, allowing mobile apps to exchange data with
each other and other digital systems may help to avoid
duplication of medical care, increase patient safety, improve
the continuity of care, and reduce administrative burdens
[33,36]. Moreover, mHealth apps with high levels of
interoperability contribute to increased functionality and better
experiences for patients [37] while allowing patients to access,
store, or make certain information digitally available, thereby
making them, to a greater extent, into managers of their own
health [31,33,36]. As chronically ill patients often encounter
multiple health care providers, we contend that app integration,
that is, the extent to which mHealth apps are interoperable is
even more important [15,33]. We therefore hypothesize as
follows:

H2a: App integration positively affects behavioral engagement
with mHealth apps among chronically ill patients.

If chronically ill patients have more experience with mobile
apps, they are more likely to have tried apps with high levels
of interoperability and hence to have experienced how app
integration can benefit them. The diffusion of innovation theory
[26] confirms that innovations that users can experiment with
are (in line with the idea of trialability) more likely to be
embraced. Building upon the trialability idea, we contend that
the positive effect of app integration on behavioral engagement
with mHealth apps is strengthened when patients have more
experience with mobile apps. We thus hypothesize as follows:

H2b: The positive effect of app integration on behavioral
engagement with mHealth apps among chronically ill patients
increases when such patients have more mobile app experience.

Patient Behavioral Engagement With mHealth Apps for
Improved Well-being
The behavioral engagement of patients with health care
technologies has been associated with improved well-being
[8,38,39]. As widely acknowledged in the well-being literature
[18], well-being incorporates hedonic well-being, with its focus
on pleasure attainment, and eudaemonic well-being, with its
focus on self-realization, that is, the degree to which a person
is fully functioning. Research suggests that health care
technologies like mHealth apps can contribute to improved
hedonic and eudaemonic well-being by providing pleasant

experiences to patients and by helping the patients to reach their
goals [40,41]. We therefore hypothesize as follows:

H3a: Behavioral engagement with mHealth apps positively
affects the hedonic well-being of chronically ill patients.

H3b: Behavioral engagement with mHealth apps positively
affects the eudaemonic well-being of chronically ill patients.

Methods

Research Design and Procedure
In this study, we rely upon a scenario-based survey study, which
is very common in business research [42] and in technology
acceptance studies [43]; an increasing use of scenario-based
surveys are also being used in health care [44]. Scenario-based
survey studies have the advantage of eliminating the difficulties
associated with observation or enactment of events in real life,
such as in this study, with undesirable outcomes, and with not
reaching a sufficiently large sample size, as can happen when
forcing patients to use a nonintegrated app [42]. Compared to
recall-based surveys, scenario-based surveys also have the
advantage of reducing biases from memory retrieval [45].

This scenario-based survey study involves a between-participant
2×2 design and introduces participants to a scenario. In all
scenarios, the patient receives a pamphlet with information on
a fictional mHealth app, but the scenarios differed in terms of
the recommendation by the physician to use the mHealth app
(ie, strong vs weak recommendation to use the mHealth app)
and app integration (integrated vs nonintegrated mHealth app).
This 2×2 design has 4 different possible scenarios, and each
participant was randomly assigned to 1 of these 4 scenarios.
After reading the scenario, the participant filled out a
questionnaire. The scenarios are detailed in Multimedia
Appendix 1.

Sampling
G*Power 3.1.9 (Heinrich Heine Universität) was used to
calculate the required sample size for detecting a medium effect
(Cohen d=0.5) in an independent sample t-test (2-tailed). With
80% power at an α level of .05, a total sample size of 204
participants (51 per group) was needed to test the hypotheses.
To achieve the required sample size, respondents with chronic
conditions were recruited by more than 60 organizations
representing the interests of chronically ill people in the Flemish
region of Belgium through sharing the survey in their
e-newsletter, website, or Facebook page. Eligible respondents
(1) had been diagnosed by their physician with a chronic disease
and (2) were aged between 18 and 65 years. These age
boundaries were set because the empirical literature identified
strong differences in the adoption of technology among young
people, adults, and older adults [46]. In total, 722 respondents
completed the questionnaire. After quality checks (including
age and condition checks and a control question), 521
respondents were retained.

Ethical Considerations
The Ghent University Hospital review board approved the study
protocol (2019/1975-670202042704), and participants were
asked for consent.
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Measures
We conducted a web-based survey from March to May 2019.
Study data were collected and managed using REDCap
electronic data capture tools hosted at Ghent University Hospital
[47,48]. The survey involved 5 different constructs, including
skip patterns. All constructs were measured using previously
validated multi-item scales with proven validity and reliability
(See Multimedia Appendix 2 [49-53]). The original scales were
translated into Dutch using the forward and backward translation
technique. Although validated by previous research, the
measurement instrument was further tested to ensure reliability
within the study context. Cronbach α values of the validated
constructs ranged from .748 to .952 and showed that the
reliability requirements were met. Reponses were provided
using a 7-point Likert scale, with anchors ranging from 1
(“strongly disagree”) to 7 (“strongly agree”). Finally, the survey
included questions about age, gender, and the duration of the
chronic condition, as it is common to include these
demographics in research relating to chronic conditions [54].

Analytical Approach
We assessed the experimental interventions by comparing the
mean score on a single item measuring physician
recommendation (“my physician recommends me to use this
app”) and a single item measuring app integration (“this is an
integrated app”) between the different scenarios. The mean
differences for both interventions were significant. The mean
score on a 7-point Likert scale for physician recommendation
was 4.24 in the weak physician recommendation scenario versus
5.47 in the strong physician recommendation scenario (P=.02).
The mean score for app integration was 3.67 in the scenario
with a nonintegrated app versus 5.87 in the scenario with an
integrated app (P=.004).

To simultaneously test all hypotheses (including drivers,
consequences, and moderators), we used a mediation approach
[55] with Bayesian estimation [56]. As suggested by Iacobucci
[57] and Yuan and MacKinnon [56], the following 3 equations
were jointly estimated using structural equation modeling in
order to test our proposed conceptual model:

in which the BehavioralEngagementi denotes the individual i’s
(i=1 to 521) behavioral engagement with mHealth apps and the
WellBeingdi denotes the 2 (d=1 to 2) well-being dimensions:
hedonic well-being (d=1) and eudaemonic well-being (d=2). β1

denotes the effect of the influence of the physician
(PhysicianRecommendationi) on behavioral engagement in order
to test H1a, whereas β2 denotes the effect of app integration
(AppIntegrationi) on behavioral engagement in order to test
H2a. β10drepresents the effect of behavioral engagement on both
hedonic well-being and eudaemonic well-being and respectively
enables testing of H3a and H3b. β3 denotes the moderating
effect of patient attachment to traditional care on the impact of
physician recommendation on patients’behavioral engagement
(PhysicianRecommendationiTraditionalCarei) and allows
investigation of H1b. β5 denotes the moderating effect of patient
mobile app experience on the relationship that the app
integration has on the patient’s behavioral engagement
(AppIntegrationiMobileAppExperiencei) and enables
investigation of H2b. The Σ1i,Σ2i, and Σ3di are error terms with
intercorrelation ρ which, in line with the well-being literature
[58], accounts for the interdependency between hedonic and
eudaemonic well-being (see Figure 1). Controlsci is a vector of
control variables, including patient age, gender, and duration
of condition.

Because of structural equation modeling, the paths as specified
in equations 1 to 2 are modeled in combination with the
measurement model. The measurement model provided evidence
of construct validity and discriminant validity, and additional
tests revealed our data to be free from the common method and
collinearity biases (See Multimedia Appendix 2 and Multimedia
Appendix 3 [55,56,59-67] for more details). In addition, the
model convergence was inspected and revealed evidence of a
well-fitting model (see Model Convergence Assessment in
Multimedia Appendix 3 for more details). Finally, the structural
equation models, in line with the technology adoption literature
[49], are linked between the mobile app experience and
attachment to traditional care, as shown in Figure 1.
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Figure 1. Proposed conceptual model. H: hypothesis; mHealth: mobile health.

Results

The chronic conditions that were the most prevalent among the
respondents were orthopedic and rheumatic diseases (153/521,
29.4%), neurological diseases (133/521, 25.5%), and lung
diseases (109/521, 20.9%); 130 respondents (25%) indicated
comorbidity. All respondents had a smartphone, but mobile app
experience varied; 240 respondents (46.1%) had no mobile app
experience, 192 respondents (36.9%) had low-to-moderate
mobile app experience, and 89 respondents (17.1%) had high
mobile app experience. Table 1 gives an overview of the other
demographics of the research participants.

Table 2 presents the model’s findings. The findings of Model
1 reveal that the physician’s recommendation has a positive
significant influence on the patient’s behavioral engagement
with mHealth apps (β1=.325, P=.001). H1a is thus supported.
The findings also reveal that app integration has a positive effect
on behavioral engagement (β2=.225, P=.02), confirming H2a.
As anticipated, behavioral engagement has a positive effect on
both hedonic well-being (β10_1=.641, P=.001) and eudaemonic
well-being (β10_2=.724, P=.001), thereby supporting H3a and
H3b. To test the moderating effect of patients’ attachment to
traditional care and their mobile app experience, Model 2 in
Table 2 reports the parameter estimates of the moderating

effects. Model 2 reveals that a patient’s attachment to traditional
care only has a direct effect on behavioral engagement
(β4=–.420, P=.001) since the interaction terms were found to
be insignificant, albeit negative as anticipated (β3=–.157, P=.14).
H1b is thus rejected. With regard to the moderating effect of
mobile app experience, our findings show a positive significant
moderating effect on the relationship between app integration
and behavioral engagement (β5=.232, P=.02), thereby
confirming H2b. Figure 2 depicts this significant relationship,
showing that there is a high positive impact of mobile app
experience on behavioral engagement with mobile app
integration. In addition, our model findings show that gender
and condition duration have no significant effects. Interestingly,
age is found to only have a negative effect on hedonic well-being
(β11_1=–.008, P=.002), whereas no such effect was observed
for eudaemonic well-being. In addition, people with more
mobile app experience were found to have less attachment to
traditional care (β8=–.094, P=.01). Finally, the proportion of

variance explained (R2) equals 21% for behavioral engagement
and 52.8% and 62.2% for hedonic and eudaemonic well-being,
respectively, thereby providing support for the strong effect of
app integration and physician recommendation via mediation
of the patients’behavioral engagement on patients’hedonic and
eudaemonic well-being.
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Table 1. Participant demographics.

P valueScenario 4d

(n=129)
Scenario 3c

(n=141)
Scenario 2b

(n=123)
Scenario 1a

(n=128)

All respondents
(N=521)

Demographics

.5743.84 (18-65,
13.32)

43.26 (18-65,
13.21)

44.58 (19-65,
13.46)

45.41 (21-65,
12.47)

44.24 (18-65, 13.11)Age (years), mean (min-max, SD)

.44Gender, n (%)

34 (26.4)30 (21.3)34 (27.6)27 (21.1)125 (24)Male

95 (73.6)111 (78.7)89 (72.4)101 (78.9)396 (76)Female

.1111.47 (1-58,
9.90)

11.26 (0-47,
10.83)

14.3 (0-64,
11.65)

11.95 (0-64,
11.95)

12.20 (0-64, 11.09)Condition duration (years), mean
(min-max, SD)

aScenario 1: strong physician recommendation + integrated app.
bScenario 2: weak physician recommendation + nonintegrated app.
cScenario 3: strong physician recommendation + nonintegrated app.
dScenario 4: weak physician recommendation + integrated app.

Table 2. Model findings.

Model 2Model 1

Eudaemonic
well-being

Hedonic
well-

being

Behavioral

engagement

Attachment
to traditional
care

Eudaemonic
well-being

Hedonic
well-

being

Behavioral

engagement

Independent variables, β (P value)

N/AN/A.304 (.002)aN/AN/AN/Ab.325 (.001)aPhysician recommendation

N/AN/A.238 (.01)aN/AN/AN/A.225 (.02)aApp integration

.723 (.001)a.642 (.001)aN/AN/A.724 (.001)a.641 (.001)aN/ABehavioral engagement

Control variables, β (P value)

–.004 (.06)–.008 (.002)aN/AN/A–.004 (.06)–.008 (.008)aN/AAge

–.070 (.19).089 (.15)N/AN/A–.059 (.24).090 (.16)N/AGender (1=female, 0=male)

.003 (.14).003 (.21)N/AN/A.004 (.13).003 (.19)N/ACondition duration

Testing moderating effects, β (P value)

N/AN/A–.157 (.14)N/AN/AN/AN/APhysician recommendation×Attach-
ment to traditional care

N/AN/A–.420 (.001)aN/AN/AN/AN/AAttachment to traditional care

N/AN/A.232 (.02)aN/AN/AN/AN/AApp integration×Mobile app experi-
ence

N/AN/A.196 (.01)a–.094 (.01)aN/AN/AN/AMobile app experience

0.103 (.001)a0.103 (.001)aN/AN/A0.107 (.001)a0.107 (.001)aN/ACorrelation error term (P value)

62.252.820.81.461.852.32.8R2 (proportion of variance explained; %)

aEffect size (β) is significant.
bN/A: not applicable.
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Figure 2. The moderating influence of mobile app experience.

Discussion

Principal Findings
mHealth has several benefits for patients, especially for those
who experience chronic conditions [17]. mHealth can enable
patients to manage their condition [68], which is crucial for
their well-being [69]. However, beginning to use mHealth apps
can be challenging, as many patients have neither experience
with nor confidence in using them [17,70]. Although health
care technology adoption research has typically focused on the
need for user friendliness, usefulness, and performance
expectancy [16], we complement this line of research by
exploring the importance of social factors (here, physician
recommendation) and app-related factors (here, app integration)
when behaviorally engaging patients with mHealth and when
considering how this engagement impacts their well-being.

With regard to the social factors, we found that physician
recommendation positively influences behavioral engagement
and consequently, patient well-being. The important role laid
out for the physician when behaviorally engaging patients with
mHealth apps resonates with evidence about their importance
in stimulating other types of patient behavior [71] and enhancing
patient well-being [72]. Indeed, the physician is in a unique
position to motivate their patients to use mHealth apps,
especially when they have longstanding relationships with them
[73].

Although we have observed that patients who are more inclined
to traditional care are less inclined to use mHealth, it is
remarkable to note that these patients can also be motivated to
use mHealth apps to the same degree as patients who are more
open to receiving modern care (with the use of mobile apps).
As such, physicians should be careful not to assume that patients
who are more accustomed to traditional care will be harder to
motivate to use mHealth. This potential bias should not lead to
neglect of this part of the patient population, particularly in the
(post-)COVID world where virtual care has become a more

integral part of traditional care [74]. Furthermore, although we
have focused in this research on the motivating role of the
physician, other parties (health care organizations, government,
etc) can also be of importance in recommending patients to use
mHealth apps. Future research could thus focus on marketing
strategies that these parties could deploy to encourage mHealth
use. Anderson et al [75] have recently called for an increased
use of marketing techniques in health care. Indeed, marketing
communication can be instrumental in motivating patients to
use new technologies and engage in self-care by creating a
positive attitude toward health care technology [76,77].

Besides social factors, our results also demonstrate the
importance of app integration. Specifically, integrated apps can
have an important positive impact on a patients’ behavioral
engagement. The major app stores already offer a staggering
350,000 mHealth apps, most of which remain unsuccessful
because of limited behavioral engagement [78]. Designing yet
another nonintegrated mHealth app can only add to this pile of
underutilized apps. By designing mHealth apps, which have
meaningful interaction with existing systems used by the patient
(eg, appointment scheduler, patient file, health data), behavioral
engagement can be enhanced and the continued usage of an
mHealth app can be improved.

In line with previous research [22], this study also shows a
moderating role for app experience. Patients with more
experience in using apps will place greater value on mHealth
apps that are integrated with other health platforms. Given that
app experience is rising among all parts of the population [79],
the importance of offering integrated apps will only increase in
the future. Companies who develop mHealth apps and health
care organizations who implement them should focus not only
on apps’ appearances and capabilities but also show great care
in ensuring that apps are integrated into existing health
platforms.

Finally, our data were collected in 2019, shortly before the
COVID-19 pandemic. The advantages of mHealth apps during
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a pandemic have been well-documented [74]. Further, numerous
papers on the roles of eHealth, telehealth, and telemedicine in
delivering health care services to chronically ill patients during
the COVID-19 pandemic have been published [80,81]. The
COVID-19 pandemic has shown the importance of mHealth as
a means of interacting with patients and providing care. It would
be interesting to know how the pandemic has changed the way
in which patients use and feel about mHealth apps.

Limitations and Future Research
Although this study gives clear indications of the importance
of physician recommendation and app integration for behavioral
engagement and well-being among chronically ill patients, it is
not without limitations, and the results should be interpreted
accordingly. First, the respondents self-selected to participate
in this study. As a result, generalization of the results to a
broader population should be done with care. However, because
we opted for self-selection, a larger number of participants was
recruited. Second, this study uses self-reported data and not
actual behavior. This makes the study more vulnerable to
self-report biases such as socially desirable answers and
information bias. Future research could go beyond
scenario-based research and implement the proposed
interventions in a randomized controlled trial. Third, this study
utilized cross-sectional data, which limits the possibilities of
drawing conclusions on causal relationships. Future research
could benefit from a longitudinal approach by collecting data
at different points in time among the same respondents [12]. It
can be envisioned that the engagement of chronically ill patients,
in particular, might differ in time, as the severity of their

condition or their need for support fluctuates. Fourth, the
strength of the relationship between the physician and patient
was not included in the study design. Future studies could
include measures of this relationship, since the relationship
between physician and patient may act as a significant mediator
of the relationship between physician recommendation,
behavioral engagement with mHealth apps among chronically
ill patients, and their well-being.

Conclusion
An ever increasing number of mHealth apps are being developed
by both commercial enterprises and health care organizations.
Although these apps can have a positive impact on patient
well-being, various studies have shown that simply designing
an effective app does not guarantee their adoption by users. This
study focused on the importance of physician recommendation
and app integration in increasing behavioral engagement and
well-being among chronically ill patients. It highlights the
importance of app developers considering behavioral
engagement during and after the development of mHealth apps.
During development, attention should be given to ensuring app
integration so that communication and interaction with existing
health care systems is possible. Integration is an important
characteristic that can encourage patients to start using an
app—especially when they are experienced app users. After
development, it is important to motivate patients to adopt the
mHealth app. This study has shown that physicians have an
important role to play in motivating chronically ill patients to
engage with mHealth apps.
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Abstract

Background: In the United States, almost 90% of women are at risk of at least one chronic condition. However, the awareness,
management, and monitoring of these conditions are low and present a substantial public health problem. Digital health tools can
be leveraged to reduce the alarmingly high rates of chronic condition–related mortality and morbidity in women.

Objective: This study aimed to investigate the 4-year trend of digital health use for health promotion among women with chronic
conditions in the United States.

Methods: Data for this study were obtained from the 2017 to 2020 iterations of the Health Information Trends Survey 5. Separate
weighted logistic regression models were conducted to test the unadjusted and adjusted association of the study variables and
each digital health use. The 95% CI, adjusted odds ratio (aOR), and P value (.05) were reported. Analysis was conducted using
Stata 17 software.

Results: In total, 8573 women were included in this study. The weighted prevalence of the use of a smartphone or tablet for
various activities were as follows: track health goals, 50.3% (95% CI 48.4%-52.2%; 3279/7122); make a health decision, 43.6%
(95% CI 41.9%-45.3%; 2998/7101); and discuss with a provider, 40% (95% CI 38.2%-41.8%; 2834/7099). In the preceding 12
months, 33% (95% CI 30.9%-35.2%; 1395/4826) of women used an electronic wearable device, 18.7% (95% CI 17.3%-20.2%;
1532/7653) shared health information, and 35.2% (95% CI 33.2%-37.3%; 2262/6349) sent or received an SMS text message with
a health professional. Between 2017 and 2020, the weighted prevalence of having 0, 1, and multiple chronic conditions were
37.4% (2718/8564), 33.4% (2776/8564), and 29.3% (3070/8564), respectively. However, slightly above half (52.2%, 95% CI
0.50%-0.53%; 4756/8564) of US women reported having at least one chronic disease. Women with multiple chronic conditions
had higher odds of using their tablet or smartphone to achieve a health-related goal (aOR 1.43, 95% CI 1.16-1.77; P=.001) and
discuss with their provider (aOR 1.55 95% CI 1.20-2.00; P=.001) than those without any chronic conditions. Correspondingly,
in the past 12 months, the odds of using an electronic wearable device (aOR 1.40, 95% CI 1.00-1.96; P=.04), sharing health
information (aOR 1.91, 95% CI 1.46-2.51; P<.001), and communicating via SMS text messaging with a provider (aOR 1.31,
95% CI 1.02-1.68; P=.03) were significantly higher among women with chronic conditions than those without a chronic condition.

Conclusions: This study suggests that women with chronic conditions accept and integrate digital health tools to manage their
care. However, certain subpopulations experience a digital disconnect that may exacerbate existing health inequities. Implications
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for research and opportunities to leverage and integrate digital health tools to prevent, monitor, manage, and treat chronic conditions
in women are discussed.

(JMIR Mhealth Uhealth 2022;10(8):e39520)   doi:10.2196/39520

KEYWORDS

mHealth; health promotion; chronic disease; women; digital health; USA; United States; patient engagement

Introduction

Background
Although almost 90% of women in the United States are at risk
of at least one chronic condition, the awareness, management,
and monitoring of these conditions are low and present a
substantial public health problem [1-4]. Women bear a
disproportionate burden of chronic diseases, and in 2018 alone,
the prevalence of multiple chronic conditions was 28.4% versus
25.9% in men [5,6]. Moreover, some chronic conditions, such
as heart disease, are the leading causes of death in women,
killing 1 in every 5 women [7]. Digital health tools have the
potential to advance and monitor chronic conditions, and they
represent a substantial opportunity to prevent and reduce the
alarmingly high rates of chronic condition–related mortality
and morbidity in women [8-10].

In their review, Adedinsewo and colleagues [11] succinctly
outlined how artificial intelligence and digital health tools can
be leveraged to improve the screening, monitoring, educating,
and managing of chronic conditions among women during the
life course. The authors note that digital tools can facilitate
smoking cessation and cardiometabolic health in the
preconception stage, particularly for those at risk of or with
preexisting chronic conditions. Similarly, during pregnancy and
among postpartum and menopausal women, digital health tools
can be advantageous for the remote digital monitoring of blood
pressure, telehealth consultation, or other smartphone-based
educational interventions [11]. This finding suggests that
integrating and using technology to engage and provide care
for women living with chronic conditions is key to achieving
the Healthy People 2030 objective: to increase the proportion
of adults using health information technology, thereby
promoting the health and well-being of women [12].

Despite the prevalence of chronic conditions across the life
span, less is known about the adoption of digital health use in
women. Previous studies have focused on digital health use
during the perinatal period or on pregnancy-related chronic
conditions [13-17]. Furthermore, other studies merely compare
digital health use between men and women without investigating
the distinct patterns of digital health use among women [18-20].
Since it is well established that there are gender and sex
differences in the development and outcomes of chronic
conditions and digital health use, it is imperative to understand
how the adult women population with these conditions use
digital health tools to manage their health [2,11]. Understanding
women’s digital health use for chronic condition management
may encourage the responsiveness of public health programs
and interventions to women’s health needs to prevent and control
these conditions among this population.

Objective
Therefore, the objective of this study was to investigate the
4-year trend of digital health use for health promotion among
women with noncommunicable chronic conditions in the United
States, drawing from nationally representative data. This study
also aimed to examine the sociodemographic and health-related
factors that influence digital health use for health promotion
across subpopulations of women in the United States.

Methods

Data Source
Data for this study were obtained from the Health Information
Trends Survey (HINTS) [21]. HINTS is a nationally
representative sample of noninstitutionalized US adults aged
≥18 years and fielded by the National Cancer Institute. HINTS
collects data about respondents’ health communication, digital
health use, and sociodemographic characteristics. This study
used data from HINTS 5, Cycles 1 (2017), 2 (2018), 3 (2019),
and 4 (2020) surveys. Cycles 1 and 2 surveys were stratified by
postal address to sample residential addresses randomly, whereas
Cycles 3 and 4, in addition to mailed surveys, introduced a
web-based option, wherein respondents were randomly grouped
into (1) a web-based and paper survey option without an
additional bonus and (2) a web-only option with an additional
bonus. Per HINTS, there was no statistically significant
difference between the 2 groups; rather, providing the bonus
and using the web-based option increased the sample
representativeness by allowing groups, particularly young adults,
who would have been otherwise underrepresented in the
mail-only option. Detailed information about the HINTS survey
and methodology is reported elsewhere [21]. The total number
of surveyed respondents and response rates for each year were
as follows: 3285 and 32.3% (Cycle 1); 3504 and 32.9% (Cycle
2); 5438 and 30.3% (Cycle 3); and 3865 and 36.7% (Cycle 4).
Unless otherwise stated, all variables analyzed in this study
were surveyed across the years.

Measures

Digital Health
Following the strategy of Shan and colleagues [18], we analyzed
6 binary (no/yes) outcome variables to measure digital health
use (Multimedia Appendix 1). Although Shan and colleagues
[18] measured 9 digital health use variables, we deviated by
only measuring digital health use among respondents who
responded in the affirmative that they owned either a tablet or
smartphone, because our focus is on use versus ownership. As
a result, our study included respondents who have used their
tablet or smartphone to (1) track health-related goals, (2) make
health decisions, and (3) discuss with their provider.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e39520 | p.91https://mhealth.jmir.org/2022/8/e39520
(page number not for citation purposes)

Ajayi et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.2196/39520
http://www.w3.org/Style/XSL
http://www.renderx.com/


Respondents were also asked if, in the past 12 months, they had
(4) used an electronic wearable device to track their
health-related goals, (5) shared their health information with
their health provider with an electronic monitoring device or
smartphone, and (6) communicated with their provider via SMS
text messaging. Of the 6 digital health measures, the question
regarding electronic wearable device use was asked in 2019 and
2020, whereas that regarding the use of SMS text messaging
for communicating with the provider was only asked from 2017
to 2019. See Multimedia Appendix 1 for detailed information
on the variables.

Key Independent Variables
Chronic conditions were measured using 2 questions and were
modeled following the approach of Greenberg and colleagues
[19]. Respondents answered yes-or-no questions on whether
their provider told them they had diabetes or high blood sugar,
high blood pressure or hypertension, heart-related conditions,
lung disease–related conditions, depression or anxiety, and
arthritis or rheumatism. Participants were also asked if they had
ever had cancer (no/yes; Multimedia Appendix 1). The number
of chronic conditions was totaled and then categorized as 0, 1,
and 2 or more chronic conditions. However, in contrast to
Greenberg and colleagues [19], we analyzed arthritis or
rheumatism separately for all models and did not include them
in the totaled chronic conditions, because these were dropped
in the 2019 and 2020 HINTS iterations.

Covariates
Control variables were included based on theoretical and
empirical relevance [19,22]. Sociodemographic variables
included in the analyses were age (18-34, 35-49, 50-64, or ≥65
years), marital status (not married vs married), income status
(<US $20,000, US $20,000-34,999, US $35,000-49,999, US
$50,000-74,999, or ≥US $75,000), race/ethnicity (non-Hispanic
White, non-Hispanic Black, Hispanic, non-Hispanic
Asian/others, or missing), and education (high school degree
or below, some college degree, and college degree or above).
Health-related variables included health insurance (no/yes),
self-reported health status (fair/poor, good, or excellent), regular
provider (no/yes), physical activity (<150 vs >150 minutes per
week), and smoking status (never, former, or current).

Statistical Analysis
All analyses used the recommended analytical strategy by the
HINTS analyst and applied 200 replicate jackknife survey
weights (50 jackknife survey weights for each year) to account
for variance estimation and generalizability.

Initial weighted descriptive statistics were analyzed for all
respondents. Chi-square tests were used to compare the
characteristics of the study population to chronic conditions.
Second, we summarized the weighted temporal prevalence of
chronic diseases and digital health use in graphs. Separate
weighted logistic regression models were then conducted to test
the unadjusted association of the study variables and each digital
health use variable. Third, multivariate logistic regression
models were created to explore the adjusted association between
the digital health use variables and all covariates.

Additionally, we examined the interactions between age and
the chronic condition categories, race/ethnicity and income, and
race/ethnicity and education and presented the adjusted predicted
probabilities in plots. Lastly, we conducted a similar unadjusted
and adjusted multivariate logistic regression analysis to examine
the relationship between digital health use and individual chronic
conditions.

Multicollinearity was also examined using the variance inflation
factor, and there was no collinearity among the independent
variables. Hosmer-Lemeshow goodness-of-fit test was
conducted; models with insignificant chi-square test output
suggest a good fit. We provided the unadjusted odds ratio (OR),
adjusted odds ratio (aOR), and corresponding 95% CI. A 2-sided
significance level of α<.05 for statistical significance was
applied. Missing or unknown observations were dropped for
all analyses except for race/ethnicity. Analyses were performed
with Stata statistical software (version 17 SE; StataCorp).

Results

Population Characteristics
Of the 8573 women who participated in the pooled survey, the
weighted prevalence and samples of those who answered “yes”
to using a tablet or smartphone for various activities were as
follows: achieve or track health-related goals, 50.3% (95% CI
48.4%-52.2%; 3279/7122); make a health decision, 43.6% (95%
CI 41.9%-45.3%; 2998/7101); and discuss with their provider,
40% (95% CI 38.2%-41.8%; 2834/7099). In the preceding 12
months, 33% (95% CI 30.9%-35.2%; 1395/4826) of women
reported using an electronic wearable device, 18.7% (95% CI
17.3%-20.2%; 1532/7653) shared health information using an
electronic monitoring device, and 35.2% (95% CI 33.2%-37.3%;
2262/6349) sent or received an SMS text message with a health
professional.

As seen in Table 1, higher shares of the women in this study
had health insurance (8035/8460; 92.7%), were non-Hispanic
White (4871/8573; 60.6%), were aged 50-64 years (2679/8449;
29.1%), earned above US $75,000 (2937/8528; 37.5%), had
never smoked (5626/8499; 67.6%), and performed <150 minutes
of moderate physical activity per week (6775/8419; 69.3%). Of
the 8564 women who responded to the chronic condition
variable, the sample and weighted prevalence of having 0, 1,
and multiple chronic conditions were 2718 (37.4%), 2776
(33.4%), and 3070 (29.3%), respectively. However, the overall
weighted pooled prevalence of having any chronic diseases
between 2017 and 2020 was 52.2% (95% CI 0.50%-0.53%;
4756/8564; data not shown). Furthermore, those who reported
having multiple chronic conditions were predominately in 2
age groups: 50-64 years (1033/3070; 10%) and >65 years
(1470/3070; 10.3%). They were also predominately
non-Hispanic White (1716/3070; 18.2%), had a regular provider
(2463/3070; 23.7%), and performed <150 minutes of moderate
physical activity (2286/3070; 21.8%). In addition, they mostly
earned <US $20,000 (902/3070; 7.9%) and had a high school
degree or below (1054/3070; 11.5%).
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Table 1. Characteristics of the total population and by chronic conditions in the pooled sample.

P valueNumber of chronic conditionsa (n=8564), n (weighted %)Total, n (weighted %)Variable

≥210

3070 (29.3)2776 (33.4)2718 (37.4)8573 (100)Women

<.001Age (years; n=8449)

137 (2.8)385 (8.4)649 (12.5)1171 (23.7)18-34

385 (6.2)538 (7.9)801 (12.2)1724 (26.3)35-49

1033 (10)885 (10.1)761 (9.1)2679 (29.1)50-64

1470 (10.3)926 (6.9)475 (3.7)2875 (20.9)>65

.001Marital status (n=8488)

1835 (14.9)1404 (15.4)1165 (16.2)4409 (46.4)Not married

1204 (14.3)1353 (18)1522 (21.2)4079 (53.6)Married

<.001Income (US $; n=8528)

902 (7.9)497 (5.6)346 (4.9)1749 (18.6)<20,000

515 (4.6)391 (3.82)322 (4.4)1230 (12.8)20,000-34,999

451 (4.5)377 (5.5)315 (3.9)1145 (14)35,000-49,999

487 (4.9)509 (6.1)471 (6.2)1467 (17.2)50,000-74,999

700 (7.3)990 (12.4)1246 (17.8)2937 (37.5)>75,000

<.001Race/ethnicity (n=8573)

181 (1.3)157 (2.3)245 (3.5)613 (7.0)Asian/others

355 (3.2)336 (4.2)510 (7.5)1201 (15)Hispanic

520 (4.2)420 (3.9)334 (3.7)1275 (11.8)Non-Hispanic African American or
Black

1716 (18.2)1641 (21.1)1510 (21.3)4871 (60.6)Non-Hispanic White

298 (2.3)192 (1.9)119 (1.4)613 (5.6)Missing

<.001Education (n=8498)

1054 (11.5)651 (9.4)523 (8.9)2230 (29.8)High school or below

987 (11.3)783 (12.6)701 (14)2471 (37.9)Some college degree

1002 (6.5)1318 (11.4)1475 (14.5)3797 (32.3)College degree or above

.08Insurance (n=8460)

106 (1.7)134 (2.3)185 (3.2)425 (7.25)No

3026 (29.2)2609 (31)2499 (34.2)8035 (92.7)Yes

<.001Self-reported health status (n=8484)

956 (9.4)331 (4.3)141 (2.1)1428 (15.8)Fair/poor

1248 (12.1)1068 (12.8)728 (10.5)3044 (35.3)Good

846 (7.8)1354 (16.4)1810 (24.7)4012 (48.9)Excellent

<.001Regular provider (n=8437)

543 (5.5)766 (10.2)1087 (16.3)2399 (32)No

2463 (23.7)1978 (23.2)1592 (21)6038 (68)Yes

<.001Physical activity (n=8375)

2286 (21.8)1915 (23.4)1754 (24.1)5961 (69.3)<150 minutes per week

698 (7.3)798 (9.9)917 (13.5)2414 (30.7)>150 minutes per week

<.001Smoking status (n=8499)

1736 (16.6)1865 (22.4)2020 (28.6)5626 (67.6)Never
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P valueNumber of chronic conditionsa (n=8564), n (weighted %)Total, n (weighted %)Variable

≥210

860 (7.9)583 (6.7)463 (5.6)1906 (20.3)Former

444 (4.7)309 (4.2)214 (3.2)967 (12.1)Current

<.001Diabetes (n=8419)

1603 (15.7)2518 (30.8)2654 (37.2)6775 (83.7)No

1431 (13.6)213 (2.63)0 (0)1644 (16.3)Yes

<.001High blood pressure (n=8423)

566 (6.3)1647 (23)2634 (37)4847 (66.3)No

2486 (23.2)1090 (10.5)0 (0)3576 (33.7)Yes

<.001Heart condition (n=8449)

2433 (23.3)2693 (32.8)2648 (37)7774 (93.2)No

622 (6.1)53 (67.5)0 (0)675 (6.79)Yes

<.001Lung disease (n=8450)

2068 (19.1)2485 (29.9)2647 (37)7200 (86.1)No

986 (10.3)264 (3.6)0(0)1250 (13.9)Yes

<.001Depression or anxiety (n=8436)

1566 (13.4)1924 (20.3)2639 (36.9)6129 (70.7)No

1485 (16.1)822 (13.3)0 (0)2307 (29.3)Yes

<.001Cancer (n=8531)

2042 (22.1)2432 (30.3)2709 (37.4)7182 (89.8)No

1015 (7.1)334 (3.1)0 (0)1349 (10.2)Yes

—cArthritisb (n=3644)

————2384 (73.4)No

————1260 (26.6)Yes

aTotal diabetes, high blood pressure, heart condition, lung disease, depression/anxiety, and cancer.
b2017-2018 and not totaled in the chronic condition category.
cNot available.

Prevalence of Chronic Conditions and Digital Health
Use Across Years
Figure 1 shows the weighted prevalence of chronic conditions.
Between 2017 and 2020, women without any chronic diseases
declined from 37.8% (569/1784) to 34.4% (601/2047). In the
same period, there was an increase in the proportion of women
reporting 1 and multiple chronic conditions, from 33.2%
(576/1784) to 35.3% (671/2047) and from 28.9% (639/1784)
to 30.4% (775/2047), respectively. Table 2 reports the weighted
prevalence of digital health use among the participants who

answered “yes.” Between 2017 and 2020, there was an increase
in the proportion of women who used a tablet or smartphone to
achieve a health-related goal (from 596/1479; 44.4% to
866/1760; 53.8%) and discuss with their provider (from
492/1469; 33.9% to 779/1758; 44.2%). In the past 12 months,
the use of electronic wearable devices increased from 30%
(739/2794) to 35.9% (656/2032) between 2019 and 2020.
However, there was a sharp decline from 17.5% (302/1578) in
2017 to 15.4% (309/1854) in 2020 among those who shared
their health information with a health professional.
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Figure 1. Weighted prevalence (%) of chronic disease among adult US women from 2017-2020. Chronic disease includes total diabetes, high blood
pressure, heart condition, lung disease, depression or anxiety, and cancer.

Table 2. Weighted prevalence of digital health use for health promotion among adult US women: 2017-2020.

Weighted prevalence (%; 95% CI)Digital health use

2020201920182017

53.8 (49.7-57.9)52.3 (51.4-55.9)50.6 (46.5-54.7)44.4 (40.8-48.1)Used tablet to achieve goals

44.5 (41.2-47.8)46.4 (43.3-49.6)45.6 (41.9-49.4)37.7 (34.3-41.3)Used tablet to make decision

35.9 (32.4-39.6)30 (27.7-32.4)——cUsed wearable devicea,b

44.2 (40.2-48.3)42.2 (39.5-45.1)39.4 (35.3-43.6)33.9 (30.3-37.6)Used tablet to discuss with provider

15.4 (12.6-18.7)21.8 (18.9-25)20.5 (17.8-23.4)17.5 (14.6-20.8)Shared information with providerb

—39.5 (36.1-43.1)33 (29.2-37.1)33.2 (30-36.5)Communicated via texting with providerb,d

aOnly surveyed from 2019-2020.
bIn the past 12 months.
cNot available.
dOnly surveyed from 2017-2019.

Unadjusted Odds of Digital Health Use Among Women
With Chronic Conditions
In the unadjusted model (Multimedia Appendix 2), women with
multiple chronic conditions were significantly less likely to use
a tablet or smartphone to achieve a health goal (OR 0.74, 95%
CI 0.63-0.88; P=.001) and use an electronic wearable device
(OR 0.62, 95% CI 0.49-0.80; P<.001) than those with none.
However, they had a higher likelihood of using their tablet or
smartphone to discuss with their provider (OR 1.28, 95% CI
1.06-1.56; P=.01) and share health information (OR 2.02, 95%
CI 1.63-2.51; P<.001) than women without any chronic
conditions. There was a strong association between age and
digital health use, and the odds were higher for women aged
18-34, 35-49, and 50-64 years (all with P<.001) than those aged

≥65 years. This relationship was not found when sharing their
health information with a provider.

Adjusted Odds of Digital Health Use Among Women
With Chronic Conditions
After adjusting for the covariates (Multimedia Appendix 3),
women with multiple chronic conditions had higher odds of
using their tablet or smartphone to achieve a health-related goal
(aOR 1.43, 95% CI 1.16-1.77; P=.001) and discuss with their
provider (aOR 1.55 95% CI 1.20-2.00; P=.001) than those
without any chronic conditions. Correspondingly, in the past
12 months, the odds of using an electronic wearable device
(aOR 1.40, 95% CI 1.00-1.96; P=.04), sharing health
information (aOR 1.91, 95% CI 1.46-2.51; P<.001), and
communicating via SMS text messaging with a provider (aOR
1.31, 95% CI 1.02-1.68; P=.03) were significantly higher than
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women without a chronic condition. Similar to the unadjusted
model, age remained a significant predictor of digital health use
(P<.001). Our analysis also revealed that non-Hispanic Black
women had significantly higher odds of digital health use than
their non-Hispanic White counterparts (achieve a health related
goal: P=.004; make a decision: P<.001; use a wearable device:
P=.89; discuss with a provider: P<.001; share health
information: P=.007; and communicate via SMS text messaging
with a provider: P=.91).

Results from the subanalysis of the individual chronic condition
and digital health use controlling for all covariates and the
adjusted interaction models between age and chronic conditions,
income and race/ethnicity, and education and race/ethnicity are
shown in Multimedia Appendices 4-8.

Discussion

Principal Findings
This study used the latest data from the HINTS to examine the
association between chronic conditions and the use of digital
health tools for health promotion activities among adult US
women. Our study revealed several key findings. First, we found
an increasing trend of chronic condition prevalence between
2017 and 2020 from 33.2% to 35.3% and from 28.9% to 30.4%
for 1 and multiple chronic conditions, respectively. We also
found that slightly more than half (52.2%) of women in the
United States live with a chronic disease. Following that same
pattern, the overall digital health use among women has
increased over time, yet interestingly, sharing information with
providers has decreased. Women with 1 or multiple chronic
diseases in this study had up to a 2-fold increase in using all of
the digital health measures analyzed in this study compared to
those without any chronic conditions. This result demonstrates
that digital health technologies can provide a unique opportunity
to combat chronic condition–related morbidity and mortality
among women.

Overall, our results suggest that women with chronic conditions
were more likely to report using digital health tools than those
without these conditions. These findings are similar to previous
studies showing increased digital health use, especially among
those with chronic diseases [19,23-25]. A difference in digital
health use was also noted based on the type of condition
reported. Across the individual kinds of chronic diseases, all
but cancer were strongly associated with various digital health
activities. Although similar to previous studies, our results differ
from 1 study showing a positive association between cancer
diagnosis and digital health tools [23]. Although we may not
fully understand this deviation, it is plausible that including all
adult women in our model versus older women alone accounted
for the difference [23]. Findings from this study suggest that
although women generally accept digital health tools for
numerous health activities, such as health information seeking,
monitoring health conditions, patient-provider communication,
or treatment, these tools are not adequately harnessed to address
the growing trend of chronic diseases. In addition, since data
from digital health tools can be linked to medical health records
or other patient portals, our results underscore the importance

of promoting its use for the continuity of medical care for
chronic conditions.

Our study also explored how sociodemographic and
health-related factors influence digital health use across
subpopulations. Overall, younger women with higher education
and income were more likely to report digital health use than
older women (aged >65 years). This relationship persisted
regardless of the presence of chronic conditions. Among
racial/ethnic groups, non-Hispanic Black women were more
likely to embrace digital health than their White counterparts.
This finding should be interpreted with caution because the
adjusted probability of being non-Hispanic Black, earning a
higher income, and having a higher education was higher than
other groups in our sample. We also found disparities in digital
health use among those with more education (some college or
a college degree) and incomes (>US $75,000) compared to
women with lower education (high school or below) and income,
respectively. These findings are similar to previous research
that reports that women more likely to use digital health tools,
mobile health apps, the internet, or electronic patient records
are those who are younger and non-Hispanic Black and have
higher education and income levels [18,19,26-28]. Age and
educational differences reflect the ease, skills, and confidence
in using complex digital health tools, leading to a more
health-conscious and literate subpopulation that can manage
their health [25,27]. This finding can guide interventions to
increase the use of digital health technology to focus on digital
health literacy.

Other health-related factors that increase the likelihood of digital
health use were being insured, having a regular provider, being
more physically active (>150 minutes/week), and being a former
smoker. These findings are consistent with research on digital
health use based on certain health-related factors [18,29,30].
For example, Shan and colleagues [18] found that having a
regular provider was associated with at least one type of user
activity. Access to a regular source of care most likely increases
the likelihood of exposure to health resources and information
to improve health literacy. Research supports that mobile health
users are more likely to report intentions to improve diet,
exercise, and lose weight, further adding to the need to increase
women’s access and use of digital health tools [18,27].

Overall, our study shows that despite the increase in digital
health technology, certain subpopulations experience a digital
disconnect leading to health inequities. For instance, older adults
are an at-risk cohort with higher disease rates and more health
care needs, as well as the fastest growing group, yet they are
largely disconnected from the digital world [19,23]. Low-income
minority groups experience barriers due to the limited
availability and affordability of mobile services and internet
limitations [24]. In this current age of technology, digital
inclusion and literacy have been deemed “super social
determinants of health” as they address all other health
determinants [11,25]. For example, access to employment,
housing, or medical services apps are sometimes exclusively
web-based; therefore, the inability to access these apps due to
literacy level or access to a smartphone or internet shapes
behaviors and health outcomes [25,31]. Thus, our results are a
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step in the right direction in advancing women’s health in line
with the Healthy People 2030 objective [12].

Limitations
We have several limitations in our study. HINTS is a
cross-sectional survey of a nationally representative cohort of
individuals; therefore, we cannot infer causality, and the
directions of the associations in the study cannot be indicated.
A second limitation is that there might be additional confounders
that potentially influence the results of our analysis, such as
geographic variations, individual motivation, digital literacy,
privacy and security concerns, and health consciousness, that
affect the use of digital health tools. Another limitation is that
only noncommunicable chronic conditions were analyzed in
this study. Ideally, we would have preferred to investigate
whether digital health use varies by communicable (eg,
COVID-19) and noncommunicable chronic disease status.
Unfortunately, the HINTS data set did not directly ask questions
related to the COVID-19 pandemic’s impact on digital health
use. Although we acknowledge that the impact of the pandemic
on digital health uptake may have influenced our results, we
agree that the effect would be minimal considering that we
analyzed multiyear data from 2017 to 2020.

Moreover, COVID-19 only minimally affected the HINTS 5,
Cycle 4 (2020) data collection (see the HINTS methodological
report for more details) [32]. Nonetheless, this area should be

of interest for future research considering that the pandemic
exerted medical, economic, and social pressures on women.
Lastly, recall bias and misrepresentation by respondents are
likely, considering that the survey is self-administered. Despite
these limitations, our study significantly adds to the literature
and, to the best of our knowledge, is the first to comprehensively
assess digital health use among women with chronic conditions.

Conclusions
As the prevalence of chronic conditions increases, especially
multiple comorbidities, interventions that facilitate health
promotion resulting in timely and better self-management are
warranted. Despite these benefits, our study shows how women
from certain subpopulations—older, low income, and
uninsured—are more likely not to use digital health promotion
activities. To mitigate these use disparities, Adedinsewo and
colleagues [11] lay a clear blueprint on how artificial intelligence
and digital tools can be harnessed across the life span to improve
women’s health. These findings have useful public health
implications given that chronic conditions, including
cardiovascular diseases, are the leading causes of death in the
United States. Therefore, these findings highlight the opportunity
for researchers, policy makers, and health systems, including
insurers, to prescribe successfully validated digital health apps
to increase digital health use and empower women to become
actively engaged in their care.
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Abstract

Background: Health care workers experience high stress. Accessible, affordable, and effective approaches to reducing stress
are lacking. In-person mindfulness-based interventions can reduce health care worker stress but are not widely available or
accessible to busy health care workers. Unguided, digital, mindfulness-based self-help (MBSH) interventions show promise and
can be flexibly engaged with. However, their effectiveness in reducing health care worker stress has not yet been explored in a
definitive trial.

Objective: This study aimed to investigate the effectiveness of an unguided digital MBSH app (Headspace) in reducing health
care worker stress.

Methods: This was a definitive superiority randomized controlled trial with 2182 National Health Service staff in England
recruited on the web and allocated in a 1:1 ratio to fully automated Headspace (n=1095, 50.18%) or active control (Moodzone;
n=1087, 49.82%) for 4.5 months. Outcomes were subscales of the Depression, Anxiety, and Stress (primary outcome) Scale short
form; Short Warwick Edinburgh Mental Well-being Scale; Maslach Burnout Inventory; 15-item Five-Facet Mindfulness
Questionnaire minus Observe items; Self-Compassion Scale–Short Form; Compassionate Love Scale; Penn State Worry
Questionnaire; Brooding subscale of the Ruminative Response Scale; and sickness absence.

Results: Intention-to-treat analyses found that Headspace led to greater reductions in stress over time than Moodzone (b=–0.31,
95% CI –0.47 to –0.14; P<.001), with small effects. Small effects of Headspace versus Moodzone were found for depression
(b=–0.24, 95% CI –0.40 to –0.08; P=.003), anxiety (b=–0.19, 95% CI –0.32 to –0.06; P=.004), well-being (b=0.14, 95% CI
0.05-0.23; P=.002), mindfulness (b=0.22, 95% CI 0.09-0.34; P=.001), self-compassion (b=0.48, 95% CI 0.33-0.64; P<.001),
compassion for others (b=0.02, 95% CI 0.00-0.04; P=.04), and worry (b=–0.30, 95% CI –0.51 to –0.09; P=.005) but not for
burnout (b=–0.19, –0.04, and 0.13, all 95% CIs >0; P=.65, .67, and .35), ruminative brooding (b=–0.06, 95% CI –0.12 to 0.00;
P=.06), or sickness absence (γ=0.09, 95% CI –0.18 to 0.34). Per-protocol effects of Headspace (454/1095, 41.46%) versus
Moodzone (283/1087, 26.03%) over time were found for stress, self-compassion, and compassion for others but not for the other
outcomes. Engagement (practice days per week) and improvements in self-compassion during the initial 1.5-month intervention
period mediated pre- to postintervention improvements in stress. Improvements in mindfulness, rumination, and worry did not
mediate pre- to postintervention improvements in stress. No serious adverse events were reported.

Conclusions: An unguided digital MBSH intervention (Headspace) can reduce health care workers’ stress. Effect sizes were
small but could have population-level benefits. Unguided digital MBSH interventions can be part of the solution to reducing
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health care worker stress alongside potentially costlier but potentially more effective in-person mindfulness-based interventions,
nonmindfulness courses, and organizational-level interventions.

Trial Registration: International Standard Randomised Controlled Trial Number ISRCTN15424185; https://tinyurl.com/rv9en5kc

(JMIR Mhealth Uhealth 2022;10(8):e31744)   doi:10.2196/31744

KEYWORDS

self-help; mindfulness; randomized control trial; health care worker; National Health Service; NHS; doctors; nurses; stress; mental
health; burnout; mobile phone

Introduction

Background
Even before the COVID-19 pandemic, findings from
meta-analyses demonstrated a high prevalence of stress in health
care workers worldwide [1-3]. Stress is a vulnerability factor
for work-related burnout [4], anxiety, and depression [5], all of
which are disproportionately prevalent among health care
workers [6-8], and stress also increases the risk of several
long-term physical health conditions [9-11]. In the National
Health Service (NHS) in England, which employs >1.3 million
health care staff [12], 46.8% of staff reported feeling unwell
because of work-related stress [12], a figure that has steadily
risen since 2016. Almost one-quarter of the days lost to staff
sickness in the NHS are because of stress, anxiety, depression,
or other mental health problems [13], and similar concerns have
been noted in health care systems worldwide [14]. Moreover,
stress among health care workers can compromise patient
outcomes and safety [15]. The COVID-19 pandemic has further
exacerbated stress and distress for health care workers [16,17];
therefore, there is an urgent need to find effective, accessible,
and affordable ways of reducing health care workers’ stress.

Mindfulness involves intentionally bringing curiosity and
nonjudgmental awareness to present-moment experiences such
as thoughts, feelings, and physical sensations as they arise
[18,19]. Mindfulness-based interventions (MBIs) typically
involve teaching mindfulness in in-person group settings through
8-week courses such as mindfulness-based cognitive therapy
(MBCT) [20] and mindfulness-based stress reduction (MBSR)
[21], with mindfulness practice and teacher-led discussion of
practice being core intervention ingredients. There is substantial
evidence from meta-analyses of randomized controlled trials
(RCTs) that MBCT reduces the risk of relapse in people with
a history of recurrent depression [22] and that MBIs improve
symptoms of a range of mental health problems [23]. The degree
of engagement in mindfulness practice during MBIs is
associated with treatment outcomes [24], and MBI mechanisms
of action include mindfulness, rumination, worry, and
self-compassion [25].

The benefits of MBIs extend beyond clinical populations, with
RCTs demonstrating beneficial effects on stress in nonclinical
populations [26], including working adults [27] and, specifically,
health care workers [28-30]. However, there are several barriers
to health care workers attending in-person MBIs, including the
lack of availability [31]; high workplace demands [32,33] that
make it difficult for health care workers to find the time to
attend; and stigma-related concerns regarding negative social

judgments and disclosure and confidentiality, which are more
common among health care workers than among those working
in other settings [34].

Fortunately, mindfulness-based self-help (MBSH) has the
potential to increase opportunities for engagement with MBIs
through a plethora of MBSH books, web-based courses, and
available smartphone apps. In addition, meta-analyses of RCTs
of MBSH have indicated promising effects on stress and mental
health outcomes across a range of populations [35,36]. Digital
MBSH using smartphone apps has the potential to be particularly
accessible as it does not rely on the user having a computer or
book on hand to engage with the intervention when needed.
Headspace [37] is a smartphone app with >70 million users to
date worldwide [38]. There is emerging empirical literature
exploring the effectiveness of MBSH apps, including Headspace
[39]. Preliminary findings show potential benefits in nonclinical
samples, including health care workers; however, the study
sample sizes were too small to draw definitive conclusions
regarding this working population. Given the early stage of
research in this area and studies with small sample sizes, the
potential of unguided digital MBSH as a health care–wide
solution to reduce health care worker stress is yet to be explored
in an adequately powered trial. Although MBSH can effectively
reduce stress in a range of nonclinical populations, it is possible
that the particularly high demands of working in health care
[32,33] will mean that when offered at scale, health care staff
may struggle to engage with the intervention, leading to
disappointing outcomes. The learnings available from a
definitive trial of unguided digital MBSH are particularly
important in the current context of rising health care worker
stress during the COVID-19 pandemic.

Objectives
This study sought to overcome some of the methodological
limitations of previous related studies and extend our
understanding of the potential effects of unguided MBSH among
health care workers. The aim of this large multisite RCT was
to explore the effectiveness of unguided digital MBSH in
comparison with an active control condition (it should be noted
that comparisons with active controls are lacking in RCTs of
MBIs [29]) for health care workers in targeting stress (primary
outcome), mental health outcomes (depression, anxiety, and
well-being), work-related outcomes (work-related burnout,
sickness absence, and compassion for others), and proposed
mechanisms of action (intervention engagement, rumination,
worry, mindfulness, and self-compassion). To explore its
potential as a health care–wide intervention to reduce health
care worker stress, the trial recruited across the full range of
NHS organization types (general practitioner or primary care,
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hospital trusts, community trusts, mental health and/or learning
disability trusts, and ambulance trusts), across geographically
and sociodemographically diverse regions of England, and
across a range of NHS job roles (medical, nursing, allied health
professions, and psychological and wider health care support
roles). The primary hypothesis was that participants allocated
to unguided digital MBSH will show greater reductions in stress
from the baseline to postintervention time points (4.5 months
following randomization) in comparison with participants in
the active control trial arm. The secondary hypotheses were that
unguided digital MBSH will be more effective than active
control in improving mental health outcomes, work-related
outcomes, and potential mechanisms of action from baseline to
after the initial intervention period (1.5 months after
randomization) and from the baseline to postintervention time
points. Analyses examining whether intervention engagement
and improvements in mindfulness, self-compassion, worry, and
rumination mediated the effects of the intervention on
improvements in stress were planned to ascertain
intervention-specific mechanisms of action.

Methods

Trial Design and Ethics Approval
This study was a 2-arm superiority definitive RCT, with a 1:1
allocation and no stratification, comparing unguided digital
MBSH (Headspace [37]) with an active control group (the NHS
digital platform for work-related stress, Moodzone [40]).
Assessments were performed at 3 time points: baseline (time
point 1 [T1]), after the initial intervention period (time point 2
[T2]; 1.5 months after randomization), and at the
postintervention time point (time point 3 [T3]; 4.5 months after
randomization).

Ethics approval (reference ER/HT207/8) was provided by the
University of Sussex, and study approval was granted by the

Health Research Authority (reference 16/HRA/5525). The study
was prospectively registered on the International Standard
Randomised Controlled Trial Number register (reference
number: 15424185) [41].

Participants and Recruitment
Participants had to (1) be employed within an NHS Trust or
general practitioner practice in England, (2) be working in roles
that involved direct contact with patients for a minimum of 1
day per week, (3) be currently in work (ie, not on long-term
sickness absence), (4) be willing to refrain from engaging in
other psychological interventions during the course of the study,
(5) have regular personal access to an Apple, Android
smartphone, or tablet or a computer with internet access, (6) be
aged ≥18 years, and (7) have sufficient English language skills
to read and understand the intervention materials. There were
no additional exclusion criteria. Recruitment took place between
February 21, 2017, and September 18, 2018.

Sample size calculations were conducted using G*Power [42],
which indicated that 527 complete cases per study arm (1054
total) would be needed to detect a small between-group
difference of Cohen d=0.20 (P=.05; 90% power; 2-tailed) on
the primary outcome (stress at T3), with this estimate based on
a meta-analysis of MBSH on stress outcomes [36]. A
conservative estimate of a 50% study dropout rate was assumed
[35], giving a total required sample size of 2108 (n=1054 per
arm).

A total of 2182 participants were enrolled in the study
(completed baseline measures and were randomized); 1095
(50.18%) were randomized into the Headspace arm, and 1087
(49.82%) were randomized into the Moodzone arm. The
participant flow is shown in the CONSORT (Consolidated
Standards of Reporting Trials) diagram (Figure 1), and further
participant details are reported in the Results section.
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram showing participant flow. ITT: intention-to-treat.

Interventions

Headspace
The Headspace MBSH digital program [37] offers a range of
brief mindfulness-based practices alongside psychoeducational
materials. The Headspace MBSH digital program can be
accessed via a website [43] or an app available on the Apple
app store or Android Play store. Headspace offers a range of
mindfulness-based practices and psychoeducational animations,
including an introductory series that comprises daily sessions
designed to teach foundational mindfulness principles and
practices, as well as packs designed for more specific emotional
difficulties (eg, stress and anxiety) and brief SOS mindfulness
practices designed to be used in times of acute stress. Headspace
also offers guidance on informal mindfulness practices that can
be undertaken while performing everyday activities, such as
running and cycling, and there is written information, including
research evidence, related to mindfulness and a frequently asked
questions section. At the time of the study, mindfulness practices
were verbally guided by Andy Puddicombe, a founder of
Headspace with many years of experience in mindfulness
practice. For the introductory sessions, users were verbally
guided to bring nonjudgmental awareness to the body, breath,
thoughts, and feelings, with later sessions also inviting users to
bring awareness to difficulties arising during practice (eg,
boredom and restlessness) and behavioral choices. At the time
of recruitment, users were invited to start the Headspace
program by completing the Take Ten introductory pack, which
involved undertaking guided 10-minute mindfulness practices
daily for 10 consecutive days. Upon completion of the Take

Ten, participants were provided with unlimited access to the
full range of Headspace content. Although participants were
free to choose the content they engaged with, they were invited
to perform at least one 10-minute mindfulness practice daily
for the duration of the study. Although practices range in length
from 3 to 20 minutes, users can select the duration of most
sessions. As Headspace is a live product, the program structure
was nonstatic, and participants were able to access newly
released and changing content as it became available.

Moodzone
The NHS Moodzone psychoeducational digital platform [40]
was used as an active control. At the time of recruitment, the
website offered a range of evidence-based psychosocial
recommendations, advice, and guidance on how to manage
work-related stress and mental health difficulties effectively.
The initial web page was divided into the following sections:
“What causes work stress?” “How to manage work stress,”
“Learn to speak out,” “Spot the signs of work stress,” and “Who
else can help with work stress?”; each provided information
and recommendations or guidance relevant to the respective
questions. Moodzone also included information, videos, audio
tracks, podcasts, and links to other related resources. Participants
were invited to engage with the Moodzone website for 10
minutes per day for the duration of the study. It should be noted
that although very similar content is still available [44], the
Moodzone website used in this study is no longer active. As
with Headspace, a live nonstatic version of Moodzone was used
in the study, meaning that participants could access new and
changing content as it became available. Before this study,
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adequately powered Moodzone trials were not undertaken.
However, related evidence from a meta-analysis of RCTs
identified a significantly small effect (Cohen d=0.20; P=.04)
of passive psychoeducational interventions compared with
control conditions in reducing depression and psychological
distress at the postintervention time point [45].

Measures
Full details of the measures are shown in Multimedia Appendix
1 [4,46-55].

Participants completed the measures described in Textbox 1 at
T1, T2, and T3 unless stated otherwise.

Textbox 1. Participant measures.

Participant measures

• Short version of the 21-item Depression, Anxiety, and Stress Scale [46]; the Stress subscale was the primary outcome, with time point 3 (T3)
being the primary end point

• Short Warwick Edinburgh Mental Well-being Scale [47]

• Maslach Burnout Inventory [4]

• 15-item version (minus “observe”) of the Five Facets of Mindfulness Questionnaire [48]

• Self-Compassion Scale–Short Form [49]

• Compassionate Love Scale [50]

• Penn State Worry Questionnaire [51]

• Brooding subscale of the Ruminative Response Scale [52]

• Sickness absence measured at time point 1 [T1] and T3 was assessed using 1 item that asked participants to report how many days they had been
absent from work because of sickness during the past 3 months

• Demographic information assessed at T1 included participants’ age; gender; marital status; number of children aged <18 years; number of children
aged ≥18 years; National Health Service job role; trust and team; number of hours worked per week in the National Health Service job role;
highest level of education; individual and household annual incomes; ethnicity; and perceived relative socioeconomic status, with response
options from 1 (lowest) to 10 (highest) perceived socioeconomic status [53]

• Intervention expectancy at T1 (Credibility and Expectancy Questionnaire [54])

• Self-reported intervention engagement at time point 2 [T2] and T3:

• Formal engagement: self-reported average number of days per week spent following guided mindfulness meditation on Headspace or following
a recommended stress management or well-being strategy on the Moodzone web page

• Informal engagement: self-reported average number of days per week participants brought mindfulness to daily activities or recommended stress
management and well-being strategies from Moodzone into their daily lives; at T2, these questions were asked in relation to the past month, and
at T3, they were asked in relation to the past 3 months

• Intervention evaluations at T2 and T3: participants asked how likely they were to recommend the intervention to friends and family, how much
they really felt that their allocated intervention had helped their well-being, and how likely they were to continue practicing mindfulness (Headspace
participants) or stress management and well-being strategies (Moodzone participants) over the following 6 months

• Hypothesis guess at T3: participants asked to state what they thought the purpose of the study was

• Intervention deviations at T3: participants asked to indicate whether they had engaged in the alternative study intervention during the course of
the study

• Prior mindfulness experience at T3: participants asked to indicate their experiences of mindfulness before the study, including mindfulness-based
cognitive therapy, stress reduction, mindfulness-based self-help, and Headspace, and how often they practiced mindfulness

• Serious adverse events were recorded in accordance with the National Institute for Health Research Good Clinical Practice guidelines [55]

• Participants were also asked to indicate the extent to which they agreed or disagreed that they had experienced “lasting bad effects” from using
their allocated intervention (based on Crawford et al [56]); if the participants agreed or strongly agreed, they were asked to provide further details

Procedure
NHS staff were recruited via posters and leaflets in NHS
settings, invitation emails sent through NHS organizations, and
study advertisements on staff web pages or newsletters. Potential
participants were directed to the study website hosted by
Qualtrics XM [57], where they could read the participant
information and confirm their eligibility and informed consent
(Multimedia Appendix 2). After consenting, the participants
were emailed a weblink along with a unique ID code and asked

to self-complete the T1 measures on Qualtrics. Participants
completed T1 measures, which were allocated automatically to
Headspace or Moodzone using a 1:1 block randomization with
a block size of 4 by Qualtrics. To ensure allocation concealment,
the members of the research team responsible for collecting
data and communicating with participants were blinded to the
block size. Participants were informed of their random allocation
and subsequently asked to indicate their views on the credibility
and expectations of their assigned intervention.
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Following the completion of the T1 assessment, participants
were emailed information on how to access their allocated
intervention. Intervention participants were given 12 months
of free access to Headspace, and Moodzone was available free
of charge. Allowing 5 days for participants to receive this
information or download their intervention, participants were
invited to engage with their allocated intervention for 10 minutes
per day, every day during the initial 30-day study period. At 35
days after randomization, participants were emailed a link to
complete the T2 assessments on Qualtrics and invited to
continue engaging with their allocated intervention for 10
minutes per day during the remaining 90-day study period. On
average, T2 was completed at 1.5 months (SD 0.57) after
randomization. At 125 days after randomization, participants
were emailed a link to complete the T3 assessment on Qualtrics,
with T3 completed at an average of 4.5 months (SD 0.53) from
randomization. At this point, the participants who completed
the study were given access to the alternative intervention.

Participants who did not complete assessments within 1 week
of them being sent were reminded to do so via email. One
reminder email was sent for completion of the T1 assessments,
and a maximum of 4 reminder emails at weekly intervals were
sent for T2 and T3 assessments. The research team was available
to answer technical questions or queries via email. No further
support was provided.

To improve trial quality and blind participants to the study
condition and direction of study hypotheses, advertisements
about the study simply referred to both conditions as “online
interventions to reduce NHS staff stress,” and details of the
alternative or nonallocated intervention were not communicated
to participants until T3 assessments (after outcome and
engagement measures had been taken). As all assessments were
completed on the web without researchers present, the potential
for researcher bias to influence assessment outcomes was
minimized. All but the mediation analysis was conducted blind
to the study arm.

Participants were given the option to enter a prize draw to win
1 of 5 gift vouchers for £50 (US $60).

Data Analysis Plan
Descriptive statistics are reported by trial arm and time as means
and SDs (for continuous data), medians and IQRs (for ordinal
data), and counts and percentages (for categorical data). Data
analysis was conducted using SPSS (version 25; IBM Corp)
[58] and R (version 4.0.2; R Foundation for Statistical
Computing) [59] and the following packages: emmeans [60],
lme4 [61], mice [62], papaja [63], and tidyverse [64].

Handling Missing Data
A minimal number of items were missing at the item level, and
missing values for missing items were imputed (using a single
imputation) using predictive mean matching in mice [65]. At
the scale level, multiple imputation was used to handle missing
values. Further details are provided in Multimedia Appendix 3
[60-62].

Model Selection
As participants were nested within job roles (level 3), there are
good reasons for model variations in intervention effects
between job roles [66]. There is participant-level randomization
to intervention arms in such a model, and job roles act as a
crossed effect. We can think of time (i) as being nested within
participants (j), which is nested within job roles (k); however,
the effect of the treatment arm occurs at level 2 (the participant
level), not level 3 (the job role level), of the hierarchy. This
situation is described by the model given in Textbox 2.

This saturated model includes random effects for time, trial arm,
and their interaction at level 3. However, this model resulted in
convergence problems that yielded erratic estimates of random
effects involving the trial arm in the raw sample and nearly all
imputed samples. On the basis of this preanalysis, a simpler
model seemed more appropriate, in which only time was treated
as a random effect and only at level 2. However, to model level
3 variability in outcomes, a random intercept (at level 3) was
included. This simpler model converged in all the imputed
samples. The resulting model is described in Textbox 3 (notice
that at level 3, a total of 2 random effects have been knocked
out).

To sum up, the hypotheses were tested using a growth model
fit as a general linear mixed model, with observations (level 1)
nested within participants (level 2) nested within job roles (level
3). Time (time from baseline at which responses were recorded)
and trial arm were predictors. The effect of the intervention was
quantified and tested with the interaction between time and trial
arm, which shows the degree to which the change in the outcome
over time is different between the 2 trial arms. Between-group
effects were reported separately at T2 and T3 in the event of
significant (P<.05) trial arm × time interactions. The primary
analysis was conducted on the intention-to-treat (ITT) sample
with multiple imputed data sets. Secondary analysis was
conducted on the per-protocol sample (formal engagement
T1-T2 on at least 3 days per week [67]) with the multiple
imputed data sets.

Details of the plan for reliable change analysis, mediation
analysis, and randomization check can be found in Multimedia
Appendix 4 [13,18,25,29,30,36,56,67-72].
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Textbox 2. The saturated model showing the data structure.

Level 1

•
Depression, Anxiety, and Stress Scale–Stressijk= π0jk+ π1jkTimeijk+ ijk

Level 2

• π0jk= γ00k+ γ01kTrial armjk+ ζ0jk

• π1jk= γ10k+γ11kTrial armjk+ ζ1jk

Level 3

• γ00k= δ000+υ0k

• γ10k= δ100+υ1k

• γ01k= δ010+υ2k

• γ11k= δ110+υ3k

Textbox 3. The fitted model.

Level 1

•
Depression, Anxiety, and Stress Scale–Stressijk= π0jk+ π1jTimeijk+ ijk

Level 2

• π0jk= γ00k+ γ01Trial armjk+ ζ0jk

• π1j=γ11Trial armjk+ ζ1jk

Level 3

• γ00k= δ000 + υ0k

Results

Overview
Table 1 presents the demographic characteristics of the
participants by study arm, and Table 2 presents descriptive
statistics on all outcome measures at all time points by study
arm. Table 1 shows that participants represented a broad range
of NHS Trust types and health care professions. As would be
expected of a health care workforce, most participants were
educated to at least an undergraduate degree level and were
earning, on average, the median UK annual salary; most

participants were working full-time. Participants covered the
full working age spectrum, although they were
disproportionately White and female. For the randomization
check, all Bayes factors were very close to 0, suggesting very
strong evidence for the null hypothesis: randomization was
successful in balancing demographic and baseline measurements
across the 2 trial arms (Multimedia Appendix 5). There were
also no differences in dropout rates between the trial arms. A
formal analysis using a multilevel generalized linear model,
with a random intercept, predicting dropout (1=in the study and
0=dropped out) from the trial arm, study wave (as a categorical
variable), and their interaction showed no significant effects.
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Table 1. Demographic characteristics of participants (N=2182).

HeadspaceMoodzoneCharacteristics

Highest educational achieved, n (%)

69 (3.16)62 (2.84)GCSEa or NVQ 2b or below (equivalent to not completing high school)

124 (5.68)132 (6.05)A-level or equivalent (equivalent to completing high school)

474 (21.72)430 (19.71)Undergraduate degree

429 (19.66)462 (21.17)Postgraduate degree

2 (0.09)2 (0.09)Other

Ethnicity, n (%)

12 (0.55)13 (0.6)Black

1021 (46.79)998 (45.74)White

37 (1.7)50 (2.29)Asian

19 (0.87)21 (0.96)Mixed or multiple

4 (0.18)2 (0.09)Other

Gender, n (%)

909 (41.66)906 (41.52)Female

181 (8.3)175 (8.02)Male

0 (0)0 (0)Transgender female

1 (0.05)0 (0)Transgender male

0 (0)0 (0)Nonbinary

1 (0.05)1 (0.05)Other

4 (0.18)3 (0.14)Prefer not to say

40.64 (11.02; 18-80)40.42 (10.92; 19-67)Age (years), mean (SD; range)

5.66 (1.49; 1-10)5.66 (1.50; 1-10)Perceived socioeconomic status (1-10), mean (SD; range)

Hours worked per week, n (%)

277 (12.69)261 (11.96)≤30 hours

819 (37.53)825 (37.81)>30 hours per week

25,000-30,000 (20,000-
25,000 to 35,000-40,000)

25,000-30,000 (20,000-
25,000 to 35,000-40,000)

Individual income (£), median (IQR; average exchange rate at the time of the study was
£1=US $1.33)

Marital status, n (%)

788 (36.11)800 (36.66)Living with partner, married, or civil partnership

307 (14.07)286 (13.11)Single

Role, n (%)

208 (9.53)180 (8.25)Allied Health Professional (eg, speech therapist and occupational therapist)

78 (3.57)89 (4.08)Physician

51 (2.34)51 (2.34)Manager

301 (13.79)284 (13.02)Nurse

112 (5.13)93 (4.26)Psychologist, psychological therapist, or practitioner

193 (8.85)216 (9.9)Wider health care team

175 (8.02)187 (8.57)Other

NHSc Trust type, n (%)

319 (14.62)334 (15.31)Acute (hospital)

71 (3.25)81 (3.71)Ambulance

288 (13.2)293 (13.43)Combined (multiple Trust types within one Trust)
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HeadspaceMoodzoneCharacteristics

65 (2.98)66 (3.02)Community

77 (3.53)54 (2.47)GPd

264 (12.1)245 (11.23)Mental health

aGCSE: General Certificate of Secondary Education.
bNVQ 2: National Vocational Qualification level 2.
cNHS: National Health Service.
dGP: general practitioner.
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Table 2. Descriptive statistics on all outcome measures at all time points (raw complete case data; N=2182).

Time point 3 (4.5 months)Time point 2 (1.5 months)Time point 1 (baseline)Measure and arm

95% CIValues,
mean (SD)

Values, n
(%)

95% CIValues,
mean (SD)

Values, n
(%)

95% CIValues,
mean (SD)

Values, n
(%)

DASS-21a Stress (primary outcome)

13.79 to
15.15

14.47 (8.11)552 (25.29)13.36 to
14.49

13.92 (7.65)701 (32.13)15.78 to
16.71

16.24 (7.80)1087 (49.82)Moodzone

11.74 to
13.03

12.39 (7.85)571 (26.17)12.34 to
13.38

12.86 (7.06)715 (32.77)15.23 to
16.11

15.67 (7.40)1095 (50.18)Headspace

DASS-21 Depression

8.86 to
10.31

9.58 (8.66)552 (25.29)8.99 to
10.23

9.61 (8.37)701 (32.13)10.23 to
11.21

10.72 (8.26)1087 (49.82)Moodzone

7.21 to
8.53

7.87 (8.03)571 (26.17)7.79 to
8.88

8.34 (7.41)715 (32.77)9.83 to
10.75

10.29 (7.76)1092 (50.05)Headspace

DASS-21 Anxiety

6.85 to
8.05

7.45 (7.19)552 (25.29)6.90 to
7.95

7.42 (7.1)701 (32.13)8.62 to
9.51

9.06 (7.43)1087 (49.82)Moodzone

5.43 to
6.50

5.97 (6.49)571 (26.17)6.02 to
6.93

6.47 (6.26)716 (32.81)8.16 to
8.99

8.58 (6.99)1095 (50.18)Headspace

SWEMWBSb Well-being

21.89 to
22.65

22.27 (4.44)525 (24.06)22.12 to
22.75

22.43 (4.16)678 (31.07)21.22 to
21.65

21.43 (3.61)1087 (49.82)Moodzone

22.76 to
23.49

23.12 (4.41)550 (25.21)22.41 to
23.00

22.7 (3.99)704 (32.26)21.35 to
21.79

21.57 (3.68)1095 (50.18)Headspace

Maslachc Emotional Exhaustion

23.26 to
25.39

24.33
(12.47)

531 (24.34)23.40 to
25.22

24.31
(12.06)

678 (31.07)25.49 to
26.91

26.2 (11.81)1068 (48.95)Moodzone

22.21 to
24.33

23.27
(12.69)

552 (25.29)22.81 to
24.61

23.71
(12.15)

703 (32.22)24.93 to
26.37

25.65
(12.08)

1080 (49.5)Headspace

Maslach Depersonalization

5.18 to
6.18

5.68 (5.84)530 (24.29)5.21 to
6.06

5.64 (5.63)677 (31.03)5.47 to
6.16

5.82 (5.72)1067 (48.9)Moodzone

5.03 to
5.98

5.51 (5.67)552 (25.29)4.97 to
5.79

5.38 (5.48)701 (32.13)5.40 to
6.09

5.75 (5.75)1077 (49.36)Headspace

Maslach Personal Accomplishment

35.72 to
37.09

36.4 (7.98)529 (24.24)36.64 to
37.70

37.17 (6.98)677 (31.03)36.08 to
36.92

36.5 (7.02)1065 (48.81)Moodzone

36.77 to
38.01

37.39 (7.4)551 (25.25)36.67 to
47.73

37.2 (7.19)702 (32.17)36.01 to
36.82

36.42 (6.74)1074 (49.22)Headspace

FFMQ-15d (minus Observe subscale)

39. 27 to
40.52

39.89 (7.48)551 (25.25)39.27 to
40.33

39.8 (7.24)709 (32.49)37.91 to
38.74

38.33 (7.04)1085 (49.73)Moodzone

40.38 to
41.47

40.93 (6.68)57439.69
to40.65

40.17 (6.59)717 (32.86)37.82 to
38.62

38.22 (6.7)1092 (50.05)Headspace

SCS-SFe Self-Compassion

35.51 to
37.07

36.29 (9.29)544 (26.31)35.57 to
36.99

36.28 (9.43)688 (31.53)33.58 to
34.65

34.11 (9.03)1085 (49.73)Moodzone

37.44 to
38.99

38.22 (9.34)560 (25.66)36.62 to
37.99

37.3 (9.3)710 (32.54)33.33 to
34.38

33.86 (8.88)1093 (50.09)Headspace

PSWQf Worry
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Time point 3 (4.5 months)Time point 2 (1.5 months)Time point 1 (baseline)Measure and arm

95% CIValues,
mean (SD)

Values, n
(%)

95% CIValues,
mean (SD)

Values, n
(%)

95% CIValues,
mean (SD)

Values, n
(%)

50.35 to
52.95

51.65
(15.18)

526 (24.11)50.22 to
52.44

51.33
(14.65)

677 (31.03)53.34 to
55.06

54.2 (14.43)1086 (49.77)Moodzone

48.15 to
50.58

49.37
(14.45)

549 (25.16)49.22 to
51.34

50.28
(14.33)

704 (32.26)52.67 to
54.38

53.53
(14.44)

1095 (50.18)Headspace

RRSg Rumination (Brooding)

9.61 to
10.20

9.91 (3.45)519 (23.79)9.71 to
10.24

9.97 (3.51)677 (31.03)10.49 to
10.89

10.69 (3.43)1087 (49.82)Moodzone

9.17 to
9.73

9.45 (3.35)548 (25.11)9.50 to
9.98

9.74 (3.19)703 (32.22)10.19 to
10.58

10.39 (3.35)1096 (50.23)Headspace

CLSh Compassion for Others

4.29 to
4.61

4.5 (1.24)518 (23.74)4.55 to
4.73

4.64 (1.15)675 (30.93)4.71 to
4.84

4.77 (1.1)1085 (49.73)Moodzone

4.59 to
4.79

4.69 1.17 ()540 (24.75)4.67 to
4.84

4.75 (1.12)702 (32.17)4.71 to
4.84

4.78 (1.09)1094 (50.14)Headspace

Sickness absence (days in past month)

1.48 to
2.60

2.04 (6.86)573 (26.26)———i1.99 to
2.88

2.44 (7.45)1086 (49.77)Moodzone

1.58 to
2.87

2.23 (7.99)593 (27.18)———1.93 to
2.77

2.35 (7.08)1095 (50.18)Headspace

Formal engagement (days/week)

1.21 to
1.49

1.35 (1.65)522 (23.92)2.17 to
2.48

2.33 (2.01)653 (29.93)N/AN/AN/AjMoodzone

2.00 to
2.32

2.16 (1.91)544 (26.31)3.39 to
3.73

3.56 (2.26)679 (31.12)N/AN/AN/AHeadspace

Informal engagement (days/week)

1.25 to
1.55

1.4 (1.77)520 (23.83)2.04 to
2.36

2.2 (2.08)654 (29.97)N/AN/AN/AMoodzone

2.81 to
3.18

3 (2.18)544 (26.31)2.75 to
3.09

2.92 (2.22)679 (31.12)N/AN/AN/AHeadspace

CEQk credibility

——————−0.72 to
−0.44

−0.58l (2.41)1080 (49.5)Moodzone

——————0.43 to
0.73

0.58l (2.55)1082 (49.59)Headspace

Expectancy

——————−0.56 to
−0.24

−0.40l (2.70)1081 (49.54)Moodzone
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Time point 3 (4.5 months)Time point 2 (1.5 months)Time point 1 (baseline)Measure and arm

95% CIValues,
mean (SD)

Values, n
(%)

95% CIValues,
mean (SD)

Values, n
(%)

95% CIValues,
mean (SD)

Values, n
(%)

——————0.23 to
0.56

0.39l (2.80)1091 (50)Headspace

aDASS-21: 21-item Depression, Anxiety, and Stress Scale.
bSWEMWBS: Short Warwick Edinburgh Mental Well-being Scale.
cMaslach Burnout Inventory.
dFFMQ15: 15-item Five Facets of Mindfulness Questionnaire.
eSCS-SF: Self-Compassion Scale–Short Form.
fPSWQ: Penn State Worry Questionnaire.
gRRS: Ruminative Response Scale.
hCLS: Compassionate Love Scale.
iNot available.
jN/A: not applicable.
kCEQ: Credibility and Expectancy Questionnaire.
lMeans created from subscale totals of z scores [54].

Primary Outcome (Stress)

ITT Analysis
Table 3 shows that the main effects of trial arm (Headspace or
Moodzone) and time (months) were significant, as was the
crucial trial arm × month interaction, which indicates that the
trajectories of the 21-item Depression, Anxiety, and Stress Scale
(DASS-21) Stress scores over time differed significantly
between the 2 trial arms for the ITT sample (Figure 2). The
parameter value (b=−0.31) tells us that the rate of change
(gradient) over time was −0.31 points greater on the DASS-21
Stress subscale per month in the Headspace arm than in the
Moodzone arm. Specifically, for every month that passed,
DASS-21 stress scores changed by −0.23 units on the scale in
the Moodzone group compared with a corresponding change
of −0.54 units in the Headspace group (ie, a difference between
arms of −0.31 units per month).

To break down this effect, comparisons were made between the
estimated marginal means of the outcome from the model at
1.5 (T2) and 4.5 (T3) months in the 2 arms. In the Moodzone

arm, stress was significantly higher at baseline than at both 1.5
months (b=0.34, SE 0.09; P<.001) and 4.5 months (b=1.03, SE
0.26; P<.001). Stress was also significantly higher at 1.5 months
than at 4.5 months (b=0.69, SE 0.18; P<.001). Similarly, in the
Headspace arm, stress was significantly higher at baseline than
at both 1.5 months (b=0.81; SE 0.08; P<.001) and 4.5 months
(b=2.42, SE 0.25; P<.001), and significantly higher at 1.5
months than at 4.5 months (b=1.61, SE 0.17; P<.001). The b
values represent the difference in the estimated marginal means;
they show that, for example, at 4.5 months, the decrease in
DASS-21 Stress compared with baseline was 1.03 points in the
Moodzone arm and 2.42 points in the Headspace arm. In other
words, at 4.5 months after randomization, Moodzone reduced
DASS-21 Stress scores by approximately 1 point along the
42-point scale, and the equivalent change for Headspace was a
reduction of approximately 2.5 points along the scale. In
addition, the difference in estimated marginal means between
the 2 arms was b=0.62 (SE 0.31; P=.045) at baseline, b=1.08
(SE 0.30; P<.001) at 1.5 months, and b=2.00 (SE 0.42; P<.001)
at 4.5 months (the preregistered primary end point).

Table 3. Model for the 21-item Depression, Anxiety, and Stress Scale Stress (intention-to-treat sample with multiple imputation).

P valuet test (df)Unstandardized b (SE; 95% CI)Effect

<.00138.41 (6054.49)15.33 (0.40; 14.55 to 16.11)Intercept

.045−2.01 (5129.90)−0.62 (0.31; –1.23 to –0.01)Trial arm

<.001−3.92 (165.07)−0.23 (0.06; –0.35 to –0.11)Months

<.001−3.64 (151.13)−0.31 (0.08; –0.47 to –0.14)Trial arm × month
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Figure 2. DASS-21 Stress scores over time (intention-to-treat complete case sample). Each triangle represents a Headspace participant, and each circle
represents a Moodzone participant. DASS-21: 21-item Depression, Anxiety, and Stress Scale.

Per-Protocol Analysis
The per-protocol sample included only participants who formally
engaged with their allocated intervention at least 3 days per
week during the initial intervention period (T1-T2). Multimedia
Appendix 6 shows a significant trial arm × month interaction,
indicating that the trajectories of stress over time differed
significantly between the 2 trial arms. The rate of change over
time was −0.28 DASS-21 Stress units greater per month in the
Headspace arm than in the Moodzone arm. Specifically, in the
Moodzone arm, the rate of change over time was −0.42, which
means that for every month that passed, DASS-21 Stress scores
decreased by 0.42 points; however, in the Headspace, arm the
rate of change over time was −0.70 (a difference of −0.28
between arms), which means that for every month that passed,
DASS-21 Stress decreased by 0.70 points.

In the per-protocol sample in the Moodzone arm, stress was
significantly higher at baseline than at both 1.5 months (T2;
b=0.63, SE 0.16; P<.001) and 4.5 months (T3; b=1.88, SE 0.47;
P<.001). Stress was also significantly higher at 1.5 months than
at 4.5 months (b=1.26, SE 0.31; P<.001). Similarly, in the
Headspace arm, stress was significantly higher at baseline than
at both 1.5 months (b=1.05, SE 0.12; P<.001) and 4.5 months
(b=3.14, SE 0.35; P<.001) and significantly higher at 1.5 months
than at 4.5 months (b=2.09, SE 0.24; P<.001). The b values
represent the difference in the estimated marginal means; they
show that, for example, at 4.5 months the decrease in stress
compared with baseline was 1.88 points in the Moodzone arm
and 3.14 points in the Headspace arm. In addition, the difference
in estimated marginal means between the 2 arms was not
significant at baseline (b=0.24, SE 0.52; P=.65) or at 1.5 months
(b=0.66, SE 0.48; P=.17) but was significant at 4.5 months
(b=1.50, SE 0.62; P=.02).

Reliable Change
Multimedia Appendix 7 provides tables for the reliable change
analysis. Overall, 20.5% (71/347) of Moodzone and 29.7%
(102/343) of Headspace participants who scored at least in the
mild stress range at T1 showed reliable improvement from T1
to T2 in stress, with 2.9% (10/347) and 2% (7/343) showing
reliable deterioration, respectively. From T1 toT3, approximately
24.1% (66/247) of Moodzone and 36.8% (100/272) of
Headspace participants scored at least in the mild stress range
at T1 and showed reliable improvement in stress, with 2.9%
(8/274) and 4% (11/272) showing reliable deterioration. The
trial arm significantly predicted reliable improvement (compared
with no change) at both T2 and T3. At T2, the odds of being
classified as having reliable improvement were 1.45 higher in
the Headspace than in the Moodzone arm, and 95% CIs did not
cross 1 (95% CI 1.05-2.01). At T3, the odds of being classified
as having reliable improvement were 1.48 higher in the
Headspace than in the Moodzone arm, with 95% CIs not
crossing 1 (95% CI1.09-2.02). The odds of being classified as
showing reliable deterioration in stress were not different
between arms at either T2 (odds ratio 0.71, 95% CI 0.29-1.73)
or T3 (odds ratio 1.26, 95% CI 0.55- 2.92) as 95% CIs crossed
1.

Secondary Outcomes and Additional Analyses
The findings from the ITT analysis of secondary outcomes are
shown in Table 4. Further details on the secondary outcomes
and additional analyses are provided in Multimedia Appendix
4 [13,18,25,29,30,36,56,67-72] and details of the analysis of
lasting negative effects are provided in Multimedia Appendix
8.
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Table 4. Overall trial arm × time effects of the intervention on all outcomes for the intention-to-treat sample with multiple imputation (Moodzone

N=1087 and Headspace N=1095 on the primary outcome)a.

Differences between arms at 4.5
months

Differences between arms at 1.5
months

P valuet test (df)Difference between arms
per month, unstandard-
ized b (SE; 95% CI)

Measure

Hedges

gc
P valueUnstandard-

izedbb (SE)

Hedges

gc
P valueUnstandard-

izedbb (SE)

0.26<.0012.00 (0.42)0.14<.0011.08 (0.30)<.001−3.64 (151.13)−0.31 (0.08; −0.47 to
−0.14)

DASS-21d

Stress

0.22<.0011.36 (0.34)0.14.040.78 (0.27).004−2.94 (218.51)−0.19 (0.07; −0.32 to
−0.06)

DASS-21 Anxi-
ety

0.20.0011.65 (0.43)0.16.0050.92 (0.32).003−3.02 (211.23)−0.24 (0.08; −0.40 to
−0.08)

DASS-21 De-
pression

0.19<.001−0.77 (0.21)0.07.02−0.35 (0.15).0023.16 (289.19)0.14 (0.04; 0.05 to 0.23)SWEMWBSe

Well-being

0.08N/AN/A0.05N/AN/Ag.07−1.85 (372.00)−0.19 (0.10; −0.39 to
0.01)

Maslachf Emo-
tional Exhaus-
tion

0.03N/AN/A0.05N/AN/A.35−0.94 (321.54)−0.04 (0.05; −0.14 to
0.05)

Maslach Deper-
sonalization

0.13N/AN/A0.00N/AN/A.071.84 (251.87)0.13 (0.07; −0.01 to 0.27)Maslach Person-
al Accomplish-
ment

0.15.006−0.96 (0.35)0.05.26−0.31 (0.28).0013.38 (298.64)0.22 (0.06; 0.09 to 0.34)FFMQ-15h (mi-
nus Observe)

0.21<.001−2.21 (0.46)0.11.04−0.76 (0.37)<.0016.05 (201.36)0.48 (0.08; 0.33 to 0.64)SCS-SFi Self-
Compassion

0.16.12−0.09 (0.06)0.10.48−0.03 (0.05).042.07 (144.19)0.02 (0.01; 0.00 to 0.04)CLSj Compas-
sion for Others

0.15.0032.06 (0.69)0.07.051.15 (0.59).005−2.83 (278.67)−0.30 (0.11; −0.51 to
−0.09)

PSWQk Worry

0.14N/AN/A0.07N/AN/A.06−1.91 (349.8)−0.06 (0.03; −0.12 to
0.00)

RRSl Rumina-
tion (Brooding)

aA negative value for b is in favor of Headspace for the DASS-21 subscales, RRS Brooding, and PSWQ Worry; a positive value for b is in favor of
Headspace for the SWEMWBS, FFMQ-15 (minus Observe), SCS-SF Self-Compassion, and CLS Compassion for Others.
bUnstandardized effects at 1.5 and 4.5 months were only reported in the event of a significant trial arm × time interaction.
cHedges g is the difference between trial arms at time point 2 and time point 3 based on raw data.
dDASS-21: 21-item Depression, Anxiety, and Stress Scale.
eSWEMWBS: Short Warwick Edinburgh Mental Well-being Scale.
fMaslach Burnout Inventory.
gN/A: not applicable.
hFFMQ15: 15-item Five Facets of Mindfulness Questionnaire.
iSCS-SF: Self-Compassion Scale–Short Form.
jCLS: Compassionate Love Scale.
kPSWQ: Penn State Worry Questionnaire.
lRRS: Ruminative Response Scale.

Intervention Engagement
Multimedia Appendix 9 shows the self-reported engagement
with each intervention. Time was treated categorically (1.5 vs
4.5 months). The model was fitted is as follows:

Level 1: DASS-21ij=π0j + π1 × Timeij + ij

Level 2: π0j=γ00 + γ01 × Trial armj + ζ0j

In the ITT sample, Headspace participants engaged with their
allocated intervention formally and informally on more days
per week than Moodzone participants, both between T1 and T2
(b=−1.32, SE 0.11; P<.001 and b=−0.79, SE 0.11; P<.001,
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respectively) and between T2 and T3 (b=−0.70, SE 0.10; P<.001
and b=−1.55, SE 0.12; P<.001).

Mediation Analysis
Formal engagement (practice days per week) from T1 to T2
mediated the effect of trial arm on T1 to T3 improvements in
stress using complete case data within the per-protocol sample
(582/2182, 26.67%) as 95% CIs did not cross 0 (95% CI −0.097
to −0.006). Similarly, improvement in self-compassion at T1
and T2 significantly mediated T1 to T3 improvement in stress
for per-protocol participants (95% CI −0.144 to −0.022).
However, improvements in mindfulness, worry, and rumination
(brooding) at T1 and T2 did not significantly mediate
improvement in stress from T1 to T3 for per-protocol
participants, as all 95% CIs crossed 0 (mindfulness: 95% CI
−0.107 to 0.029; worry: 95% CI −0.069 to 0.025; brooding:
95% CI −0.046 to 0.037). Overall, the mediation analysis
findings suggest that the greater improvement in stress in the
Headspace arm in comparison with the Moodzone arm was
driven, at least in part, by engagement on more days per week
in formal practices and exercises and greater improvement in
self-compassion (but not in mindfulness, worry, or rumination)
in the Headspace arm during the initial intervention period.

Intervention Credibility and Expectancy
At T1, between-group differences in intervention credibility
and expectancy were assessed via standardized totals of the first
and last 3 items of the Credibility and Expectancy Questionnaire,
respectively. Headspace was rated as significantly more credible
than Moodzone (t2164.81=−10.88; P<.001; Cohen d=0.47).
Significantly more positive expectancy ratings were also
observed for Headspace compared with Moodzone (t2170=−6.70;
P<.001; Cohen d=0.29).

Awareness of Study Purpose
At T3, only 0.68% (8/1171) of the participants indicated a clear
awareness of the study hypothesis. Most of these participants
(7/1171, 0.59%) were allocated to Moodzone. The analysis was
not conducted between the arms, given the small numbers
involved.

Discussion

Principal Findings
In this study, we examined whether an unguided digital MBSH
intervention (Headspace) was effective in reducing health care
worker stress when compared with an active control condition
(Moodzone) that was matched for duration and medium (ie,
digitally delivered). In contrast to previous studies, this was a
fully powered, multisite definitive RCT with patient-facing
NHS staff working in a broad range of health care roles and
across a broad range of health care organization types, allowing
definitive conclusions to be drawn and findings to be
generalized.

Primary Outcome
The stress in both arms improved over time. In comparison with
Moodzone, Headspace participants showed a significantly
greater reduction in stress (the preregistered primary outcome)

over the 4.5-month course of the study, with significant but
small differences between trial arms at 1.5 and 4.5 months (the
primary endpoint). Headspace participants showed an average
reduction in stress over the study period of almost 2.5 points
on the 42-point scale, which was over twice the improvement
in stress experienced by Moodzone participants. Compared with
Moodzone participants, Headspace participants were
significantly more likely to experience reliable improvements
in stress, both from T1 to T2 and T1 to T3.

The between-group effect on stress at the preregistered primary
end point was small (Hedges g=0.26), consistent with relevant
evidence from 2 recent meta-analyses. For example, Spijkerman
et al [36] identified significantly lower levels of stress for
unsupported web-based mindfulness and acceptance-based
self-help interventions than for control conditions at the
postintervention time point among nonclinical samples, with a
small effect (Hedges g=0.19), whereas a more recent systematic
review and meta-analysis conducted by the study team [73]
observed a similarly small and statistically significant
between-group postintervention effect on stress when unguided
MBSH was compared with active control conditions among
nonclinical samples (mirroring the design of this study; Hedges
g=0.20). As such, the modest reductions in stress observed in
this study appear to be in keeping with the effects observed for
unguided MBSH in the broader literature, and taken together,
these observed effects suggest that a small and specific benefit
may be associated with such interventions.

Medium to large between-group effects on stress have been
reported for the well-established MBSR course in comparison
with active and inactive control conditions (Hedges g=0.77)
[29] and for a newly developed version of MBCT for the
workplace, MBCT for Life (MBCT-L), in comparison with
wait-list (Cohen d=0.72) [30]. Although it is not possible to
directly compare with this study because of differences in
control conditions, it is likely that these in-person, guided, and
more intensive courses are more effective than unguided MBSH.
However, there are several barriers to extending the reach of
these courses. First, there are not enough mindfulness teachers
working in the NHS to offer MBIs to patients in line with the
National Institute of Health and Clinical Excellence guidelines
[74], let alone to offer MBSR or MBCT-L courses to NHS staff.
Second, stigma-related concerns among health care workers
about accessing mental health support [34] may hinder uptake,
even if in-person MBIs are available. Third, many health care
workers struggle to commit to the highly structured and
time-intensive nature of traditional MBIs [32,33].

Our study also extends the findings of meta-analyses of RCTs
exploring the effects of digital interventions for stress
management in the workplace more broadly. When considering
smartphone apps specifically, a recent RCT of an unguided
non-MBI workplace stress management app based on the Job
Demands-Resources Model [75] in comparison with a wait-list
found a similarly small effect on stress 6 weeks after
randomization (Cohen d=0.14) [76]. When considering digital
resources more broadly, Heber et al [77] examined the effects
of web- and computer-based interventions based on cognitive
behavioral therapy (CBT), third-wave CBT (eg, mindfulness
and acceptance and commitment therapy), and non–CBT-based
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interventions (eg, present control interventions and career
identity training for stress management) compared with control
conditions among nonclinical populations experiencing stress
and found a significant between-group postintervention
reduction in stress when looking at unguided interventions, with
a small effect (Cohen d=0.33). In addition, Carolan et al [78]
identified significant between-group postintervention
improvements in psychological well-being (which included
measures of stress), with a small effect (Hedges g=0.37), when
comparing mainly CBT-based web-delivered interventions with
control conditions in the workplace. However, many of the
studies considered in these reviews used wait-list control
conditions and included guided interventions, which is likely
to have contributed to the magnitude of the observed effects.

Unguided digital MBSH interventions, such as Headspace, offer
the potential to provide mindfulness training to NHS workers
at a scale without the need for a trained mindfulness teacher on
site, thus enabling workers to engage with an MBI at a time,
place, and pace that suits them. However, to optimize the
benefits available from such interventions, it is important that
they are offered in a supportive workplace context; are aligned
with organizational values, goals, and practices; and protected
time and space are available for such self-care [79].

We do not contend that MBSH could or should replace in-person
MBIs for NHS workers, given the likely larger effect of
in-person courses; however, unguided MBSH interventions
could be part of a solution to widening access to mindfulness
training while simultaneously endeavoring to find ways of
increasing the availability of in-person MBIs. Additional costs
associated with providing trained practitioners also put unguided
MBSH at an advantage over guided MBSH interventions, as
they have the potential to be made more widely available.
However, a disadvantage is that effectiveness similarly appears
to be reduced, with Spijkerman et al [36] finding significantly
smaller between-group effects for mindfulness- and
acceptance-based self-help interventions that were unguided
(Hedges g=0.19) compared with guided interventions (Hedges
g=0.89). Therefore, what is gained in the widening reach may
be lost in reducing the benefits. However, there is emerging
evidence that book-based unguided MBSH may produce larger
effect sizes than digital MBSH and a direct head-to-head
comparison of MBSH formats (especially book vs digital) is
warranted [73].

Intervention Engagement
In comparison with Moodzone, Headspace participants reported
a significantly greater number of days spent formally engaging
with mindfulness practice. Self-reported practice engagement
in the Headspace arm averaged 3.5 days per week during the
initial intervention period and 2 days per week during the
follow-up period. As such, our findings suggest that sustained
commitment to even brief mindfulness practice is challenging
for many health care workers; therefore, the reduced practice
times afforded by MBSH may provide a more viable alternative
to mindfulness training. Interestingly, although daily practice
at home is encouraged in MBCT or MBSR, it appears that
greater benefits for mental health are seen when people practice
at least 3 days a week during the initial intervention period, as

compared with people who practice <3 days a week [67]. In
this study, 66.6% (452/679) and 37.9% (206/544) of Headspace
participants said that they practiced at least 3 days a week at T2
and T3, respectively.

Per-protocol analyses were also conducted to examine the effects
of Headspace compared with Moodzone for only those
participants who reported formally engaging with their allocated
intervention ≥3 days per week during the initial intervention
period (based on Crane et al [67]). This shows the overall
beneficial effects of Headspace over time in comparison with
Moodzone. However, although there were significant
between-group effects at T3 in favor of Headspace,
between-group effects at T2 were no longer significant.
Moreover, most effects of secondary outcomes over time were
nonsignificant in the per-protocol analysis. If Headspace
engagement is the active ingredient of change, per-protocol
effects might be expected to be larger than ITT effects and
remain statistically significant, despite the relatively smaller
sample contributing to the per-protocol analysis. Therefore,
further research is needed to explore the relationship between
engagement with Headspace and the magnitude of outcomes.

Given that formal engagement with Headspace (days per week)
was greater than that with Moodzone, it could be that once the
formal engagement is accounted for in the per-protocol sample
(ie, all included participants formally engaged for at least 3 days
per week during the initial intervention period), the relative
benefits of Headspace over Moodzone are somewhat diminished.
However, finding ways of encouraging engagement in unguided
digital well-being interventions is a well-recognized challenge
[80], and greater engagement with Headspace in comparison
with an NHS-developed digital well-being offer is important in
itself, as, in the real world, it is the ITT benefits that are realized
rather than the per-protocol effects.

Multimedia Appendix 4 [13,18,25,29,30,36,56,67-72] provides
a discussion of the findings on secondary outcomes and
additional analyses.

Strengths and Limitations
Although the adequately powered sample size and rigorous
study design represent the key strengths of our study, the
findings should be considered within the context of several
limitations. In this trial, the NHS’s digital workplace stress
resource, Moodzone, was selected as the active control
condition, inviting study participants to engage with a range of
evidence-based recommendations for a minimum of 10 minutes
each day as a time match to the Headspace intervention.

However, as previously discussed, intervention engagement
was significantly greater for Headspace than for Moodzone;
therefore, it is plausible that the active ingredient was
intervention engagement rather than intervention content.
However, even if Headspace is more effective than Moodzone
simply because it is more engaging, this will have implications
for real-world effectiveness. To determine the effectiveness of
intervention content specifically, future research should compare
Headspace with an equally engaging active control. In addition,
after providing participants with postrandomization information
about their allocated intervention, Headspace received

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e31744 | p.116https://mhealth.jmir.org/2022/8/e31744
(page number not for citation purposes)

Taylor et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


significantly higher credibility and expectancy ratings than
Moodzone. Expectancy effects can affect psychotherapeutic
outcomes [81], and it is plausible that the greater credibility and
expectancy of Headspace than that of Moodzone could explain
the study findings. However, the beneficial effects of Headspace
on stress outcomes in comparison with Moodzone were retained
in a post hoc analysis where credibility and expectancy ratings
were entered as covariates, suggesting that the intervention
effects cannot be purely explained by the greater credibility and
expectancy of Headspace. Future studies should consider the
role of credibility and expectancy in more depth and compare
Headspace with an intervention matched for credibility and
expectancy.

Models were fitted for 11 secondary outcomes, each with 3
predictors (trial arm, time, and their interaction), yielding 33 P
values. To control for the type I error rate across these models,
the reported P values for the interaction effects for secondary
outcomes in Table 4 were evaluated against a critical P value
of .002 (ie, .05/33). When evaluating against this stricter
criterion, all the interaction effects for secondary outcomes were
nonsignificant, except for self-compassion. However, the main
goal of P value correction is to mitigate fishing expeditions,
and all models were preplanned; in addition, the trade-off in
controlling type I errors is losing control of type II errors, and
there is no inherent reason why controlling type I errors is more
desirable. In addition, where the interaction is significant, we
tried to carefully evaluate the raw effect size, which adds to the
important context of the real-world importance of the effect
irrespective of the P value.

Recent attention has been paid to the concept of a “digital
placebo effect,” whereby nontherapeutic elements of digital
interventions are thought to engender either real or imagined
improvements in mental health outcomes [82]. As such, it is
perhaps also of note that although Headspace was delivered via
a sophisticated smartphone app that offered structured daily
guidance, Moodzone was delivered via a series of web pages
that participants were expected to navigate independently.
Therefore, it is possible that the observed effects are, at least in
part, because of participants’ more favorable expectations of
Headspace relative to Moodzone because of differences in
content delivery. Future research should compare Headspace
with an active control matched for delivery format and style.

For reasons beyond our control, Headspace was temporarily
advertised on the Moodzone web page (notwithstanding the
widespread advertising of Headspace on social media and other
platforms), which may explain why, despite apparently
successful blinding of the study hypotheses, a proportion of
Moodzone participants completing measures at T3 reported
using Headspace during the study period. However, this is only
likely to have diluted between-group differences, and, at worst,
our findings can be considered to reflect a conservative estimate
of the difference between groups. Moreover, although minor
design, platform, and content changes are unlikely to have
affected our results [83], it is also worth noting that both
Headspace and Moodzone were examined as live resources, and
as such, both were subject to changes during the study period.

Our study suggests the benefits of an invitation for brief
mindfulness-based practices using unguided digital MBSH;
however, a class effect (ie, the translation of these benefits to
any unguided digital MBSH resource) cannot be assumed.
Further research is required to identify and optimize the active
ingredients of unguided MBSH.

Further limitations of this study are that all outcomes and
measures of engagement were self-reported and that dropout at
T3 was relatively high, although not atypical for RCTs of digital
interventions. Finally, although we recruited a large sample of
health care staff working in a variety of job roles and across a
variety of NHS organization types across England, our sample
was not entirely representative of the NHS workforce. For
example, 83.22% (1815/2181) of participants identified as
female compared with 77% of NHS staff more broadly [84],
and our sample underrepresented Black, Asian, and minority
ethnic staff, with 92.74% (2019/2177) White participants in
comparison with 77.9% in the NHS workforce [85]. Future
studies could monitor demographic characteristics as recruitment
progresses and adjust recruitment strategies accordingly to target
underrepresented groups.

Future Research
Future research should match unguided digital MBSH to equally
credible active control conditions with equal expectations of
benefits. Doing so would help enable greater confidence in
conclusions about the relative benefits of mindfulness-based
content. Moreover, dismantling trials would also be beneficial
to unpick the active ingredients of digital resources such as
Headspace.

Another important avenue for future research involves
identifying the moderators of engagement. Identifying
moderators of engagement with unguided digital MBSH
interventions may facilitate the targeted intervention of barriers
to and facilitators of regular mindfulness practice to promote
engagement and, in turn, potentially boost the effects.

Guided mindfulness- and acceptance-based self-help has larger
effects on stress outcomes than unguided approaches [36]. There
is a balance to be struck between providing MBSH at scale to
more health care workers (without guidance and its associated
costs) and providing maximally effective MBSH to potentially
fewer health care workers (with guidance). Few head-to-head
trials exist, and a well-designed study comparing the clinical
effectiveness and cost-effectiveness of guided digital MBSH
with unguided digital MBSH for health care workers is
warranted to explore the relative advantages and disadvantages
of each approach. Future research could also explore the clinical
effectiveness and cost-effectiveness of different methods of
providing MBSH support and guidance at different levels of
intensity (eg, automated but personalized, regular email or text
guidance; an MBSH support helpline; asynchronous email
support from a trained practitioner; and weekly support sessions
with a mindfulness teacher). For interventions that incur a cost
to the individual or organization, it is particularly important to
have a good understanding of the balance between economic
costs (eg, funding a subscription for health care staff in an
organization) and economic benefits (eg, sickness absence).
Future research should include a full health economic evaluation
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to examine not only the clinical effectiveness of different MBSH
interventions but also their cost-effectiveness. In addition, future
research should also examine naturalistic, real-world outcomes
of Headspace in specific populations to complement RCT
findings.

Implementation
Overall, the findings suggest that an unguided digital MBSH
program appears to be a safe intervention for health care
workers, which can yield small but significant improvements
in stress and other mental health outcomes with minimal time
investment from users. However, it is important to consider that
a wide range of non-MBI digital interventions is effective in
improving stress and mental health both within [78] and outside
the workplace [77] and may be preferred by some health care
workers. Furthermore, our findings should be considered within
the context of significantly larger effects on stress (in various
populations) in guided versus unguided mindfulness- and
acceptance-based self-help interventions [36] and larger effects
on health care worker stress with MBSR [29] and MBCT-L
[30], although this does not directly compare like for like.
Although unguided digital MBSH interventions can offer a
potential solution to some of the barriers associated with
accessing guided MBSH and MBSR or MBCT-L, the smaller
effects indicate that a careful balance needs to be struck between
effectiveness and accessibility.

It is also worth considering that Headspace was not beneficial
for the workplace outcomes of burnout and sickness absence,
and as such, alternative strategies will be needed to identify
appropriate solutions to these problems. Given the greater effects
of MBSR and MBCT-L on health care workers, unguided digital
MBSH could also be considered as the first MBI step, with

some users moving on to more intensive, as well as more
effective, in-person courses. However, this does not dismiss the
potential of unguided MBSH, given its scalability. We found
that 36.8% (100/272) of Headspace participants showed a
reliable improvement in stress over the course of the study
compared with 24.1% (66/274) in the Moodzone arm (the NHS
digital well-being offer at the time of recruitment). If this
difference in reliable improvement were replicated across, for
example, 10% of the 1.2 million NHS workforce, this would
translate into >15,000 NHS workers showing a reliable
improvement in stress if offered Headspace rather than
Moodzone.

Conclusions
Unguided use of a digital MBSH intervention appears safe and
is effective in reducing stress in health care workers compared
with an active control condition, with improvements in
self-compassion and formal intervention engagement explaining,
at least in part, its beneficial effects. Effect sizes were small in
comparison with in-person MBIs; however, unguided digital
MBSH has the potential to be offered as part of a package of
approaches to support health care workers’ stress, mental health,
and well-being. The findings support offering unguided MBSH
as an addition to the ecosystem of evidence-based approaches
to support health care workers’well-being, which offers choices
and solutions at different levels of intensity and with different
levels of guidance. Unguided MBSH must be contextualized
within a supportive environment that promotes self-care at work
[79]. Prioritizing the well-being and mental health of health
care workers is critical, now more than ever, as we seek to find
ways of supporting health care workers to live with the projected
aftereffects of the COVID-19 pandemic.
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CBT: cognitive behavioral therapy
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DASS-21: 21-item Depression, Anxiety, and Stress Scale
ITT: intention-to-treat
MBCT: mindfulness-based cognitive therapy
MBCT-L: mindfulness-based cognitive therapy for Life
MBI: mindfulness-based intervention
MBSH: mindfulness-based self-help
MBSR: mindfulness-based stress reduction
NHS: National Health Service
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T1: time point 1
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Abstract

Background: The System Usability Scale (SUS) is a widely used scale that has been used to quantify the usability of many
software and hardware products. However, the SUS was not specifically designed to evaluate mobile apps, or in particular digital
health apps (DHAs).

Objective: The aim of this study was to examine whether the widely used SUS distribution for benchmarking (mean 68, SD
12.5) can be used to reliably assess the usability of DHAs.

Methods: A search of the literature was performed using the ACM Digital Library, IEEE Xplore, CORE, PubMed, and Google
Scholar databases to identify SUS scores related to the usability of DHAs for meta-analysis. This study included papers that
published the SUS scores of the evaluated DHAs from 2011 to 2021 to get a 10-year representation. In total, 117 SUS scores for
114 DHAs were identified. R Studio and the R programming language were used to model the DHA SUS distribution, with a
1-sample, 2-tailed t test used to compare this distribution with the standard SUS distribution.

Results: The mean SUS score when all the collected apps were included was 76.64 (SD 15.12); however, this distribution
exhibited asymmetrical skewness (–0.52) and was not normally distributed according to Shapiro-Wilk test (P=.002). The mean
SUS score for “physical activity” apps was 83.28 (SD 12.39) and drove the skewness. Hence, the mean SUS score for all collected
apps excluding “physical activity” apps was 68.05 (SD 14.05). A 1-sample, 2-tailed t test indicated that this health app SUS
distribution was not statistically significantly different from the standard SUS distribution (P=.98).

Conclusions: This study concludes that the SUS and the widely accepted benchmark of a mean SUS score of 68 (SD 12.5) are
suitable for evaluating the usability of DHAs. We speculate as to why physical activity apps received higher SUS scores than
expected. A template for reporting mean SUS scores to facilitate meta-analysis is proposed, together with future work that could
be done to further examine the SUS benchmark scores for DHAs.
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Introduction

According to Nielsen [1], “usability is a quality attribute that
assesses how easy user interfaces are to use. The word ‘usability’
also refers to methods for improving ease-of-use during the
design process.” In Nielsen’s [1] model, usability consists of a
number of components, including the system’s learnability,
efficiency, memorability, errors, and satisfaction.

According to the International Organization for Standardization,
“usability is the extent to which a product can be used by
specified users to achieve specified goals with effectiveness,
efficiency, and satisfaction in a specified context of use” [2].

The public is increasingly searching for digital health apps
(DHAs) in app stores to help self-manage their health and
well-being [3]. With the uptake of DHAs, national health care
organizations such as the National Health Service in the United
Kingdom are offering curated access to health care apps as part
of social prescription and related services [4].

The usability of DHAs is important as inferior usability could
negatively impact the adoption of such technologies, and
potentially, their users’ health [5]. For example, a study
conducted in 2019 found that self-management DHAs with
higher rated usability (rated based on heuristic usability testing)
lead to increased exercise engagement and quality of life in
patients with breast cancer [6]. Reliably measuring the usability
of DHAs can be used to distinguish between usable and less
usable DHAs and help identify DHAs that may require improved
usability.

The System Usability Scale (SUS), commonly described as a
“quick and dirty” way of measuring usability, is a short 10-item
questionnaire (each question with a Likert scale ranging from
strongly agree to strongly disagree) designed to measure the
usability of a system [7]. The SUS is a well-designed, balanced
survey consisting of 5 questions with positive statements and
5 questions with negative statements, with scores ranging from
0 to 100. The current literature suggests that a score of 68 is a
useful benchmark (mean SUS score), where 50% of apps fall
below and above it [8]. Sauro and Lewis [8] discuss using data
from 446 studies and 5000 individual SUS responses that
indicate a mean SUS score of 68 (SD 12.5) [8]. Hence, the
standard normal SUS distribution is said to be 68 (SD 12.5).

The SUS has become a common method for measuring the
usability for different digital products or systems (including
DHAs) since its development in 1986 [9]. According to a
scoping review from 2019 [10], SUS was the most frequently
used questionnaire for evaluating the usability of DHAs.
However, the normal SUS distribution evaluated by Sauro and
Lewis [8] (68 SD 12.5) was not likely representative of SUS
scores achieved by mobile apps or DHAs.

The mHealth App Usability Questionnaire (MAUQ) is a
validated alternative to SUS for measuring usability that is
tailored to mobile health (mHealth) apps [10]. Although MAUQ
may be more suitable for measuring the usability of DHAs, it
is a relatively new scale developed in 2019. SUS has been used
to evaluate DHAs since their inception; however, it remains to
be seen whether the mean 68 (SD 12.5) benchmarking
distribution represents the SUS scores achieved by DHAs.

The aim of this study was to determine if the widely accepted
benchmark and SUS distribution of mean 68 (SD 12.5) is
reliable for evaluating the usability of DHAs. This work is
important given that the SUS benchmarking distribution that is
being used is assumed to represent the usability of DHAs even
though this standard SUS distribution was developed based on
the usability of systems more generally (well beyond the genre
of DHAs). Given that SUS is a frequently used tool for
measuring the usability of DHAs, this study is needed to reassure
researchers if the mean 68 (SD 12.5) distribution benchmark is
reliable when evaluating DHAs using SUS and discover if a
different SUS benchmark should be used for different genres
of DHAs. To determine these findings, a comparison of
published SUS scores from evaluated DHAs with the standard
SUS distribution was conducted.

Methods

SUS Score
A SUS score is computed using the 10 Likert ratings that is
typically completed by a user after having been exposed to the
system for a period of time. The process for computing a SUS
score is as follows:

1. Subtract 1 from the user’s Likert ratings for odd-numbered
items or questions.

2. Subtract the user’s Likert ratings from 5 for even-numbered
items.

3. Each item score will range from 0 to 4.
4. Sum the numbers and multiply the total by 2.5.
5. This calculation will provide a range of possible SUS scores

from 0 to 100 [7].

Data Collection
Table 1 provides the criteria and search strategy for selecting
the research papers that were used to conduct the meta-analysis
on SUS scores. In this study, we aimed to collect papers that
published the SUS scores of the evaluated DHAs after 2011.
This criterion allowed us to curate a relatively “modern” set of
SUS scores from DHA evaluations with a 10-year
representation. A total of 114 DHAs producing 117 SUS scores
were collected to conduct this meta-analysis.

Table 2 provides the number of papers and SUS scores that
were used in this study to populate a DHA SUS data set.
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Table 1. Population, Intervention, Comparator, Outcome, and Study Design framework for the data collection of digital health app (DHA) System
Usability Scale (SUS) scores.

Exclusion criterionInclusion criterionFrame

Developers or designers of DHA that conducted SUS on their
own product

Members of the general population—globallyPopulation

Not a DHA and research papers published before 2011DHAIntervention

N/AN/AaComparator

SUS score not conducted by end usersSUS score or mean SUS score for DHAOutcome

N/AThe data set of SUS scores for measuring the usability of DHAs
was collected using 5 search engines: ACM Digital Library,
IEEE Xplore, CORE, PubMed, and Google Scholar. The key-
words and queries used in the search included: “health app
SUS,” “mhealth SUS,” “digital health apps SUS,” “mobile
health SUS,” “mhealth apps usability,” and “mental health apps
SUS.”

Study design

aN/A: not applicable.

Table 2. Number of papers and System Usability Scale (SUS) scores per year.

SUS score (N=117), n (%)Paper (N=19), n (%)Year

14 (12)2 (11)2014

2 (1.7)2 (11)2015

3 (2.6)2 (11)2016

2 (1.7)1 (5)2017

71 (60.1)3 (16)2018

9 (7.7)3 (16)2019

12 (10.2)3 (16)2020

4 (3.4)3 (16)2021

Study Screening
The research papers included in this study were screened by
title and abstract. If the research paper included a SUS score
for a DHA and the SUS evaluation was conducted by end users,
it was included in this study.

Risk of Bias
SUS is a simple method of measuring the usability of hardware
and software that should be conducted by end users. When
conducting this study, the exclusion criterion was set to
not include SUS evaluation scores that were provided by the
developers or designers of the DHA, due to potential bias.
However, none of the SUS scores collected met that exclusion
criterion.

There may also be a bias if there are more SUS scores published
for DHAs of a particular genre, or there could be a publication
bias, as researchers are more likely to publish studies that
achieved “good” (above the 68 benchmark) SUS scores. This
is related to the file drawer effect [11], where researchers
withhold studies that show nonsignificant or negative results
(P>.05). Literature indicates that about 95% of studies in the
file drawer contain nonsignificant results, whereas journals
contain a disproportionate number of studies with type 1 errors.

When there are more SUS scores published for DHAs of a
particular genre, they could be overrepresented in a general
health app SUS distribution and perhaps skew the distribution.
This bias could be avoided by conducting this study on a data
set where the different genres of DHAs are balanced. Publication
bias could be countered by collecting new data sets where end
users complete SUSs when viewing a large random sample of
DHAs.

SUS has been developed in English to be used by
English-speaking users. Using SUS with non-English speakers
requires a new version of SUS that needs to be adapted and
validated. Otherwise, there could be language and cultural bias
in the assessment. Cross-cultural adaptation guidelines [12]
could be used to adapt SUS; previously, these guidelines have
been used to develop the Indonesian version of SUS [13].
Moreover, a study conducted in 2020 examined the Arabic,
Chinese, French, German, and Spanish versions of the SUS
[14]. The study found that these SUS versions were adequately
adapted; however, cultural differences had to be highlighted
[14]. Furthermore, the different devices and genres of DHAs
may need their own, more specific SUS benchmarks.

Data Extraction
The study-specific data that were extracted from the research
papers included first author’s name, DHA’s focused health area,
DHA’s name, device that the DHA was used on, platform the
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DHA is available on, sample size used to calculate the mean
DHA SUS score, year the research paper was published in, and
DHA SUS score.

Data Analysis
The data were separated into 3 subsets: (1) a SUS distribution
including all DHAs, (2) a SUS distribution with only SUS scores
from physical activity apps, and (3) a SUS distribution including
all apps except physical activity apps. This separation was done
due to the large frequency of physical activity apps that are
present in the data set and the high mean of these apps (83.28,
SD 12.39), which dominated the shape of the probability
distribution.

R statistical software (version 4.0.3; R Foundation for Statistical
Computing) was used to conduct the meta-analysis, compute
statistics, and produce graphs. Shapiro-Wilk normality tests
were used to test whether the SUS distributions were normally
distributed (where P<.05 denotes that the distribution is not
normal). Skewness and kurtosis were computed to determine
how symmetrical (or unsymmetrical) and heavy- or light-tailed
the data distributions are. The data were also visually explored
using density plots, histograms, and boxplots to interrogate the
distribution of SUS scores.

Wilcoxon signed rank tests and 1-sample, 2 tailed t tests were
used to compare the mean SUS scores of DHAs with the widely
accepted SUS distribution (mean 68, SD 12.5) that is typically
used for benchmarking usability. p values <.05 were considered
statistically significant in this study.

Results

Table 3 provides the mean, SD, and frequency of DHAs for
each category. The “physical activity” category mainly included

fitness apps. The “health care” category included DHAs that
help with self-managing health and well-being, including living
with and the treatment of obesity, allergies, suicide prevention,
depression, and smoking cessation. The category “first aid,
CPR, and choking” mainly included DHAs that assist with first
aid and cardiopulmonary resuscitation. The category “diet, food,
and nutrition” included diet apps and food and nutrition apps.
The category “health information” included DHAs that provide
health-related information and educational content. See
Multimedia Appendix 1 [5,15-32] for more information.

Table 4 provides a summary of the characteristics of the 3 SUS
distributions: (1) a SUS distribution from all categories of
DHAs, (2) a SUS distribution from physical activity apps only,
and (3) a SUS distribution from all categories excluding the
physical activity apps. It is clear that the SUS distributions from
all DHAs and the SUS distribution from physical activity apps
only are not normally distributed. However, the distribution of
SUS scores from all DHAs excluding physical activity apps is
more akin to a normal distribution. The participant sample sizes
used to collect the SUS scores have distribution of 6 (SD 6.16;
range 2-31). See Multimedia Appendix 1 for the sample size of
each SUS score collected.

Table 5 provides a summary of the 1-sample, 2-tailed t tests.
The table indicates that the SUS distribution from all DHAs
and the SUS distribution from physical activity apps only are
statistically different distributions compared to the accepted
mean 68 (SD 12.5) SUS distribution (P=.002). However, when
excluding physical activity apps, the 1-sample, 2-tailed t test
suggests that the distribution is comparable to the standard SUS
distribution of mean 68 (SD 12.5).

Table 3. Category and frequency of apps included in this study.

SUSa score, mean (SD)App (N=117), n (%)Category

83.28 (12.39)66 (56.4)Physical activity

71.30 (12.72)25 (21.4)Health care

61.29 (15.08)16 (13.7)First aid, CPRb, and choking

71.06 (14.55)8 (6.8)Diet, food, and nutrition

69.45 (5.30)2 (1.7)Health information

aSUS: System Usability Scale.
bCPR: cardiopulmonary resuscitation.

Table 4. Characteristics of System Usability Scale (SUS) probability distributions for the 3 categories.

SUS scores from physical activity apps
only

SUS scores from all categories excluding
physical activity apps

SUS scores from all categoriesCharacteristic

.001.24.002P value (Shapiro-Wilk)

83.28 (12.39)68.05 (14.05)76.64 (15.12)Mean (SD)

86.0068.3078.75Median

–0.69–0.39–0.52Skewness

2.552.742.67Kurtosis

1.531.971.4Standard error
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Table 5. Results from hypothesis test.

95% CIP valueHypothesis, test

All categories versus standard SUSa distribution

73.87-79.41<.0011-sample, 2-tailed t test

74.50-80.00<.001Wilcoxon signed rank test with continuity correction

All categories excluding physical activity apps versus standard SUS distribution

64.10-72.00.981-sample, 2-tailed t test

64.30-72.60.86Wilcoxon signed rank test with continuity correction

Physical activity apps only versus standard SUS distribution

80.23-86.33<.0011-sample, 2-tailed t test

80.50-87.50<.001Wilcoxon signed rank test with continuity correction

aSUS: System Usability Scale.

The graphs in Figure 1 show that there is an unexpected peak
in SUS scores for the range of 80-90, and the frequency in this
range is greater than that for the range of 60-70. Table 3 shows
the frequency of SUS scores for each category and indicates
that the physical activity category has the highest frequency,
which could be responsible for the peak in the 80-90 SUS score
range/bin.

Figure 1 visually demonstrates that the SUS distribution for all
DHAs is asymmetrical. For example, when all categories are
included, the cumulative distribution function indicates that
there is a 28.39% probability that the SUS score will be 68 or
less, whereas the accepted standard probability is 50% that the
SUS score will be 68 or less [8]. Figure 2 indicates that physical
activity apps are responsible for the second “peak” in Figure

2A and B. The mean of 83.28 is much greater than the expected
mean of 68. The SUS scores for physical activity apps could
be inflated or that these apps typically have a greater degree of
usability, which would need to be determined by conducting
further studies. Figure 2 shows that there is a probability of
10.88% that the SUS score in the category of physical activity
will be 68 or less, indicating that this distribution is very
different compared to the expected SUS distribution of mean
68 (SD 12.5). Figure 3 shows that the mean and median are
both very close to 68 after removing SUS scores from physical
activity apps. This finding helps confirm that the SUS score
distribution of DHAs is similar to that of the accepted standard
SUS distribution. When using this distribution, Figure 3D shows
that there is a probability of 49.85% that the SUS score will be
68 or less, making it very similar to the standard.

Figure 1. Analysis of SUS distribution for all categories of digital health apps: A) histogram of SUS scores, B) density plot of SUS scores, C) boxplot
of SUS scores, and D) normal curve probabilities of SUS scores for all categories (mean 76.64, SD 15.12; shaded area: 0.2839). Blue line=68 (average
SUS score for apps), red line=78.75 (median), orange line=76.64 (mean). SUS: System Usability Score.
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Figure 2. Analysis of SUS distribution for physical activity apps only: A) histogram of SUS scores, B) density plot of SUS scores, C) boxplot of SUS
scores, and D) normal curve probabilities of SUS scores for all categories (mean 83.28, SD 12.39; shaded area: 0.1088). Blue line=68 (average SUS
score for apps), red line=86 (median), orange line=83.28 (mean). SUS: System Usability Score.

Figure 3. Analysis of SUS distribution for all categories excluding physical activity apps: A) histogram of SUS scores, B) density plot of SUS scores,
C) boxplot of SUS scores, and D) normal curve probabilities of SUS scores for all categories (mean 68.05, SD 14.05; shaded area: 0.4985). Blue line=68
(average SUS score for apps), red line=68.30 (median), orange line=68.05 (mean). SUS: System Usability Score.
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Discussion

Principal Findings
The data set used for this study contained 117 SUS scores
collected from 114 DHAs (some apps were assessed by different
end users, such as clinicians, researchers, or participants, that
gave them different SUS scores, which were included in this
study). The SUS mean when all of the apps are included is
76.64; however, this mean score lies between 2 peaks, as seen
in Figure 1B. Thus, this mean may not be suitable for
benchmarking DHAs. In Figure 1B, the blue line indicates the
mean SUS score of 68 when all SUS scores are included in the
distribution, which is exactly in line with the first peak in the
distribution. This finding indicates that many of the DHAs
follow a similar SUS distribution to that in the expected
standard.

When investigating the results in Figure 1, we explored the
cause of the second peak in Figure 1B. Hence, due to frequency
of physical activity apps (66 DHAs) in the data set and the mean
of 83.28 (SD 12.39; Table 3), a distribution of only physical
activity apps was examined (Figure 2). We discovered that the
second peak in Figure 1B was driven by the SUS scores of
physical activity apps.

When the SUS scores of physical activity apps are excluded
from the data set, the SUS score distribution for DHAs become
normally distributed (mean 68.05, SD 14.05) and is similar to
the widely used SUS distribution (mean 68, SD 12.5). Although
the SUS distribution of DHAs have a slightly greater SD (14.05
vs 12.5), this finding could be due to the small sample size in
this study. The results indicate that the standard SUS score
benchmark of 68 can be used when evaluating DHAs. This
assumption was important to test given that the accepted
distribution of mean 68 (SD 12.5) was not primarily based on
SUS scores from mobile apps, or in particular DHAs. The
usability of systems may generally improve over time, which
could change the average SUS score that would be achieved by
digital systems. Moreover, given that DHAs can be critically
important apps to users (nonrecreational or nonhedonic), their
usability could be greater, hence achieving higher SUS scores.

The paper that published the SUS scores of these 65 physical
activity apps focused on the most popular apps available to
conduct their SUS evaluation, which could indicate that more
popular apps are perhaps more usable. Further research is needed
to determine if there is a link between app popularity and the
usability of DHAs. Other possibilities are inflated SUS scores,
popularity in the market [33] leading to better usability, and
greater budgets to invest into usability. More familiar design
has been shown to influence usability, as stated by Jakob’s law:
“users spend most of their time on other sites. This means that
users prefer your site to work the same way as all the other sites
they already know” [34].

Developers of physical activity apps appear to be investing a
lot into usability. For example, to encourage physical activity
for those with low socioeconomic status and youths, the
prototyping for a smartphone user-centric framework for
developing game-based physical activity apps has been created
[35]. A study from 2017, where the top 50 health and fitness
apps were downloaded from the Apple app store, found that
physical activity and weight loss apps most frequently (97%)
used gamification [36]. Gamification has been shown to improve
the use of physical activity apps [37], which could explain the
higher-than-expected usability of physical activity apps and
indicates that a different benchmark may need to be used when
dealing with physical activity apps.

Set of Guidelines for Presenting SUS Analysis to
Facilitate High-Quality Meta-analyses
When conducting the meta-analysis for this paper, we
encountered a couple of problems when gathering the SUS
scores from research papers. Some papers used the word
“expert” when stating the sample size of reviewers who used
SUS to assess a DHA. It was unclear as to whether the word
“expert” referred to an expert usability reviewer or expert in
the health area for which a DHA has been developed. Clearly
stating who the reviewer is would be useful when conducting
a rigorous meta-analysis for SUS.

Textbox 1 recommends a standard template for reporting SUS
analysis and scores that could be helpful when presenting an
SUS analysis to facilitate high-quality meta-analyses.
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Textbox 1. Recommended template for reporting mean System Usability Scale (SUS) scores to facilitate meta-analyses.

Participants

• Novice users (those with no experience in using the system being assessed)

• Expert users (those who already have experience in using the system)

• Expert user-experience evaluators

• Representative users (those who are likely to use the app; eg, recruiting doctors when testing a medical system) and nonrepresentative users
(anyone outside the domain of interest; eg, recruiting any person to test the usability of a fitness app)

Context

• include information such as a usability testing session with prescribed tasks, a usability testing session without prescribed tasks, SUS scores
collected after a trial (lasting n days, weeks, or months), or other details (eg, remote usability test and lab-based or in-situ [eg, workplace or “in
the wild”])

Sample size (n)

Mean (SD) score (rounded to 2 decimal places)

Median score (min/max; rounded to 2 decimal places)

Standard error of the mean (rounded to 2 decimal places)

95% CI (lower to upper)

Test (eg, 1-sample, 2-tailed t test)

SUS grade (A-F)

Related and Future Works
Although this study assessed SUS for evaluating DHAs, there
are other scales that could be used, which includes the previously
mentioned MAUQ. Currently, there are 4 versions of the
MAUQ, 2 for stand-alone apps (provider and patient versions)
and 2 for interactive mHealth apps (provider and patient
versions). The SUS and MAUQ are correlated, but the
correlation is not strong (r=0.6425) [38].

A systematic literature review [39] evaluated the methodologies
of usability analyses, domains of usability being assessed, and
results of usability analyses. The paper concluded that out of
the 3 usability domains in MAUQ, only satisfaction is regularly
assessed. A similar meta-analysis to the one conducted in this
study could be done with the MAUQ.

The usability of DHAs can be improved; in the study by Liew
et al [40], researchers provided insight and suggestions for
improving the usability of health and wellness mobile apps. The
paper concluded that better connectivity between mHealth
suppliers and users will have a positive outcome for the mHealth
app ecosystem and increase the uptake of mHealth apps.

Improving usability is important as the lack of it can slow down
the adoption of DHAs. Islam et al [5] investigated the usability
of mHealth apps in Bangladesh using a heuristic evaluation and
the SUS. The paper concluded that the usability of DHAs in
Bangladesh is not satisfactory and could be a barrier for the
wider adoption of DHAs.

As the SUS scores for physical activity apps were higher than
other apps in this study, future work is needed to explore how
these scores could be inflated or whether these apps have a
greater degree of usability.

The study conducted in this paper could be expanded in the
following ways. Future studies could be done by comparing the
SUS scores evaluated by experts and nonexperts. The
meta-analysis conducted here could be repeated on a bigger
data set. A SUS meta-analysis could be conducted for a wide
range of health app categories to validate if all follow the
standard SUS distribution (mean 68, SD 12.5). A study with
randomly selected apps could be conducted with several
recruited end users completing the SUS questionnaire that would
allow for a more unbiased distribution of SUS scores.

The paper with 65 physical activity apps [15] focused
specifically on the most popular apps. Research could be done
to determine if there is a link between popularity and the
usability of DHAs when using the SUS or MAUQ.

Limitations
This study has a few limitations. This meta-analysis collected
SUS results from 19 papers—some of which used a mean SUS
score resulting from as few as 2 or 3 reviewers. Some of the
reviewers could have been “generous” when filling the SUS
questionnaire, resulting in inflated SUS scores. The data set
used for this study is small (SUS scores: n=117). Moreover, 65
of the physical activity apps used in this study came from the
same paper [15]. This paper used 2 reviewers when evaluating
each of the apps. A speculation can be made that since 65
physical activity apps were being evaluated, it is possible that
the reviewers had limited time to spend on each of the app
evaluations, although no information is provided to support this.

This study was conducted in 2021, and some of the apps may
have been updated. Various changes to the design could have
been made since their SUS score was evaluated, and thus, the
SUS score may no longer be applicable to the app.
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Conclusion
The aim of this study was to conduct a meta-analysis to
determine if the standard SUS distribution (mean 68, SD 12.5)
for benchmarking is applicable to evaluating DHAs. This study
compared the standard SUS score distribution to the distribution
for different categories of DHAs. The data for this study were
collected from different research papers that were found using
different search engines or research repositories. This study
indicates that the SUS distribution of DHAs (when excluding

physical activity apps) is similar to the widely used SUS
distribution. This work implies that the SUS and existing
benchmarking approaches could be used to evaluate DHAs and
that the SUS could be used by health care departments and
organizations such as the National Health Service or
Organisation for the Review of Care and Health Applications
to validate and assure the quality of DHAs in terms of their
usability. Readers of this work may also choose to use our SUS
distribution (mean 68.05, SD 14.05) for benchmarking the SUS
scores of DHAs.
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Abstract

Background: Worldwide, efforts are being made to stop the COVID-19 pandemic caused by SARS-CoV-2. Contact tracing
and quarantining are key in limiting SARS-CoV-2 transmission. Mathematical models have shown that the time between infection,
isolation of cases, and quarantining of contacts are the most important components that determine whether the pandemic can be
controlled. Mobile contact-tracing apps could accelerate the tracing and quarantining of contacts, including anonymous contacts.
However, real-world observational data on the uptake and determinants of contact-tracing apps are limited.

Objective: The aim of this paper is to assess the use of a national Dutch contact-tracing app among notified cases diagnosed
with SARS-CoV-2 infection and investigate which characteristics are associated with the use of the app.

Methods: Due to privacy regulations, data from the app could not be used. Instead, we used anonymized SARS-CoV-2 routine
contact-tracing data collected between October 28, 2020, and February 26, 2021, in the region of Amsterdam, the Netherlands.
Complete case logistic regression analysis was performed to identify which factors (age, gender, country of birth, municipality,
number of close contacts, and employment in either health care or education) were associated with using the app. Age and number
of close contacts were modelled as B-splines due to their nonlinear relationship.

Results: Of 29,766 SARS-CoV-2 positive cases, 4824 (16.2%) reported app use. Median age of cases was 41 (IQR 29-55)
years, and 46.7% (n=13,898) were male. In multivariable analysis, males (adjusted odds ratio [AOR] 1.11, 95% CI 1.04-1.18)
and residents of municipalities surrounding Amsterdam were more likely to use the app (Aalsmeer AOR 1.34, 95% CI 1.13-1.58;
Ouder-Amstel AOR 1.96, 95% CI 1.54-2.50), while people born outside the Netherlands, particularly those born in non-Western
countries (AOR 0.33, 95% CI 0.30-0.36), were less likely to use the app. Odds of app use increased with age until the age of 58
years and decreased sharply thereafter (P<.001). Odds of app use increased with number of contacts, peaked at 8 contacts, and
then decreased (P<.001). Individuals working in day care, home care, and elderly nursing homes were less likely to use the app.

Conclusions: Contact-tracing app use among people with confirmed SARS-CoV-2 infection was low in the region of Amsterdam.
This diminishes the potential impact of the app by hampering the ability to warn contacts. Use was particularly low among older
people, people born outside the Netherlands, and people with many contacts. Use of the app was also relatively low compared
to those from some other European countries, some of which had additional features beyond contact tracing, making them
potentially more appealing. For the Dutch contact-tracing app to have an impact, uptake needs to be higher; therefore, investing
more into promotional efforts and additional features could be considered.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e31099 | p.135https://mhealth.jmir.org/2022/8/e31099
(page number not for citation purposes)

Ritsema et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:jbosdriesz@ggd.amsterdam.nl
http://www.w3.org/Style/XSL
http://www.renderx.com/


(JMIR Mhealth Uhealth 2022;10(8):e31099)   doi:10.2196/31099

KEYWORDS

COVID-19; contact tracing; mobile contact tracing app; pandemic; mHealth; digital health; contact tracing app; mobile applications;
health applications; public health; surveillance

Introduction

The COVID-19 pandemic, caused by SARS-CoV-2, has had a
major impact. Two years into the pandemic, as of December
2021, over 260 million people have been infected worldwide,
of whom more than 5 million have died [1]. Large-scale control
measures are necessary to limit transmission of an emerging
infectious disease such as COVID-19, for which a vaccine or
treatment is (initially) unavailable [2]. Nonpharmaceutical
interventions have been implemented by many countries,
including face masking, physical distancing, travel restrictions,
large-scale testing, and contact tracing [3]. To prevent the
onward transmission of SARS-CoV-2, it is key to identify, test,
and isolate infectious cases.

Contact tracing is a targeted approach to identify individuals
who have been in close contact with confirmed cases [2]. The
contacts of cases should be quarantined as soon as possible
because the incubation period is short, and individuals can
become infectious even before the onset of symptoms [4].
Contact tracing is a labor-intensive and time-consuming process.
Its effect largely depends on the speed of contact tracing and
the proportion of contacts that index cases are willing and able
to identify from the start of probable infectiousness [5]. This is
complicated by the fact that many of these contacts might be
anonymous. Mathematical models have shown that the time
between infection and isolation of cases, on the one hand, and
quarantining of contacts, on the other, are the most important
components that determine whether the pandemic can be
controlled [6-8]. They also show that reducing delays in testing
and contact tracing could reduce the spread of the virus,
especially when there is no delay between case notification and
quarantining of contacts. The models suggest that tracing apps
for mobile phones have the potential to speed up the
contact-tracing process and help identify unknown contacts,
thereby significantly curbing SARS-CoV-2 spread [7-9].
However, these mathematical models rely on several
assumptions, some of which might be violated by real world
data, making it necessary to complement these studies with
observational research.

Many countries have implemented tracing apps to identify and
notify contacts of SARS-CoV-2 cases with various levels of
success [10-17]. This fits in with a more generalized trend of
increasing use of mobile apps for tracking and managing many
aspects of health and behavior, providing users with more (sense
of) control [18]. In the Netherlands, a tracing app developed by
the Dutch government (CoronaMelder) was launched on October
10, 2020. The Dutch app uses Bluetooth to register other mobile
phones on which the app is installed, their Bluetooth is active,
and are within a 1.5-meter radius for at least 15 minutes. Data
are stored locally on mobile phones for 14 days. When someone
tests positive for SARS-CoV-2, the Public Health Service (PHS)
will initiate contact tracing. As part of that process, the index

case is asked whether they are using the app and are willing to
notify the contacts that were registered by the app via the app.
The registered contacts will subsequently receive a notification
that they have been close to someone with a SARS-CoV-2
infection and the date on which this happened. In this
notification, the app users are advised to quarantine themselves
with immediate effect and to get tested. From October 10, 2020,
to December 1, 2020, app users who received a notification
were only allowed to be tested free of charge at a PHS facility
if they were symptomatic. However, from December 1, 2020,
onwards, asymptomatic users were also allowed free testing
from the 5th day after the most recent exposure listed in the app
notification.

Introduction of the app required an amendment to Dutch law
[19] and generated much political and societal discussion about
safeguarding the privacy of users. Controlling the spread of
SARS-CoV-2 and protecting personal health are mentioned as
main determinants of the willingness to use contact-tracing apps
[20,21]. Conversely, safety and privacy concerns were
associated with lower willingness to use the app. In general,
41% to 66% of participants were willing to use the app [20,21],
which could be sufficient to reduce SARS-CoV-2 spread [8].
These figures are comparable to other Western European
countries, where over 40% of participants said they would
definitely install such an app, and an additional 35% of
participants would probably install it [22]. However, the
willingness to use an app might not lead to actual use.
Nevertheless, reported app uptake numbers are encouraging
(around 60% in Australia, Denmark, France, and the UK; 75%
in the United States; and 90% in Japan [23]). More data are
needed on actual app use in practice to complement theoretical
models of app impact and willingness to use. Moreover, as
research on other mobile health app has shown, there might be
significant differences in uptake by age, income, education,
health literacy, self-reported health, and intention to engage in
healthy behavior [18]. To what extent those findings apply to
an app such as CoronaMelder remains to be seen, since after
installing it, no further active use of the app is required.

In this study, we therefore aimed to study the self-reported use
of the Dutch CoronaMelder app and determinants of use in a
real-life setting. As data from the app itself are not available
due to privacy policies, we used data registered in the source
and contact-tracing system after notification of a positive
SARS-CoV-2 case instead. We evaluated which proportion of
individuals who tested positive for SARS-CoV-2 (between
October 28, 2020, and February 26, 2021, in the Amsterdam
region) had used the mobile Dutch national contact-tracing app.
Furthermore, we examined whether there were any significant
differences in app uptake by several sociodemographic factors.
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Methods

Population
In the Netherlands, SARS-CoV-2 tests are performed at publicly
funded testing facilities of the PHS and hospitals, free of charge,
or by commercial providers for a fee. SARS-CoV-2 is a
notifiable infection, which means that all confirmed
SARS-CoV-2 cases must be reported to the PHS regardless of
where the testing took place. In this analysis, we included all
adults (≥18 years old) who live in the Amsterdam region and
were approached by the PHS of Amsterdam between October
28, 2020, and February 26, 2021, for contact tracing after a
SARS-CoV-2 diagnosis.

Using data directly from the CoronaMelder app itself was not
possible due to the anonymous nature of those data and privacy
regulations. Therefore, we used data collected by PHS staff
during routine contact tracing by phone and stored in HPZone
(inFact UK Ltd). Routine procedure stipulates that PHS staff
call persons diagnosed with SARS-CoV-2 (ie, cases) in the
Netherlands to inform them about the diagnosis and isolation
measures, and to initiate contact tracing. The case and a PHS
staff member together systematically make an inventory of all
identifiable persons that the case had been in contact with, 2
days prior to the date of symptom onset (if symptomatic) or
positive test result (if asymptomatic). Moreover, PHS staff
members are instructed to ask if the case used the CoronaMelder
app, to note the answer in a standard format in a text field
template in HPZone, and to activate the contact notification
function of the app.

Variables
Data for this study were extracted from HPZone and anonymized
before analysis. We extracted age in years at symptom onset
(for symptomatic cases) or at the time of initiating contact
tracing (for asymptomatic individuals) as a continuous variable.
Other variables of interest were gender, categorized as male
and female (other or nonbinary was not available in the system,
was regarded as missing, and was therefore excluded from the
analyses), and the municipality of residence (Aalsmeer,
Amstelveen, Ouder-Amstel, Diemen, Uithoorn, or Amsterdam).
During contact tracing, contacts were categorized into household
contacts, close contacts, or other contacts. For this study, we
extracted the number of close contacts, defined as contacts with
whom a case had been within 1.5 meters for more than 15
minutes, excluding household contacts. Self-reported country
of birth was recorded and later categorized as the Netherlands,
other Western country, or non-Western country, in accordance
with the definition used by Statistics Netherlands [24].
Employment in health care was categorized as “not,” “hospital,”
“nursing home for elderly,” “other 24-hour care home,”
“in-home care,” and “other health care.” Employment in
education was categorized as “not,” “day care,” “elementary
school,” and “secondary or higher education.” Data on
CoronaMelder app use was extracted using a regular expression
(“Gebruik coronamelder:”) from the free text notes. For those
who used the app, we also extracted data on the reason of
requesting a SARS-CoV-2 test.

Ethical Considerations
The medical ethics committee of the Amsterdam University
Medical Centers deemed it not necessary to fully review the
study, because the study does not fall under the scope of the
Medical Research Involving Human Subjects Act
(W20_432#20.479). No data from the app are used in this paper;
therefore, the privacy regulations of the app were not reviewed
for the purposes of this study, though they can be found on the
web [25].

Analysis
Differences in characteristics between individuals who reported
to use the mobile app and individuals who did not were assessed
with chi-squared tests for categorical variables and
Kruskal-Wallis tests for continuous variables. Trends over time
in data availability on app use, as well as app use itself, were
tested with the Pettitt test. Logistic regression analyses were
performed to identify determinants of mobile app use. First, in
univariable models, we tested for each independent variable
(age, gender, country of birth, municipality, number of close
contacts, employment in health care, and employment in
education) whether they were associated with the dependent
variable—self-reported use of the CoronaMelder app. Second,
we combined all aforementioned independent variables and the
dependent variable in 1 multivariable model. Age in years and
the number of close contacts were added as continuous variables.
As these variables were found to have a nonlinear relation to
the outcome variable in exploratory analysis and regressions,
B-splines were used with respectively 4 and 2 knots and a degree
of 2. Gender and self-reported use of the CoronaMelder app
were added as dichotomous variables, and all other variables
were added as categorical variables. A complete cases analysis
was performed; cases with missing data were excluded from
the analysis. Outliers in the continuous variables age in years
(above 100 years old) and number of close contacts (more than
12 close contacts, 99th percentile) were removed. In sensitivity
analysis, multiple imputation using Multivariate Imputation by
Chained Equations was carried out to impute missing outcomes
and independent variables [26,27]. Analysis was performed
using the statsmodels library in Python3 (Python Software
Foundation) [28].

Results

From October 28, 2020, until February 26, 2021, the PHS of
Amsterdam contacted 34,591 cases who were ≥18 years old
and lived in the region of Amsterdam for contact tracing. We
excluded 3354 (9.7%) cases because data on app use were not
available, 1310 (3.8%) cases because they had missing values
in one of the explanatory variables (such as gender), and 161
(0.47%) cases because they were outliers (>100 years old or
>12 close contacts). Missing data on app use were caused by
either invalid entries (anything except “yes/no” and variants of
this) or missing entries, and they were higher in the first weeks
after the introduction of the app (Figure 1). Cases with missing
data on app use were older and more often born in a
non-Western country.

The median age of the 29,766 included cases was 41 years (IQR
29-55); 13,898 (46.7%) were male, and 18,798 (63.2%) were
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born in the Netherlands (Table 1). At the time of diagnosis,
4824 (16.2%) cases reported using the app. The number of cases
reporting app use decreased significantly over time, especially
after the first week of 2021—until January 4, 2021, a total of
5120 (17.2%) cases used the app, while this was 12,799 (14.3%)
after that date (P=.001).

In total, 2494 (51.7%) out of 4824 app users and 15,442 (61.9%)
out of 24,942 nonusers did not report any close contacts during
the probable infectious period. The median number of reported
close contacts among app users with at least one contact was 2
(IQR 1-4), and 2 (IQR 1-3) among nonusers. Among app users,
314 (6.5%) cases reported to have received a notification by the
app that they had been in contact with a person diagnosed with
SARS-CoV-2. The number of reported close contacts did not
differ significantly between app users who received a
notification and app users who did not receive a notification
(P=.07, median 0; IQR 0-1; 90th percentile=3 for both groups).
In total, 506/3227 (15.7%) individuals working in health care
and 187/1154 (16.2%) individuals working in education used
the app.

In multivariable logistic regression, the odds of reporting app
use increased with increasing age (Figure 2a), until about the

age of 58 years, after which the odds decreased sharply
(P<.001). Men were slightly more likely to report app use than
women (adjusted odds ratio [AOR] 1.11; 95% CI 1.04-1.18;
Table 2). Cases who were born in other Western countries (AOR
0.74; 95% CI 0.65-0.84), and cases born in non-Western
countries (AOR 0.33; 95% CI 0.30-0.36) were less likely to
report app use compared with cases born in the Netherlands.
Compared to cases living in the municipality of Amsterdam,
cases living in most of the surrounding municipalities were
more likely to report app use (eg, AOR 1.96; 95% CI 1.54-2.50
for cases living in Ouder-Amstel). Furthermore, there was a
positive association between reporting more close contacts and
reporting app use (Figure 2b), up to 8 reported close contacts,
above which app use was less likely. Compared to cases not
working in health care, cases working in elderly nursing homes
(AOR 0.48; 95% CI 0.36-0.63) and home care (AOR 0.61; 95%
CI 0.42-0.90) were less likely to report app use. The AOR for
cases working in day care was 0.39 (95% CI 0.26-0.59)
compared to cases not working in education.

The results after multiple imputation were similar to the results
of complete case analyses (data not shown).

Figure 1. The percentage of cases with available data on the use of the contact tracing app (a) and the percentage of cases who used the mobile contact
tracing app (b) by week (w) among SARS-CoV-2 positive cases in the region of Amsterdam (October 28, 2020, to February 26, 2021).
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Table 1.  Characteristics of individuals (≥18 years old) diagnosed with SARS-CoV-2 in the region of Amsterdam by reported mobile app use (October
28, 2020, to February 26, 2021).

P valuebNonusers (n=24,942)App users (n=4824)Totala (N=29,766)Characteristics

.8941 (29-55)42 (29-54)41 (29-55)Age (years), mean (IQR)

<.001Gender, n (%)

13,431 (84.6)2437 (15.4)15,868 (53.3)Female

11,511 (82.8)2387 (17.2)13,898 (46.7)Male

<.001Country of birthc, n (%)

14,995 (79.8)3803 (20.2)18,798 (63.2)Netherlands

8386 (92.0)730 (8.0)9116 (30.6)Non-Western

1561 (84.3)291 (15.7)1852 (6.2)Other Western

<.001Municipality, n (%)

21,138 (84.7)3832 (15.4)24,970 (83.9)Amsterdam

655 (76.9)197 (23.1)852 (2.9)Aalsmeer

1513 (78.8)408 (21.2)1921 (6.5)Amstelveen

750 (83.8)145 (16.2)895 (3.0)Diemen

241 (70.9)99 (29.1)340 (1.1)Ouder-Amstel

645 (81.9)143 (18.2)788 (2.7)Uithoorn

<.0010 (0-1)0 (0-2)0 (0-1)Median close contacts, mean (IQR)

<.001Close contacts, n (%)

15,442 (86.1)2494 (13.9)17,936 (60.3)0

7397 (81.0)1736 (19.0)9133 (30.7)1-3

1575 (77.8)449 (22.2)2024 (6.8)4-6

528 (78.5)145 (21.6)673 (2.3)>6

<.001Employment in health care, n (%)

22,221 (83.7)4318 (16.3)26,539 (89.2)No

683 (80.8)162 (19.2)845 (2.8)Hospital

607 (91.4)57 (8.6)664 (2.2)Nursing home for elderly

282 (85.2)49 (14.8)331 (1.1)Other 24-hour care home

230 (88.1)31 (11.9)261 (0.9)Home care

919 (81.6)207 (18.4)1126 (3.8)Other health care

<.001Employment in education, n (%)

23,975 (83.8)4637 (16.2)28,612 (96.1)No

314 (92.4)26 (7.7)340 (1.1)Yes, day care

507 (79.6)130 (20.4)637 (2.1)Yes, elementary school

146 (82.5)31 (17.5)177 (0.6)Yes, secondary or higher education

aFrom the total sample, the following have been excluded: 3354 cases because of missing data on app use, 1310 cases because of missing values on an
independent variable, and 161 cases because of outliers on continuous variables.
bP values for differences between app users and nonusers were assessed with Kruskal-Wallis tests for age and number of close contacts, and with
chi-squared tests for all other variables.
cFor the categorization of country of birth into non-Western or other Western, the definition from Statistics Netherlands was used [24].
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Figure 2. Predicted probability of reporting CoronaMelder app use by (a) age in years and (b) the reported number of close contacts, resulting from
multivariable logistic regression analysis using B-splines among 29,766 SARS-CoV-2 positive cases in the region of Amsterdam (October 28, 2020,
to February 26, 2021).
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Table 2. Factors associated with mobile app use among 29,283 individuals (≥18 years old) diagnosed with SARS-CoV-2 in the region of Amsterdam
(October 28, 2020, to February 26, 2021).

P valueAORc (95% CI)bP valueORa (95% CI)bCharacteristics

<.001—<.001—eAged

.002<.001Gender

—1Female

1.11 (1.04-1.18)1.14 (1.07-1.22)Male

<.001<.001Country of birthd

—1Netherlands

0.74 (0.65-0.84)0.74 (0.65-0.84)Other Western

0.33 (0.30-0.36)0.34 (0.32-0.37)Non-Western

<.001<.001Municipality

11Amsterdam

1.34 (1.13-1.58)1.66 (1.41-1.95)Aalsmeer

1.43 (1.27-1.61)1.49 (1.33-1.67)Amstelveen

1.02 (0.85-1.23)1.07 (0.89-1.28)Diemen

1.96 (1.54-2.50)2.27 (1.79-2.87)Ouder-Amstel

1.03 (0.85-1.25)1.22 (1.02-1.47)Uithoorn

<.001—<.001—Number of close contactsf

<.001<.001Employment in health care

11No

1.02 (0.85-1.22)1.22 (1.03-1.45)Hospital

0.48 (0.36-0.63)0.48 (0.37-0.64)Nursing home for elderly

0.78 (0.57-1.06)0.89 (0.66-1.21)Other 24-hour care home

0.61 (0.42-0.90)0.69 (0.48-1.01)Home care

0.95 (0.81-1.12)1.16 (0.99-1.35)Other health care

<.001<.001Employment in education

11No

0.39 (0.26-0.59)0.43 (0.29-0.64)Yes, day care

1.07 (0.88-1.31)1.33 (1.09-1.61)Yes, elementary school

0.91 (0.61-1.35)1.1 (0.74-1.62)Yes, secondary or higher education

aOR: odds ratio.
bSignificant associations are italicized.
cAOR: adjusted odds ratio.
dFor the categorization of country of birth into non-Western or Other Western, the definition from Statistics Netherlands was used [24].
eNot applicable.
fVariables modelled as B-splines (Figure 2).

Discussion

Principal Findings
In this study, we found that fewer than 1 in 6 individuals
diagnosed with SARS-CoV-2 in the region of Amsterdam
reported using the CoronaMelder contact-tracing app. As 24,942
(84%) out of 29,766 cases were not using the app, their close
contacts could never receive a notification through the app, even
though they might have installed it themselves. Only 6.5%

(1935/29,766) of the positive cases with the app had received
an app notification themselves. Reporting app use was associated
with being middle-aged, having a few (ie, 3-8) close contacts
during the infectious period, living in municipalities surrounding
Amsterdam (rather than the city itself), and being born in the
Netherlands. App use was less often reported by individuals
with more than 8 close contacts and individuals who are born
outside the Netherlands.
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Limitations
Caution is warranted when interpreting these results and the
potential explanations and implications. Moreover, these results
cannot be directly extrapolated to the general population,
including those who did not test positive for SARS-CoV-2.
According to national data, over 4.5 million people have
downloaded the app during the study period [29], which is
approximately 26% of the Dutch population. In our study
population of cases, however, this percentage was only 16%
(4824/29,766). It is possible that the cases included in our
sample represent a population that is less likely to take any
preventive measures. It is also possible that PHS staff did not
consistently ask cases about app use, as Amsterdam has been
a region with high infection numbers, leading to high work
pressure for the contact-tracing team. On the other hand, the
national number is a cumulative number that does not account
for app removals or inactivation, multiple app downloads by
one person, or underreporting of app use during contact tracing,
while the number in our study represents prevalent use. A second
limitation is that the routine PHS data were not collected for
the purpose of scientific research. This limits the number of
variables and thus the potential to explain our observations.
Furthermore, ascertainment bias may have been introduced
because data may not have been collected consistently and
uniformly. However, sensitivity analysis showed that bias caused
by missing data was very small.

Comparison With Prior Work
In Dutch acceptability studies performed prior to the
introduction of the app, in April 2020, younger individuals
reported to be more willing to download the app once available
[20,21]. A survey performed in France, Germany, Italy, the
United Kingdom, and the United States showed the same age
trend [22]. Willingness to download the app was associated
with positive attitudes toward technology and with fear for
COVID-19 [21]. However, in our study, middle-aged individuals
were more likely to use the app compared to younger
individuals. Fear for COVID-19 might have played a role in
these older age groups, in line with their higher risk of more
serious disease once infected. Conversely, the absence of fear,
privacy concerns, and a lower willingness to obey COVID-19
control measures might have been more important among
younger individuals. The oldest individuals in our study were
less likely to use the app, which may relate to lower smartphone
and app usage among elderly people in general [18]. This is
supported by another evaluation of the same CoronaMelder app,
which showed that elderly people had problems with
understanding why, when, and how to use the app [30].

Cases living in the municipalities of Amsterdam or Diemen,
the latter being geographically strongly connected to
Amsterdam, were less likely to use the app compared with cases
in the surrounding municipalities. Improving app use in more
densely populated urban settings might be worthwhile because
the app is especially useful to identify anonymous close contacts
who cannot be traced otherwise. Additionally, we found strong
associations with being born outside the Netherlands and not
using the app. If national app usage trends reflect those found
in our sample, this would be worrisome given that previous

studies in Amsterdam and internationally have shown that some
ethnic minority groups are disproportionately affected by
SARS-CoV-2 [31-36]. Cultural differences or distrust in the
authorities may underlie this observation, but other more
practical issues might be important as well. Even though the
app itself and information on the CoronaMelder app website
are available in 10 different languages, language barriers might
still exist, and communication about the app might not reach
all groups. Unfortunately, the routine data used in this study do
not contain information on language skills or parental birth
country, and thus we cannot investigate app use among
second-generation immigrants. Further research in this group
is therefore needed to reduce health inequalities between ethnic
groups [35,36].

While the likelihood of using the app increased with the number
of close contacts in the range of 0 to 8 close contacts, it
decreased with higher number of contacts. The advantages of
using an app for contact tracing include speed, the fact that
anonymous close contacts can be reached, and that there is no
recall bias, which is especially beneficial among individuals
with many contacts. Thus, it might be worthwhile to study
barriers for use and promote app use among individuals with
many close contacts.

Lastly, we saw moderate differences in app use among people
working in high-risk professions during which many contacts
may be unavoidable. In the health care sector, precautions are
taken to prevent infection (eg, use of personal protective
equipment). Using the app during working hours may result in
false notifications that are indistinguishable from notifications
after real risk contacts. This might explain why people working
in nursing homes and home care were using the app less often
compared to individuals not working in health care. However,
a pause button was introduced to the app (to be used in situations
such as when the phone is left in a locker) to allow people to
keep the app but reduce the chance of receiving false
notifications [37]. Place of work as a reason for not downloading
the app was mentioned in a survey in the United Kingdom [38].
Individuals working in day care centers were also less likely to
have the app. For this group, the app could be of added value
because they encounter parents of children without full
protection.

If contact-tracing apps are used efficiently and uptake is high,
they have the potential to speed up contact tracing, identify
contacts that would otherwise go unnoticed, and prevent
infections. For instance, the app of the National Health Service
in the United Kingdom has been downloaded by 49% of the
eligible population with compatible smartphones [39], which
is >30% of the total population. A modelling study showed that
this app averted about one case per index case willing to send
the notification to their contacts [39]. The percentage of the
population who downloaded tracing apps was also high in
countries such as Germany, Switzerland, and Finland (ie,
32%-45%), but much lower in Spain, Italy, and France (ie,
15%-19%) [40]. This high level of adoption in some countries
could be driven by the fact that the National Health Service app
and the German app are among several apps that combine the
tracing function with other features such as local area risk
indicators and a link for booking a test, or by differences in
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promotion efforts. The Dutch Ministry of Health decided not
to equip the CoronaMelder app with such additional features
that might appeal to users, and soon after introduction, it stopped
actively promoting app use. Instead, the Dutch Ministry of
Health developed a second national app to function as a
COVID-19 passport, registering vaccinations, recovery from
infection, and negative test results. Combining the
contact-tracing app and the corona passport app might have
increased use of the tracing app. This knowledge, combined
with the observed low uptake of the app in our sample, suggests
that, to yield its potential effect on the control of the COVID-19
epidemic, the app needs to be used by more people. Based on
our findings, app promotion efforts should particularly target
younger individuals, individuals with >8 close contacts, and
individuals who are not born in the Netherlands.

Conclusions
This study shows that app use is low; only 4824 (16.2%) out of
29,766 individuals who tested positive for SARS-CoV-2 in the
Amsterdam region. Moreover, we observed significant
differences in app uptake by sociodemographic factors. Elderly
persons, women, people not born in the Netherlands, and those
either reporting none or many close contacts were less likely to
have installed the CoronaMelder app. If confirmed in a
nationally representative sample, this would mean the app is
unlikely to have the impact on SARS-CoV-2 spread it could
potentially have. Moreover, app uptake seems to be lower in
certain subgroups of the population, indicating that more
targeted efforts to improve uptake are necessary.
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Abstract

Background: Cognitive behavioral therapy–based interventions are effective in reducing prenatal stress, which can have severe
adverse health effects on mothers and newborns if unaddressed. Predicting next-day physiological or perceived stress can help
to inform and enable pre-emptive interventions for a likely physiologically and perceptibly stressful day. Machine learning models
are useful tools that can be developed to predict next-day physiological and perceived stress by using data collected from the
previous day. Such models can improve our understanding of the specific factors that predict physiological and perceived stress
and allow researchers to develop systems that collect selected features for assessment in clinical trials to minimize the burden of
data collection.

Objective: The aim of this study was to build and evaluate a machine-learned model that predicts next-day physiological and
perceived stress by using sensor-based, ecological momentary assessment (EMA)–based, and intervention-based features and to
explain the prediction results.

Methods: We enrolled pregnant women into a prospective proof-of-concept study and collected electrocardiography, EMA,
and cognitive behavioral therapy intervention data over 12 weeks. We used the data to train and evaluate 6 machine learning
models to predict next-day physiological and perceived stress. After selecting the best performing model, Shapley Additive
Explanations were used to identify the feature importance and explainability of each feature.

Results: A total of 16 pregnant women enrolled in the study. Overall, 4157.18 hours of data were collected, and participants
answered 2838 EMAs. After applying feature selection, 8 and 10 features were found to positively predict next-day physiological
and perceived stress, respectively. A random forest classifier performed the best in predicting next-day physiological stress (F1
score of 0.84) and next-day perceived stress (F1 score of 0.74) by using all features. Although any subset of sensor-based,
EMA-based, or intervention-based features could reliably predict next-day physiological stress, EMA-based features were
necessary to predict next-day perceived stress. The analysis of explainability metrics showed that the prolonged duration of
physiological stress was highly predictive of next-day physiological stress and that physiological stress and perceived stress were
temporally divergent.

Conclusions: In this study, we were able to build interpretable machine learning models to predict next-day physiological and
perceived stress, and we identified unique features that were highly predictive of next-day stress that can help to reduce the burden
of data collection.

(JMIR Mhealth Uhealth 2022;10(8):e33850)   doi:10.2196/33850
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Introduction

Background
Welcoming a new member to the family is cause for celebration
but can also lead to substantial stress, particularly for mothers.
A systematic review of perinatal depression (PD) predictors
identified prenatal stressors as either episodic (eg, life events
or daily hassles) or chronic (eg, parenting stress, perceived
stress, and chronic strain) [1]. Lack of social support, stressful
life events, domestic violence, low socioeconomic status, and
past history of depression contribute significantly to increased
prenatal stress [2,3]. Maternal stress can lead to preterm birth
or low birth weight [4,5], which are leading causes of infant
mortality in the United States [6,7], or structural malformations
[8] and psychosocial impairment [9].

To mitigate these negative outcomes, a number of interventions
have been developed and tested to reduce stress in pregnant
women, often using the principles of mindfulness [10-15] and
cognitive behavioral therapy (CBT) [16-19] in group or
individual format. A key characteristic of many CBT-based
interventions is the inclusion of personal practice or homework
between intervention sessions to facilitate adoption of newly
learned skills [20]. Such homework can take the form of
technologically supported just-in-time (JIT) interventions [21],
which in the case of maternal stress can enhance effectiveness
of stress-reducing techniques. Incorporation of JIT interventions
is facilitated by technology that participants can receive on
mobile phones. Use of JIT interventions is associated with
improvement in mental health symptoms and conditions that
these interventions target [22-24]. However, the timing of
interventions may affect participation [25], especially given
that JIT interventions typically require individuals to perform
an action in the moment to achieve desired outcomes. To
appropriately target stress with JIT interventions, it is necessary
to identify factors that are most predictive of stress to develop
a mechanism to proactively detect and deliver a timely
preventive intervention.

However, there is no singular definition of stress and the
mechanisms underlying physiological and perceived stress are
different, requiring different means of detection and prediction
[26]. Physiological stress that persists from one day to the next,
or residual stress, can be most damaging to neurovascular health
and lead to chronic diseases [27,28]. Although it is unclear how
perceived stress maps onto future disease state, perceived stress
can be debilitating and linked to poor life satisfaction [29]. The
ability to predict next-day stress, whether physiological or
perceived, and to understand predictors of either type of stress
may allow for advanced scheduling of JIT interventions that
help to reduce or prevent next-day stress.

Machine learning models have been used to successfully predict
both physiological and perceived stress; however, few models
predict beyond the near future while also explaining the driving
forces behind the predictions. Several sensing systems have
been designed to forecast physiological stress in the future

[30,31]. However, studies predicting physiological stress are
often performed in a laboratory owing to the limited feasibility
of frequent stress assessments in the wild [32]. Other studies
have captured both perceived and physiological stress but only
consider physiological stress when determining ground truth
for the machine-learned models [33]. The few examples of
next-day stress prediction using prior days’ data [34,35] either
focused on testing the difference between generalized and
personalized models or focused primarily on prediction of
perceived stress.

Being able to predict stress earlier and with minimal data
collection burden while assessing the interpretability of the
model will allow researchers to improve their understanding of
the learned model, increasing their understanding of how the
model determines stress the next day and informing the design
of JIT intervention. Models can use global explanations, which
attempt to describe the overall functionality of the learned model
(eg, feature importance), or local explanations, which are aimed
at explaining the model’s reasoning for a specific instance.
Some types of explanations such as Shapley Additive
Explanations (SHAP) [36] enable greater interpretability of
models and are considered model agnostic, providing both global
and local explanations. SHAP can be used to create global
explanations by aggregating SHAP values to create feature
importance, summary, and dependence plots. SHAP values are
feature attributions that act as driving forces either contributing
to the prediction or not. Ultimately, these results can inform
means of low-burden early stress detection, which in turn
enables scheduling of JIT intervention content that prevents
future stress and its correlates.

Objectives
In this pilot study, we aimed to predict next-day stress in
pregnant women who participated in a perinatal stress reduction
course. Specifically, we obtained data from sensors and
participant self-report and then used several machine learning
models to find the best performer. We evaluated the potential
of our model to predict next-day stress and applied an
explainability model to provide meaning to our predictions.

Methods

Study Design
We collaborated with a private university’s obstetrics and
gynecology clinic to recruit pregnant women into our study. To
be eligible for enrollment, women had to be aged ≥18 years,
enrolled at 10 to 18 weeks’ gestation with a singleton pregnancy,
and own a smartphone. Women were excluded if they had a
known medical or pregnancy complication that may place their
infant at risk for neurological disorders or significant mental
health disorders.

Upon enrollment, participants received a 12-week
person-to-person intervention called the Mothers and Babies
(MB) course [19] from a master’s-level social worker and wore
a mobile electrocardiography (ECG) sensor, BioStampRC
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(MC10), to capture heart rate (HR) data (Figure S1 in
Multimedia Appendix 1). Throughout the study, participants
received SMS text messages on their mobile phones in the form
of ecological momentary assessment (EMA) surveys for
self-reported stress assessment. During the first intervention
session, participants were shown the BioStampRC sensor and
trained to use it. Subsequent MB intervention sessions (1:1
interventions) were delivered every 1 to 2 weeks by the same
social worker, either in person or through the phone. At the end
of 12 intervention sessions, participants returned the sensor and

were asked to provide feedback on the usability and wearability
of the sensor, as well as the acceptability of the EMA surveys
through a semistructured exit interview. The women received
US $200 compensation for completing the study.

After the completion of the study, we performed data extraction
and preprocessing and then applied machine learning models
and a SHAP explainability model to identify predictors of
next-day physiological and perceived stress. Overviews of the
study design and MB program are shown in Figures 1 and 2,
respectively.

Figure 1. Data collection and processing pipeline for predicting next-day stress. CBT: cognitive behavioral therapy; EMA: ecological momentary
assessment.

Figure 2. Mothers and Babies program intervention schedule and content. JIT: just-in-time.

Ethics Approval
The study was approved by Northwestern University’s
institutional review board (approval number: STU00205776),
and all women provided written informed consent before
enrollment.

MB Course
The MB course is an effective, evidence-based intervention
originally developed for preventing postpartum depression [37].
The MB course comprises a dozen 1:1 sessions, each designed
to last for 15 to 20 minutes. The intervention provides a toolkit
of cognitive behavior approaches to promote increasing healthy
behaviors, helpful thoughts, and social support within the
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context of parenting and bonding with one’s baby. Throughout
the course, a variety of mindfulness practices are introduced
along with mindfulness tips to support integration into daily
life. The first 2 MB sessions introduce the cognitive behavior
model and discuss the relationship between one’s mood and
stress and one’s behaviors, thoughts, and social interactions.
The pleasant activities module (sessions 3-5) focuses on
identifying and increasing engagement in pleasant activities
alone, with others, and with one’s baby. The thoughts module
(sessions 6-8) focuses on strategies to increase helpful thoughts
and decrease unhelpful thoughts. The contact with others module
(sessions 9-11) focuses on increasing positive and supportive
interactions with other people.

The MB sessions were delivered weekly or every other week,
occasionally with 2 sessions delivered in 1 visit to facilitate
timely completion of the intervention, allowing for participant
scheduling needs. In addition, participants received a JIT
intervention, consisting of 4 SMS text messages, every other
day at 7:45 PM on their mobile phones after each completed
1:1 intervention. The SMS text messages included brief
messages and links to external content (eg, worksheets, videos,
and guided mindfulness practices) and were designed to
reinforce the most recent 1:1 intervention content and to
encourage skill practice so that the skills become more
frequently used to manage stress in one’s daily life [38].

Assessments
Baseline demographics and pregnancy history were collected.
Depression symptoms at baseline were measured using the
Edinburgh Postnatal Depression Scale (EPDS), a validated
10-item self-report assessment that is the most frequently used
PD screening tool. The EPDS assesses symptoms of anxiety
and depression, both of which are frequent features in perinatal
mood disorders and excludes symptoms that are commonly
experienced during pregnancy and the postpartum period, such
as changes in sleep and appetite. Individual responses are scored
on a scale from 0 to 3, with 0 indicating no symptoms of
depression and 3 indicating high frequency of depression
symptoms. The total score ranges from 0 to 30, with higher
scores indicating increased severity and frequency of depression
symptoms.

We collected ECG data using a patch-like flexible sensor,
BioStampRC, that was placed on the left side of the participant’s
chest. The BioStampRC is effective in using HR-based features
to predict physiological and perceived stress in pregnant women
[39]. Participants used a study-provided tablet to start and stop
sensor recording and to upload completed recordings to a secure

cloud platform at the end of the day. Participants were asked to
wear the device during waking hours throughout the 12-week
study and could take a few days off to prevent adverse effects
of wearing a strong adhesive in the same location every day.

At the time of study enrollment, all participants were asked to
identify their usual daily wake and sleep times, and daily EMA
questionnaires were programmed to be sent 5 times a day at
evenly distributed intervals within each participant’s waking
hours. Each EMA questionnaire consisted of 12 questions (Table
S1 in Multimedia Appendix 1).

Model Development

Sensor Data Processing
During the processing pipeline, we first filtered out noisy
segments of the ECG signal and calculated interbeat intervals
(IBIs) for each 1-minute segment. We then extracted HR
variability (HRV)–based features and classified each minute as
physiological stress positive or physiological stress negative
(Figure 3).

To remove noisy signals caused by sensor deformation because
of skin stretching, we first segmented the cleaned ECG signal
using a window size of 1 minute with 30 seconds of overlap.
Noise was filtered using an ensemble support vector machine
(SVM) and neural network noise model described by Zhang et
al [40]. The model involves further segmenting of each 1-minute
ECG signal into 0.6-second intervals, extracting 3 HRV-based
features from the R peaks detected, running both pretrained
SVM and neural network classifiers, and classifying each
interval as clean or noisy based on agreement between both
models. Within each segment, we discarded segments with
>20% noise. We further analyzed the cleaned 1-second segments
using a reliability metric: the ratio of the number of data points
collected in 1 second divided by the expected sampling rate.
The segments were defined as high quality if the reliability was
>80%, and low-quality segments were discarded.

Next, we repeated segmenting of clean ECG signals by 1-minute
windows with 30 seconds of overlap to extract R peaks and
IBIs. We then ran a Shannon energy based algorithm with
modifications of nonlinear transformation and first-order
Gaussian differentiator for extracting the initial set of R peaks
[41,42]. Subsequently, we used the criterion beat difference
[43] to filter out R peaks that were inconceivable (ie, out of
normal heart rhythm range for humans). We then extracted
timestamps between each pair of consecutive R peaks to
calculate the IBIs.
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Figure 3. Sensor data processing pipeline. The red lines denote noisy segments of the signal by noise model. Red dots are R peaks, and red crosses are
invalid peaks filtered by CBD. CBD: criterion beat difference; ECG: electrocardiography; HRV: heart rate variability; IBI: interbeat interval.

Feature Extraction
A full list of features extracted for the model is provided in
Table S2 in Multimedia Appendix 1.

Using the minute-level IBIs for each participant per day, we
extracted 30 HRV-based features, and from these, we extracted
17 duration-based features. We calculated the average of each
feature within a single day to define the day-level feature value.
Given that prolonged stress may have different lasting effects
compared with brief periods of physiological stress, we
calculated an additional 17 duration-based features, which
calculated the time spent physiologically stressed while wearing
the sensor. As there is no formal duration that defines a stressful
event, we crafted features that captured a range of minimum
consecutive stress-positive window sizes (1, 2, 5, and 10
minutes). To create the features, we first adapted a pretrained
SVM grid-search model from King et al [39] that classifies
minute-level ECG signal as physiologically stress positive or
physiologically stress negative. Specifically, the pretrained
SVM model takes 30 statistical features extracted from R-R
intervals (the time elapsed between 2 successive R-waves of
the QRS signal on the electrocardiogram) and peaks by each
minute of ECG signal and outputs the ground truth of stress
positive or stress negative. Next, we used 1-, 2-, 5-, and
10-minute consecutive windows to derive total consecutive
minutes and episodes from minute-level stress minutes.

We extracted 13 EMA-based features. A total of 12 questions
were sent, with 7 questions inquiring about negative emotions
and 5 questions inquiring about positive emotions (Table S1 in
Multimedia Appendix 1).

These questions included the 4-item Perceived Stress Scale
(PSS; ie, the PSS-4) [44], a widely used perceived stress
evaluation questionnaire. The response options for each question

of the PSS-4 range from 0 to 4, with the final range between 0
and 16, with 0 indicating no stress and 16 indicating very high
stress. We calculated the mean score of the responses for each
question per day to obtain the 12 daily scores as EMA-based
features. By averaging responses to all the PSS-4 questions in
a day, we derived the 13th EMA-based feature.

The following 4 intervention-based features were extracted from
the 1:1 interventions and JIT interventions: intervention day
(ie, whether the prior day was 1:1 intervention day), count
intervention (cumulative number of 1:1 interventions received
up to the prior day), JIT intervention day (ie, whether a JIT
intervention was sent the prior day), and count JIT intervention
(cumulative number of JIT interventions received up to the prior
day). As the timing of intervention distribution varied, the count
JIT intervention and count intervention variables enabled us to
factor in the cumulative number of interventions. If either
cumulative variable negatively predicted next-day stress, we
were able to suggest that length of participation was negatively
correlated with stress levels. If JIT intervention day and
intervention day negatively predicted next-day stress, we were
able to suggest short-term effectiveness of the interventions
because they only indicated prior-day information.

We factored in the following 5 participant characteristics as
covariates: age, gestational age at enrollment, number of prior
pregnancies, number of prior children, and EPDS score (Table
S3 in Multimedia Appendix 1 shows all participant
characteristics).

Physiological Stress: Ground Truth
To establish ground truth for next-day physiological stress, we
first fed the 30 HRV-based features to the model described by
King et al [39] to determine the minute-level stress
classification. From the model output, we calculated total

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 8 |e33850 | p.150https://mhealth.jmir.org/2022/8/e33850
(page number not for citation purposes)

Ng et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


consecutive stress minutes from all 1-minute–level classification
results. A day was labeled as physiologically stress positive if
the total number of consecutive stress minutes was >50%, based
on previously published literature [45].

Perceived Stress: Ground Truth
Ground truth for perceived stress was labeled by calculating the
average value of PSS-4 scores throughout a given day. PSS-4
was calculated using the Cohen Perceived Stress Scale by
combining the 4 PSS items (PSS-Control, PSS-Overcome,
PSS-Confident, and PSS–Your Way). A day was labeled as
perceived stress positive if the PSS-4 score was >4.7 [46].

Results

Participants
A total of 16 pregnant women enrolled in the study.
Demographics and data captured are shown in Table 1. In total,
the participants collected 4157.18 hours of data over a total of
344 days, of which 256 (74.4%) were consecutive, with 114

(44.5%) being nonstressed days and 142 (55.5%) being stressed
days. After filtering out noise, 89.2% (3708/4157.18) of the
data remained clean for prediction. Participants wore the sensor
for a mean of 21.5 (SD 5.21) days, with a mean of 16 (SD 3.28)
days being consecutive days. Of the 16 participants, 14 (88%)
had consecutive events of perceived stress recorded. Across all
participants, a total of 956 days with EMA records were
collected, with 881 (92.2%) being consecutive days. Among
these 881 consecutive days, there were 412 days (46.7%) being
nonstressed and 469 days (53.3%) being stressed. Participants
answered a mean of 2.9 (SD 0.89) EMA questions per day.
These results are supported by Wakschlag et al [45], who found
that pregnant women experience stress an average of 49.9% of
the day. Of the 16 participants, 3 (19%) did not wear the sensor
for any consecutive days (necessary to predict next-day stress),
and therefore data from these participants were discarded. Tables
S4 and S5 in Multimedia Appendix 1 shows the quantity of
sensor data and EMA data, respectively, collected by each
participant.

Table 1. Participant characteristics and the amount of sensor and ecological momentary assessment (EMA) data captured (N=16).

ValuesData captured

35 (30-39)Age (years), median (range)

11.5 (10-17)Gestational agea (weeks), median (range)

1 (0-2)Number of prior children, median (range)

2 (1-5)Number of prior pregnancies, median (range)

7.2 (3.4)EPDSb score, mean (SD)a

Sensor data capturedc

23 (5-68)Days worn, median (range)

16 (4-59)Consecutive days worn, median (range)

245.6 (65.6-797.9)Total wear time (hours), median (range)

87.9 (64.9-98.9)Clean data (%), median (range)

13.0 (1.55; 9.2-14.5)Hours worn per day, mean (SD; range)

EMA data capturedc

71 (30-94)Days answered, median (range)

65.5 (24-93)Consecutive days answered, median (range)

190 (64-346)Total EMAs answered, median (range)

2.9 (0.88; 1.2-4.6)EMAs answered per day, mean (SD; range)

aAt enrollment.
bEPDS: Edinburgh Postnatal Depression Scale.
cData from 3 participants were outliers in wear time and thus excluded from analysis.

Model Validation

Baseline Model Evaluation
We tested 6 widely used machine learning models using the
scikit-learn Python package to evaluate the importance of input
variables on next-day prediction of perceived and physiological
stress [47-49]. In baseline models, we included the following
models with default hyperparameters: gradient boost machine
(min_samples_split: 5; min_samples_leaf: 2; max_depth: 3),

SVM (kernel: rbf; C: 1.0; gamma: “scale”), adaptive boosting
(n_estimators: 50), naïve Bayes, decision tree
(min_samples_split: 5; min_samples_leaf: 2; max_depth: 3),
and random forest (n_estimators: 10; min_samples_split: 5;
min_samples_leaf: 2; max_depth: 3). In all baseline models,
we used all 69 features as input to predict next day’s
physiological and perceived stress and applied 5-fold
cross-validation on each model. Each fold consisted of 80%
training data and 20% testing data randomly selected from all
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participants combined. We adopted commonly used evaluation
metrics (precision, recall, and F1 score) for binary classification
[50]. The random forest classifier performed best across both
types of stress, with an average F1 score of 81.9% when
predicting physiological stress and 72.5% when predicting
perceived stress.

Correlation-Based Feature Subset Selection
We used correlation-based feature selection (CFS) [51] on our
set of 69 features (4 intervention related, 5 covariates, 30 HRV
based, 17 duration based, and 13 EMA based). CFS helps
evaluate the intrinsic correlations within features to avoid
redundancy and high feature-class correlation to maintain or
increase predictive power. CFS helped to reduce the number of
features, which allowed us to understand which data we may
not need to collect in the future or to explain which features are
not contributing to the resulting prediction.

Bayesian Optimization
In addition to CFS for selecting the optimal subset of features,
we adapted Bayesian optimization based on the work of Snoek

et al [52] and the Python implementation package built by
Nogueira [53]. In Bayesian optimization, the general
performance of the selected machine learning algorithms was
modeled as a sample from a Gaussian process, and the nature
of the Gaussian process helped to optimize and tune the
hyperparameters to further improve the model performance.

Combination of Feature Types
To reduce the burden of data collection by removing features
without sacrificing significant predictive power (as measured
by the F1 score), we ran random forest with 5-fold
cross-validation with various combinations of sensor-, EMA-,
and intervention-based data. For both types of stress, we used
6 combinations of data: sensor only, EMA only, intervention
only, sensor with EMA, intervention with EMA, and
intervention with sensor. We then compared the results with
those of a model that used all types of data. For physiological
stress predictions, with any combination of data types, the
average F1 score remained >73% (Figure 4). For perceived
stress predictions, only combinations with EMA data continued
to perform well (Figure 5).

Figure 4. 5-fold cross-validation of next-day physiological stress by subset of feature types. EMA: ecological momentary assessment.
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Figure 5. 5-fold cross-validation of next-day perceived stress by subset of feature types. EMA: ecological momentary assessment.

Model Performance
First, CFS was applied to select the subset of features used to
build physiological and perceived stress models. Next, we
applied Bayesian optimization to all the baseline models.
Random forest outperformed the rest of the models after the
hyperparameters were optimized (n_estimators, criterion,
max_depth, min_samples_split, and max_features) using a range
of 200 values for each continuous hyperparameter (eg,
n_estimators) and the maximum number of options for each
categorical hyperparameter (eg, criterion). The detailed

hyperparameters after optimization are presented in Table S6
in Multimedia Appendix 1. The resulting F1 score increased to
83.6% when predicting physiological stress and 74.4% when
predicting perceived stress.

Figures 6 and 7 show the results of using the 6 different
classifiers to predict next-day physiological stress and perceived
stress, respectively, and show F1 scores in descending order
using the associated subset of features identified by CFS. These
data in table format are shown in Tables S7 and S8 in
Multimedia Appendix 1.
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Figure 6. Predicting next-day physiological stress by using 6 different machine learning models using 5-fold cross-validation. Boxes indicate the IQR,
whiskers indicate the minimum and maximum, and solid lines indicate the median. AdaBoost: adaptive boosting; GBM: gradient boosting machine;
SVM: support vector machine.

Figure 7. Predicting next-day physiological stress by using 6 different machine learning models using 5-fold cross-validation. Boxes indicate the IQR,
whiskers indicate the minimum and maximum, and solid lines indicate the median. AdaBoost: adaptive boosting; GBM: gradient boosting machine;
SVM: support vector machine.

Feature Importance
We applied SHAP on the 8 features selected by the random
forest model (because random forest performed best with the
highest F1 score) to predict physiological stress. The top 5
features ranked by mean absolute SHAP values were as follows:
number of consecutive stress minutes by 10-minute minimum

threshold, count of interventions, number of consecutive stress
minutes percentage by 10-minute minimum threshold, number
of children, and PSS-Overcome (Figure 8). The following were
also predictive but exhibited mean SHAP values of <0.05,
suggesting lower predictive value: JIT intervention day,
intervention day, and binary stress.
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Similarly, SHAP was applied on 10 features selected by the
random forest model to predict perceived stress. The top 6
features ranked by mean absolute SHAP values were as follows:
PSS-4, PSS-Control, PSS-Overcome, number of children, happy
stress, and content stress (Figure 9). The following features
were also predictive but exhibited mean SHAP values of <0.05:
worried stress, binary stress, JIT intervention day, and
intervention day.

The SHAP analysis of physiological stress (Figure 10) showed
that the greater the number of consecutive stress episodes
(minimum of 10 minutes per stress event), the more likely the
following day would also be a physiologically stressful day.

Conversely, the greater the number of count interventions
(cumulative number of 1:1 interventions received up to the prior
day), the lower the physiological stress the next day.

The SHAP analysis of perceived stress (Figure 11) shows that
low values of PSS-4 (<4.0) are characterized by negative SHAP
values; this suggests that lower PSS-4 scores are related to a
lower likelihood of next-day perceived stress prediction. High
values of PSS-Control (>2.0; ie, not feeling as though one can
control important things) were generally associated with positive
SHAP values: predictions of higher perceived stress the next
day.

Figure 8. SHAP summary plot for feature importance in predicting physiological stress. JIT: just-in-time; PSS: Perceived Stress Scale; SHAP: Shapley
Additive Explanations.

Figure 9. SHAP summary plot for feature importance in predicting perceived stress. JIT: just-in-time; PSS: Perceived Stress Scale; SHAP: Shapley
Additive Explanations.
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Figure 10. SHAP dependence plot for physiological stress features with values >0.05. SHAP: Shapley Additive Explanations.

Figure 11. SHAP dependence plot for perceived stress features with values >0.05. PSS: Perceived Stress Scale; SHAP: Shapley Additive Explanations.

Furthermore, we observed a distribution of negative SHAP
values for happy stress scores >20 and content stress scores
>40, suggesting that higher scores in these areas tend to drive
predictions of less stress the following day. However, some
observations with positive SHAP values were distributed across
a wide range of scores; we suspect these were due to interactions
with other features.

The EMA-based feature PSS-Overcome (“Did you feel
difficulties piling up so you cannot overcome them?”) generally
seemed to predict lower levels of next-day physiological stress
but higher levels of next-day perceived stress (Figure 12).
Although the feature number of children scored highly important

when predicting next-day physiological stress and perceived
stress (Figures 8 and 9, respectively), according to the summary
plot (Figure 13), we see variability in how the number of
children a mother has influenced physiological and perceived
stress. Physiologically, having no child (and therefore being
pregnant with a first child) is positively associated with an
increase in physiological stress and having 2 children (and
therefore being pregnant with a third child) is associated with
a reduced probability of physiological stress for the next day.
Perceptually, it seems that the first time a mother is pregnant
while caring for her first child, she experiences greater stress
than when she has no existing children or has already gone
through the experience.

Figure 12. SHAP dependence plot for the shared physiological stress (left plot) and perceived stress (right plot) feature PSS-Overcome. PSS: Perceived
Stress Scale; SHAP: Shapley Additive Explanations.
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Figure 13. SHAP dependence plot for the shared physiological stress (left plot) and perceived stress feature (right plot) number of children. SHAP:
Shapley Additive Explanations.

User Feedback
Of the 14 participants, 10 (71%) completed the full feedback
survey on wearability and usability of the sensor (Figure 14).
Most (7/10, 70%) of the respondents reported that the device
was not painful; however, 20% (2/10) reported extreme pain
because of the accompanying strong adhesive of the device and
repeated application to the same location every day. When
considering physical discomfort when the device was worn,
50% (5/10) of the respondents reported discomfort to be a little
bit or not at all, whereas 50% (5/10) reported discomfort to be
ranging from somewhat to extreme. Most (8/10, 80%) of the
respondents found the device easy to use.

To measure the burden of self-report, we hypothesized that
frequent EMA surveys were burdensome to participants in
longitudinal studies [32] and because of burnout response rates
would diminish as participants continued in the study. In this
study, participant responsiveness peaked at the second week
and continuously decreased throughout the following weeks,
with the lowest response rates in the last week of the study
(Figure 15). In addition, many participants reported concerns
about the frequency of the EMAs. Of the 10 participants who
completed the survey, 4 (40%) stated that EMAs were sent too
often and 2 (20%) stated that the timing was not always
convenient, which may have been because of sending multiple
surveys that were ≥2 hours apart in a day.

Figure 14. Participants’ feedback regarding BioStampRC usability and wearability.

Figure 15. Average response rate to daily EMA surveys per study week. EMA: ecological momentary assessment.
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Discussion

Principal Findings
A total of 16 pregnant women enrolled in our pilot study for
predicting next-day stress in pregnant women participating in
a CBT-based course aimed at reducing stress. Overall, 4157.18
hours of data were collected and participants answered 2838
EMAs. Approximately half (142/256, 55.5%) of the days were
determined to be stressed days, which is in line with the results
from Wakschlag et al [45], who found that pregnant women
experience stress an average of 49.9% of the day. In our study,
we identified sensor-based features that best predicted next-day
physiological stress and EMA-based features that best predicted
next-day perceived stress. Notably, 2 features emerged for
predicting both physiological stress and perceived stress: the
EMA question PSS-Overcome and the number of children the
participant already had.

Our results inform opportunities and challenges with using
various measures to predict perceived and physiological stress
1 day in advance and highlight the temporal and relational
differences between perceived stress and physiological stress.
The significant input variables noted provide opportunity for
predictive systems, including machine learning models, to be
tailored using these variables in scheduling future interventions.
For instance, perhaps sensor data should not be used to predict
next-day perceived stress, which can be better predicted using
EMA data, the low-burden intervention-based data, or
covariates.

Explaining Important Features in Predicting Next-Day
Physiological Stress
After feature reduction using only sensor-based data with
covariates (average F1 score of 78.3%), all the important
features were consistently related to sustained attributes: number
of consecutive stress episodes of a minimum duration of 10
minutes, number of children, percentage of wear time episodes
spent stress positive (10-minute minimum threshold), number
of prior pregnancies, gestation week, age, and depression score.
Most features identified to be predictive are not prone to quick
change, suggesting that the carryover of physiological stress
can be a reflection of chronic stress.

The features with a SHAP value >0.05 that predicted next-day
physiological stress were as follows: number of consecutive
stress episodes of a minimum duration of 10 minutes,
intervention count, number of consecutive perceived stress
episodes of a minimum duration of 10 minutes, number of
children, and the EMA question PSS-Overcome. Overall, the
greater the percentage of episodes classified as stress positive,
the more likely the following day was classified as stress
positive. This suggests that when there is prolonged
physiological stress during a day, it is more likely that the next
day will continue to be physiologically stressful. This could
also indicate that a minimum duration of 5 minutes is required
to reduce the influence of false positives and capture more
substantial episodes of stress.

The high feature importance of count intervention, or the
cumulative number of interventions the participant received,

further suggests the lasting effects of physiological stress and
interventions. The more interventions the participant received,
the more likely they were to have lower stress the following
day up until 4 interventions were received, at which point the
effect flattened. A randomized controlled trial would be useful
to distinguish whether the interventions were actually effective
in lowering next-day stress and whether the mindfulness-based
skills were effective in lowering physiological stress. Moreover,
in-person visits are costly and affect the scalability of the
intervention. Our findings suggest that there may be an optimal
number of in-person visits needed to reduce stress. Further
research may aim to compare the effects of adjusting the number
of in-person visits and its effects on cost and physiological stress
reduction.

Explaining Important Features in Predicting Next-Day
Perceived Stress
Similar to our analysis of physiological stress, we analyzed the
dependencies of features that predicted next-day perceived stress
based on SHAP mean values >0.05. The highly predictive
features were as follows: PSS-4, PSS-Control, PSS-Overcome,
number of children, happy stress, and content stress. Our results
show that a participant’s perceived ability to control important
things were predictive of perceived stress the following day,
whereas happy stress and content stress were predictive of lower
perceived stress the following day. These results suggest that
there is a lasting effect of perceived stress into the following
day. The findings that perceived stress can carry over because
it may linger in the mind has been identified in previous studies
[54], and our findings confirm that this applies to pregnant
women. In addition, when studying the different combinations
of variable types for their ability to predict next-day perceived
stress, we found that models that excluded EMA features
performed poorly, suggesting that, unlike prediction of next-day
physiological stress, alternative data collection methods do not
replace EMA features. However, our user feedback survey
showed that participants considered the EMAs in our study to
be burdensome, confirming the need for lower-burden self-report
models for detection and prediction of stress; thus, future work
must confirm the most predictive features of next-day stress
before incorporating them into stress-reducing interventions to
ensure that the intervention does not lead to excess user burden
and thus increased stress.

In terms of next-day perceived stress, increased perceptions of
stress can carry over to the following day, as shown in our prior
findings and in previous literature [54]. However, it was
surprising that, generally, higher values of PSS-Overcome were
associated with lower probabilities of next-day physiological
stress. A prior study showed a moderate positive correlation
(r=0.48) between intended in-laboratory stressors and
PSS-Overcome [39]. Our findings suggest that PSS-Overcome
may have a reverse predictive value over time (ie, the next day).
Future research should investigate the predictive value of these
features over time.

Number of Children and Feeling Unable to Overcome
Difficulties
The covariate number of children and the EMA question
PSS-Overcome were ranked as highly important in predicting
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next-day physiological and perceived stress but in opposing
valence. This reinforces the narrative that physiological stress
and perceived stress are conceptually and temporally divergent.
Our results suggest that generally, for any given day, the more
children a participant had, the lower their physiological stress
was predicted to be the following day. This may be explained
by the initial stressful transition into motherhood and gradual
acclimation or accumulation of resilience with each new child.
Simultaneously, when it comes to predicting next-day perceived
stress, participants about to have their second child were
generally more likely to feel stressed the following day. Recent
research suggests that having a second child does worsen
parents’ mental health, in particular for women who often bear
the brunt of child-rearing tasks [55]. Our results suggest that
parents often do not expect that the work in raising a second
child would be exponentially greater after already having a
child. However, a drop in next-day perceived stress during a
third pregnancy may signify that coping strategies for handling
pregnancy and an additional child are learned. These findings
offer a unique perspective into physiological and perceived
experiences of stress through a cross-section of stages
throughout the journey of parenthood. Future studies are needed
to verify our findings through a longitudinal study.

Future of Mobile Health Systems in Mental Health
Prediction and Intervention
Future work in developing mobile health systems that detect
physiological and perceived incidences of problematic mental
health episodes should investigate and compare the predictive
value of sensor-captured data, self-reported measures, and other
incidentally captured data through means such as intervention
schedules and covariates. In this study, we investigated 2 types
of chronic stress: perceived stress and chronic strain, which
most consistently predict PD, making it an appropriate target
for PD prevention both psychologically and physiologically [1].
Using a multimodal detection system allowed us to not only
identify features that most strongly predicted physiological and
perceived stress but also allowed us to discover how to minimize
the features that are necessary to make next-day predictions.
Other developers of mobile health systems for mental health
detection may also consider identifying how specific episodes
manifest physiologically and perceptually. Ultimately, to create
an effective predictive mobile health system with JIT
interventions, each component—sensor, EMA, and
intervention—must be sustainable and usable.

The accompanying strong adhesive used in the sensors for
physiological stress detection was reported by 20% (2/10) of
the participants to cause extreme physical pain because of
repeated application to the same location every day, which is a
barrier to creating such a sustainable system. Prolonged wear
and comfort are critical because our findings highlight the
importance of predicting 10-minute bouts of physiological stress
through sensor data as potential indicators of chronic strain that
is likely to persist the following day. In addition, short battery
lifetime is a barrier to extended wear. To collect more robust
data, increasing battery lifetime and sensor size may stand in
opposition to the comfort of participants. Future work should
investigate finding a balance between the sensor’s robustness
and user willingness to wear it.

In the absence of costly and possibly uncomfortable sensors,
EMAs were a pathway to predicting next-day perceived or
physiological stress. However, responsiveness to EMAs
decreased after the first 2 weeks. Studies have shown that
user-friendly interfaces and directly useful features such as
allowing the data to be viewable to participants and increasing
their self-awareness and tracking their progress can increase
engagement with EMAs [56,57]. Creating a sustainable system
that incorporates the collection of perceived mental health status
will require directly providing more value to users. Furthermore,
as perceived stress is malleable to psychological intervention
whereas chronic stress is not, perceived stress is a viable
intervention target [45,58].

Incidentally captured data in the form of interventions,
covariates, or other nonsensor passively captured data offer
additional opportunity to predict next-day mental health
concerns. This category of features is low burden for individuals
to collect and may still be strong predictors. These data may
also offer more data in the form of contextualization to create
a robust system of sensing and intervention at the most
opportune times [59,60]. For example, knowing the timing and
effectiveness of a recently completed intervention may allow a
system to recommend related interventions in the future.

Limitations
To learn about the feasibility of wearing an ECG sensor
longitudinally, we conducted a study in a natural setting, but
this presents unavoidable natural variations in wear time. For
instance, over the 12-week period when participants wore the
device, the average wear time was 11.5 hours per day. Although
most participants found the device easy to use, albeit somewhat
painful (because of the repeated application of the strong
adhesive in the same location), the disagreement between
perceived stress and physiological stress could be a consequence
of participants not wearing the device specifically during
stressful moments of the day. Although minutes-ahead predictors
may hold for short-term studies, challenges with wearability
[61] and sensor quality [62] over time will still likely affect
prediction accuracy. Our analysis is limited by the distribution
of the participants’ ages, which were in the range of 30 to 39
years. Although this was not intentional, it allowed us to collect
data from a distribution of first-time pregnancies and
non–first-time pregnancies. However, these data do not reflect
mothers who may have had children earlier or later in life.

Conclusions
In this work, we used machine learning and SHAP to predict
and explain the relationships between potential predictors of
next-day physiological stress and perceived stress. We built
interpretable models to predict next-day physiological stress
with an F1 score of 83.6% and next-day perceived stress with
an F1 score of 74.4%. We further identified unique features
such as number and percentage of consecutive stress episodes
of a minimum duration of 10 minutes to be predictive of
next-day physiological stress. Using this technique, we evaluated
the feature space of intervention-, sensor-, and EMA-based data
to find features that can predict next-day physiological stress
and perceived stress. Our results show that it is possible to
predict next-day physiological and perceived stress while
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reducing the burden of data collection. Our study is the first of
its kind in terms of assessing pregnant women over a period of
12 weeks (vs a single day in the study by King et al [39]);
however, future studies should validate our models with a larger

participant sample. Although tomorrow’s stress is imminent,
future stress research should consider predicting further future
stress at other time points such as the following week to
understand the sustained predictive value of these features.
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Abstract

Background: Adolescence is a critical age where steep declines in physical activity and increases in sedentary time occur.
Promoting physical activity should therefore be a priority for short- and long-term health benefits. Wearable activity trackers in
combination with supportive resources have the potential to influence adolescents’physical activity levels and sedentary behavior.
Examining the pathways through which such interventions work can inform which mediators to target in future studies.

Objective: The aim of this paper is to examine the impact of the Raising Awareness of Physical Activity (RAW-PA) intervention
on potential mediators of behavior change after intervention, and whether these mediated the intervention effects on physical
activity and sedentary time at 6-month follow-up.

Methods: RAW-PA was a 12-week intervention, grounded in social cognitive theory and behavioral choice theory, aimed at
increasing physical activity among inactive adolescents through combining a wearable activity tracker with digital resources
delivered via a private Facebook group (n=159 complete cases). The targeted potential mediators were identified from previous
studies conducted in adolescents and included self-efficacy, peer support, family support, teacher support, self-regulation strategies,
barriers, and enjoyment. Outcomes included sedentary time as well as light- and moderate-to-vigorous–intensity physical activity.
A series of mixed linear models were used to estimate intervention effects on physical activity and sedentary behavior at follow-up
and on potential mediators after intervention and to test whether there were indirect effects of the intervention on physical activity
and sedentary behavior via mediators.

Results: Adolescents in the intervention group (n=75) engaged in higher sedentary time and lower light intensity at 6-month
follow-up compared to the wait-list controls (n=84). There were no intervention effects for moderate-to-vigorous–intensity
physical activity. The intervention group perceived more barriers to physical activity than the wait-list control group at 6-month
follow-up (mean adjusted difference=1.77; 95% CI 0.19-3.34; P=.03). However, indirect effects for each outcome were not
statistically significant, indicating that perceived barriers to physical activity did not mediate intervention effects for physical
activity or sedentary time.

Conclusions: RAW-PA did not beneficially impact hypothesized mediators in these inactive adolescents, despite strategies
being designed to target them. This suggests that the lack of overall intervention effects on physical activity and sedentary time
observed in the RAW-PA study could be due to the limited impact of the intervention on the targeted mediators. Future studies
should consider different strategies to target theoretically informed potential mediators and identify intervention strategies that
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effectively target key mediators to improve physical activity among inactive adolescents. Finally, intervention effects according
to level of wearable tracker use or level of engagement with the intervention should be explored. This may provide important
insights for designing successful wearable activity tracker interventions.

Trial Registration: Australian New Zealand Clinical Trials Registry ACTRN12616000899448;
https://anzctr.org.au/Trial/Registration/TrialReview.aspx?id=370716&isReview=true

International Registered Report Identifier (IRRID): RR2-10.1186/s12889-016-3945-5

(JMIR Mhealth Uhealth 2022;10(8):e35261)   doi:10.2196/35261

KEYWORDS

movement behavior; youth; accelerometry; Fitbit; correlates; correlate; physical activity; exercise; randomized controlled trial;
RCT; control trial; Australia; adolescent; adolescence; teenager; sedentary; cognitive theory; behavioral theory; wearable; tracker;
tracking device; clinical trial

Introduction

Most adolescents worldwide do not engage in sufficient physical
activity to benefit health, including cardiometabolic health, and
cognitive development [1,2]. This high prevalence of inactivity
is evident across low-, middle-, and high-income countries [1].
By contrast, emerging research has shown that excessive
sedentary behavior, which includes activities such as TV
viewing, may be detrimentally associated with adolescents’
health [3]. As adolescence is a critical age where steep declines
in physical activity occur [4], particularly in adolescents living
in areas of socioeconomic disadvantage [5], and as youth engage
more in total sedentary time when they grow older [6],
promoting physical activity should be a priority for short- and
long-term health benefits [7].

The past decade has seen advances in the development of
commercially available wearable activity trackers. Such devices
can measure physical activity, enable self-monitoring, and
provide real-time feedback. Wearable activity trackers are
increasingly being used in physical activity research as both a
measurement and intervention tool, while some devices have
the capability to provide feedback and alerts for periods of
sedentary time [8,9]. Emerging evidence suggests that these
trackers have the potential to be used as intervention tools as
adolescents perceive them as easy to use and useful [10], and
that they increase their motivation to be physically active [11].
However, surprisingly few studies have used activity trackers
in physical activity interventions for adolescents, and the scarce
evidence is mixed. While one review showed that these devices
are feasible for increasing physical activity and decreasing
sedentary behavior [12], others have found that effectiveness
for physical activity, particularly long-term, has not yet been
established [9,11]. More research is required to understand the
effect of using activity trackers on adolescents’daily behaviors,
which include physical activity of different intensities and
sedentary time [13].

Previous technology-based physical activity interventions using
activity trackers have shown that multicomponent interventions
may be more effective than using wearables as a stand-alone
strategy [9,11]. That is, combining activity trackers with
additional resources may be a useful strategy to change physical
activity behaviors [14]. Examples include web-based advice to
increase social support [14,15], tailored advice [16], incentives

[17], and counselling [18] in combination with activity trackers.
Although some recent activity tracker interventions have started
to incorporate additional components [9,12], no previous activity
tracker studies have examined potential mediators of change in
physical activity and sedentary behavior. Such evidence would
provide insights into why the interventions may or may not have
been effective. Examining mediators of behavior change may
help to identify the pathway through which activity tracker
interventions work in adolescents [19,20] and may inform the
design and delivery of such interventions in the future.

The Raising Awareness of Physical Activity (RAW-PA) study
was a multicomponent intervention for adolescents living in
areas of socioeconomic disadvantage that aimed to integrate
more physical activity into their day by combining an activity
tracker with digital resources that specifically targeted
evidence-based behavior-change techniques. Grounded in social
cognitive theory [21] and behavioral choice theory [13], the
intervention targeted multiple potential mediators of adolescent
physical activity. While this intervention did not increase
inactive adolescents’ accelerometer-derived and self-reported
physical activity levels immediately after intervention [8], it
provides a unique opportunity to explore potential cognitive,
behavioral, and interpersonal mediators of physical activity and
sedentary behavior. This is important as identifying which
factors are on the mediating pathway between the intervention
and the targeted outcomes can inform the development of future
physical activity interventions. Therefore, the aim of this study
was to examine the impact of the Raising Awareness of Physical
Activity (RAW-PA) intervention on potential mediators of
behavior change after intervention, and whether these mediated
the intervention effects on physical activity and sedentary time
at 6-month follow-up.

Methods

Ethics Approval
Ethical approval was obtained from the Deakin University
Human Research Ethics Committee (2016–179) and the
Victorian Department of Education and Training.

Study Design, Recruitment, and Participants
The RAW-PA study was evaluated using a cluster-randomized
controlled trial design, with schools being the unit of
randomization [14]. The trial is registered with the Australian
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and New Zealand Clinical Trials Registry
(ACTRN12616000899448). The protocol for this trial has been
previously published [14]. In brief, RAW-PA combined a Fitbit
Flex (wearable activity tracker; core component) and the
accompanying app with digital behavior change resources that
were accessible via social media. Schools were eligible to
participate if they were located in socioeconomically
disadvantaged suburbs based on a Socio-Economic Index for
Areas (SEIFA) [22] score of ≤5. In total, 18 schools were
recruited and assigned to the intervention group (n=9) or
wait-list control (n=9) using a computer-based random number
generator.

The eligibility criteria for participants included the following:
(1) being ≥13 years old; (2) having access to the internet outside
of school; (3) not engaging in regular organized physical activity
or sport outside of school; (4) not meeting physical activity
guidelines of ≥60 minutes of moderate to vigorous physical
activity (MVPA) every day; and (5) not a current or past owner
of an activity tracker. All eligible students (n=280) who returned
informed written parental consent and student assent were
recruited into the study [8]. As 5 students withdrew before
baseline data collection, a total of 275 students participated. Of
those, 2 participants did not provide any data; thus, 273
participants were considered for analyses (depending on whether
they provided complete data) [8]. A flow diagram of the
participants is shown in Figure 1.

Figure 1. Participant flow diagram.
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Intervention
Developed using participatory research principles [14], the
12-week intervention combined Fitbit Flex and the
accompanying app with interactive individual or weekly
missions, including behavior change resources (eg, infographics,
videos, and social forums) that were accessible via a private,
researcher-moderated Facebook group, and new content alerts
in the student’s own time [14]. Each weekly mission focused
on how to integrate low-cost, everyday physical activity into
daily life to facilitate real-world implementation [23] and
provided participants with opportunities to learn and practice
behavior change techniques. The weekly missions centered on
different intervention objectives (eg, social support for physical
activity), and the digital behavior change resources targeted a
range of behavior change techniques and mediators [14]. The
behavior change techniques were mapped against key
determinants or potential mediators identified from social
cognitive theory [21] and behavioral choice theory [13]. These
recognize that physical activity and sedentary behavior are
influenced by factors operating at multiple levels including
intrapersonal (eg, self-efficacy) and interpersonal (eg, peer
support and influences) [14]. Seven potential mediators of
physical activity and sedentary behavior were targeted, which
were as follows: self-efficacy, peer support, family support,
teacher support, self-regulation strategies, perceived barriers to
physical activity, and physical activity enjoyment
[14,19,20,24,25]. These were selected as they have been
previously identified as potential mediators of physical activity
(perceived barriers to physical activity, teacher support, and
physical activity enjoyment) [14,19,20,24] or both physical
activity and sedentary behavior (self-efficacy, peer support,
family support, and self-regulation strategies) [25]. The
resources matched the weekly missions to reinforce key
messages. For example, in “Week 3,” social support was
targeted through encouraging participants to support their peers
to increase their activity levels. The intervention also
incorporated 1 week of content on breaking up sitting time with
physical activity. The participants in the wait-list control group
were provided access to all resources after the 6-month
follow-up assessments.

Measures
All assessments were conducted at baseline (T0), immediately
after intervention (T1), and at 6-month follow-up (T2) by trained
research assistants using standardized protocols.

Accelerometry
Physical activity and sedentary time were measured using
GT3X+ ActiGraph accelerometers (ActiGraph, Pensacola,
Florida, USA). The participants were instructed to wear the
accelerometer on the hip for 8 consecutive days at each time
point during waking hours (except during water-based
activities). Raw acceleration data were downloaded and
processed into 15-second epochs using manufacturer software
(ActiLife). Data were then processed in a customized Microsoft
Excel macro to identify sedentary time and time in light-intensity
physical activity (LPA) and MVPA. Nonwear time was defined
as 60 minutes of consecutive zeroes [26]. Sedentary time was
calculated as the total time spent in ≤25 counts per epoch [27].

Age-specific thresholds were used to determine time spent in
MVPA [28]. The time spent in between the thresholds for
sedentary time and MVPA was classified as LPA. Total
sedentary time, LPA, and MVPA were averaged across valid
days. A valid day was defined as ≥8 hours on weekdays and ≥7
hours on weekends [29]. Adolescents who provided valid data
on any 3 or more days were included for analysis [29].

Demographic Characteristics
The participants self-reported sex, age, and date of birth at each
time point via a web-based survey. Area-level socioeconomic
status (SES) of the school location using the participants’
postcode was obtained via SEIFA [22]. The SEIFA scores were
categorized into decile data for use in the analyses.

Mediators
The 7 potential mediators (self-efficacy, peer support, family
support, teacher support, self-regulation strategies, perceived
barriers to physical activity, and physical activity enjoyment
[14,19,20,24,25]) were assessed at all time points using items
that were validated for youth [30-32]. The scales used to assess
self-efficacy, peer support, family support, teacher support, and
self-regulation strategies were adapted from a previously
designed instrument for assessing social cognitive measures
related to physical activity behaviors [30]. This instrument was
developed based on constructs from social cognitive theory by
Bandura [21]. The scales have acceptable reliability in
adolescents (Cronbach α=.69-.79; test-retest intraclass
correlation=0.86-0.91) [30]. The self-efficacy scale included
five items (eg, “I do not feel comfortable using local facilities
to be active” [30]), which were assessed using a 6-point
Likert-type scale ranging from “strongly disagree” (1) to
“strongly agree” (6). Social support from peers and family was
assessed using 9 items (eg, “In the past three months, how often
did your friends encourage you to be active?” [30]) on a 5-point
Likert-type scale ranging from “never” (1) to “always” (5).
These items were then adapted to assess social support from
teachers (4 items). Self-regulation strategies were assessed using
6 items with a 5-point Likert-type scale, from “never” (1) to
“always” (5). Example items included “In the past three months,
how often did you keep track of how much physical activity
you did?” [30].

Perceived barriers to physical activity were assessed using 9
items drawn from the Adolescent Physical Activity Perceived
Barriers and Benefits Scale (eg, “I have minor aches and pains
from activity”) [32]. The participants responded to each item
using a 4-point Likert-type scale ranging from “not at all true”
(1) to “very true” (4). This scale has acceptable test-retest
reliability (r=0.71) and internal consistency (Cronbach α=.79)
[32] in adolescents. Enjoyment of physical activity was assessed
using the 16-item Physical Activity Enjoyment Scale [31]. The
participants used a 5-point Likert-type scale ranging from
“Disagree a lot” (1) to “Agree a lot” (5) to answer questions
such as “When I am active, I enjoy it”. The Physical Activity
Enjoyment Scale has been validated for use in adolescents [31].

The overall scores for each of these variables were created by
summing individual item scores. These scores were then used
as indicators for self-efficacy (range: 5-30), peer support (range:
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5-25), family support (range: 4-20), teacher support (range:
4-20), self-regulation strategies (range: 6-30), perceived barriers
to physical activity (range: 9-36), and physical activity
enjoyment (range: 16-80).

Analytical Sample
Of the 273 participants who were considered for inclusion in
the analyses, baseline accelerometer data were available for 264
(96.7%) students and survey assessments for 265 (97.1%). Valid
accelerometer data were available for 246 (90.1%) participants
at baseline (T0), 198 (72.5%) after intervention (T1), and 193
(70.7%) at 6-month follow-up (T2). The complete case analysis
sample (n=159; 58.2%) included those with full data for
covariates (sex and SES), mediators at baseline (T0) and after
intervention (T1), and valid accelerometry at baseline (T0) and
6-month follow-up (T2).

Statistical Analysis
Baseline (T0) demographic characteristics as well as baseline
(T0) and 6-month follow-up (T2) accelerometry variables (mean
[SD]) of the analytic sample were calculated and descriptively
compared with excluded participants. As per the Consolidated
Standards of Reporting Trials recommendations [33], baseline
characteristics for the wait-list control and intervention groups
were presented separately but were not compared using
inferential tests. Inspection of histograms of the physical activity
and sedentary time variables indicated all were normally
distributed. Moreover, the median, 25th, and 75th percentile
values were quite consistent with values expected for a normal
distribution (ie, mean and mean [SD 0.67], respectively). For
the mediation analyses, linear mixed models were used, with
random intercepts for schools to account for clustering by
schools. All models adjusted for sex, school-area SES, and
average accelerometer wear time. The covariates included in
this study were selected due to potential sex differences and
socioeconomic differences in the adolescents’ physical activity
and sedentary behavior. Wear time was also included due to
differences in accelerometer wear time by adolescents in the
study. Stata SE 15 (StataCorp) was used to conduct analyses,
and statistical significance was set at P<.05.

Mediation analysis of randomized controlled trials is important
both when an intervention effect on the outcome is observed
and when it is not [34]. In the latter case, which is relevant to
this intervention [8], the inspection of intervention effects on
potential mediators can help to elucidate why the intervention
did not affect the outcome (ie, some mediators may play a
suppression role), for example, because the intervention failed
to impact important intermediate factors (a path) or that the
intermediate factors did not impact the outcome as hypothesized
(b path). Accordingly, modern approaches to mediation
emphasize the importance of testing the a and b paths
irrespective of the total intervention effect on the outcome. A
visual representation of the hypothesized mediator model,
including the several pathways assessed, is depicted in Figure
2. In this framework, the total effect is the overall effect of the
exposure (intervention) on physical activity and sedentary
behavior (outcome variables), while the direct effect is the effect
of the exposure (intervention) on physical activity and sedentary
behavior that operates independently of the mediator in question
[35]. First, the models were fitted to estimate the intervention
effect on each potential mediator after intervention (T1; a path),
while adjusting for baseline levels of the mediator. For potential
mediators on which there was a statistically significant
intervention effect at T1, single-mediator analyses were
conducted to determine the indirect effect of the intervention
on physical activity and sedentary time at 6-month follow-up
(T2) via the mediator (assessed after intervention [T1]). This
involved fitting a model while simultaneously estimating the
effects of the intervention (direct effect; c’ path) and the
potential mediator (b path) on each outcome variables at
6-month follow-up (T2). The mediated, or indirect, effect (ie,
the portion of the exposure-outcome relationship that occurs
via the mediator) was calculated as a × b, following the “product
of coefficients” method, and this quantity was bootstrapped
with 1000 resamples to produce percentile-based 95% CIs [35].
The models were also fitted to estimate the intervention effect
on each outcome (c path). All models in this stage were adjusted
for baseline levels of both the mediator and total physical
activity or sedentary time (depending on outcome of interest).
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Figure 2. Visual representation of the hypothesized mediator model. Pathway a represents the intervention effect on potential mediators, b is the effect
of the potential mediator on the behavioural outcome while adjusting for (independent of) intervention group, c is the total effect of the intervention on
the outcome, c' (direct effect) is the effect of the intervention on the behavior outcome independent of the potential mediator, while the indirect effect
is calculated as a×b and represents the portion of intervention effect on the outcome, which occurs via the mediator. LPA: light-intensity physical
activity; MVPA: moderate-to-vigorous–intensity physical activity.

Results

Participants
Baseline (T0) participant characteristics and accelerometry
variables at baseline and 6-month follow-up (T2) are shown in
Table 1. The participants were approximately 14 years old at
baseline, and there were slightly more females than males in
both groups (wait-list control: 38% [32/84]; intervention: 45%

[34/75]). On average, the participants spent approximately 70%
of accelerometer wear time at baseline being sedentary, 25%
in LPA and 5% in MVPA. The participants in the analytic
sample (n=159) were more likely to be female (93/159, 58%
vs 48/114, 42%) and come from the highest eligible school SES
decile (47/159, 30% vs 12/114, 11%) compared to the
participants who were excluded from the analyses. However,
the participants were similar in terms of baseline mediators,
physical activity, and sedentary time (data not shown).
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Table 1. Baseline (T0) demographic characteristics as well as baseline (T0) and 6-month follow-up (T2) accelerometry variables (n=159).

Intervention (n=75)Control (n=84)Characteristics

13.7 (0.4)13.7 (0.4)Baseline age (years), mean (SD)

Sex, n (%)

34 (45)32 (38)Male

41 (55)52 (62)Female

School-area SESa decile, n (%)

22 (29)21 (25)1

25 (33)0 (0)2

17 (23)10 (12)3

5 (7)12 (14)4

6 (8)41 (49)5

Activity variables, mean (SD)

Baseline (T0)

753.9 (149.2)744.6 (99.0)Average daily wear time (min)

541.3 (146.6)512.3 (90.9)Average daily sedentary time (min)

178.2 (40.8)192.3 (53.6)Average daily LPAb (min)

34.5 (21.0)39.9 (18.8)Average daily MVPAc (min)

6-month follow-up (T2)

751.3 (155.1)769.1 (105.9)Average daily wear time (min)

558.7 (149.6)538.7 (100.1)Average daily sedentary time (min)

163.5 (36.2)193.8 (53.4)Average daily LPA (min)

29.0 (14.5)36.6 (18.6)Average daily MVPA (min)

aSES: socioeconomic status.
bLPA: light-intensity physical activity.
cMVPA: moderate-to-vigorous–intensity physical activity.

Mediation Analysis
The mean scores for each mediator at baseline (T0) and after
intervention (T1) are shown in Table 2, along with estimated
intervention effects after intervention (a path). There was
evidence of an intervention effect on the perceived barriers to

physical activity score after intervention, with adolescents in
the intervention group perceiving more barriers to physical
activity compared to those in the wait-list control group (mean
adjusted difference=1.77; 95% CI 0.19, 3.34; P=.03). There
was little evidence of intervention effects for the remaining
potential mediators.
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Table 2. Estimated effects of the intervention on potential mediators immediately after intervention (a path; n=159). Models were adjusted for sex,
school socioeconomic status, accelerometer wear time, and baseline levels of potential mediators.

After intervention MADaAfter intervention (T1)Baseline (T0)Mediators

P valueβ (95% CI)Intervention, mean
(SD)

Control, mean
(SD)

Intervention, mean
(SD)

Control, mean (SD)

.760.21 (–1.12, 1.53)19.29 (4.71)19.87 (4.79)18.60 (5.01)19.79 (4.25)Self-efficacy

.990.00 (–1.44, 1.43)15.40 (4.54)16.30 (4.26)14.83 (4.01)15.73 (4.10)Peer support

.14–0.93 (–2.14, 0.29)11.28 (4.28)12.82 (3.98)11.85 (3.88)12.90 (3.61)Family support

.48–0.45 (–1.70, 0.80)11.33 (4.01)12.40 (3.82)10.71 (3.73)11.87 (3.49)Teacher support

.231.00 (–0.62, 2.61)18.56 (4.72)18.49 (4.88)16.37 (4.71)17.02 (3.88)Self-regulation
strategies

.031.77 (0.19, 3.34)20.19 (4.88)18.79 (5.35)20.32 (4.59)20.39 (4.45)Perceived barri-
ers to physical
activity

.67–0.68 (–3.79, 2.43)62.03 (10.54)63.86 (10.88)60.93 (10.43)64.42 (10.09)Physical activi-
ty enjoyment

aMAD: mean adjusted difference, where values above 0 indicate higher estimated means for the intervention group.

As the perceived barriers to physical activity were the only
potential mediators for which there was a statistically significant
intervention effect, formal mediation analyses were only
conducted for this factor. Table 3 shows the estimated total (c
path) and direct (c’ path; while adjusting for the perceived
barriers to physical activity score) effects of the intervention on
physical activity and sedentary behavior at 6-month follow-up
(T2; c’ path). The total effects indicated that adolescents in the
intervention group engaged in higher sedentary time and lower
LPA at 6-month follow-up (T2) compared to the wait-list
controls. These differences were still observed while adjusting

for the perceived barriers to physical activity score (ie, direct
effect).

Table 3 also presents the estimated indirect effects, defined as
the effect of the intervention on physical activity and sedentary
time at 6-month follow-up (T2) that occurred via the perceived
barriers to physical activity score after intervention (T1).
However, the indirect effects for each outcome were not
statistically significant, indicating that the perceived barriers to
physical activity did not mediate the intervention effects for
physical activity or sedentary time.

Table 3. Estimated total (c path), direct (c' path), and indirect (a × b) effects of the intervention on 6-month follow-up (T2) physical activity and
sedentary behavior, and indirect effects of the intervention on 6-month follow-up (T2) physical activity and sedentary behavior via the perceived barriers
to physical activity mediator immediately after intervention (T1; n=159).

Indirect effectDirect effectTotal effectaActivity variables

P valueba × b (95% CI)P valuec’ path (95% CI)P valuebc path (95% CI)

>.05–1.28 (–4.93, 1.16).0122.52 (4.76, 40.28).0221.23 (3.57, 38.89)Sedentary time

>.050.54 (–1.45, 3.49)<.01–16.41 (–28.57, –4.24)<.01–15.87 (–27.86, –3.89)Light-intensity physical ac-
tivity

>.050.48 (–0.16, 1.83).08–6.74 (14.28, 0.80).10–6.33 (–13.97, 1.31)Moderate-to-vigorous–inten-
sity physical activity

aDirect and indirect effects may not exactly add up to the total effect due to variations in school-level effects between models.
bExact P values not readily available for asymmetric percentile-based confidence intervals.

Discussion

Principal Results
This study aimed to examine the impact of the RAW-PA
intervention on potential mediators of behavior change after
intervention, and whether these mediated the intervention effects
on physical activity and sedentary time at 6-month follow-up.
While the intervention had a significant adverse effect on the
perceived barriers to physical activity after intervention (a path),
with adolescents in the intervention group perceiving more
barriers than those in the wait-list control group, this did not

mediate the intervention effects on physical activity or sedentary
time at 6-month follow-up. No intervention effects were
observed on any of the remaining factors identified as potential
mediators, despite the intervention aiming to change target
variables (eg, self-efficacy) hypothesized to be causally related
to youth physical activity and sedentary time [14,20].

While there has been some variability of intervention effects
on the barriers assessed in previous studies conducted in youth
[20,36,37], the intervention effects on the barriers to physical
activity in this study are consistent with several studies that
have reported an increase in perceived barriers following the
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intervention [38-40]. Within RAW-PA, adolescents were asked
to reflect on the potential barriers to engaging in physical
activity, and a range of strategies for overcoming barriers and
integrating activity into daily life were targeted via the weekly
missions and the accompanying behavior change resources [14].
It is possible, however, that this may have increased the
adolescents’ awareness of potential barriers, or they may have
encountered barriers more frequently when attempting to
increase their activity levels [39]. It is also possible that the
intervention dose may not have been sufficient to overcome
these barriers. Alternatively, the activity tracker itself may have
affected perceived barriers. A key component of this technology
is the ability to self-monitor physical activity, which has been
shown to be an effective behavior change technique and critical
for changing behavior [41]. However, this may have increased
the adolescents’ awareness of low activity levels, thus
reinforcing barriers to being active.

While the analyses found evidence of an intervention effect on
the perceived barriers to physical activity, there was no evidence
of an indirect mediating effect. That is, the perceived barriers
to physical activity after intervention did not mediate physical
activity and sedentary time at 6-month follow-up. This suggests
that the change in perceived barriers may not be on the causal
pathway [42], which is consistent with the findings of several
previous studies conducted in adolescents [39,40], albeit using
different intervention strategies. The total effects observed may
be explained by variables that were not assessed within this
intervention, such as those that may be specific to the use of
the activity tracking technology (eg, goal focus) [43], which
was a core component within RAW-PA. Future research projects
using activity trackers should consider examining a broader
range of potential mechanisms drawn from different theories
(eg, the technology acceptance model [44]) that focus on how
adolescents perceive and use such devices.

To date, few activity tracker interventions, regardless of
population group, have examined mediators of physical activity
and sedentary time. A recent review highlighted that activity
tracker studies have instead focused on mediators of outcomes
such as task motivation in adult populations, with intervention
effects observed for mediators including self-efficacy and
self-awareness [43]. Despite this, the findings from this study
are consistent with those from previous physical activity
interventions conducted with adolescents who have reported
few or inconsistent intervention effects on assessed mediators
[15,20,25]. This suggests that the combination of activity
trackers and digital resources may not beneficially change the
targeted mediators or that that the targeted mediators were not
the most effective for changing physical activity and sedentary
behavior among inactive adolescents. It may be that other
mediators of physical activity (eg, emotion [41]) should be
targeted. Nevertheless, this supports previous research [15] that
also showed few intervention effects on the determinants of
activity but did not use mediation analysis. However, it should

be noted that the RAW-PA implementation evaluation found
that engagement with digital resources (eg, social media posts
and challenges) was low across the intervention, with only 36%
of adolescents in the intervention group reporting having
completed the weekly challenges [23]. This may have
contributed to the lack of effects observed, as the resources
related to key behavior change techniques may not have been
accessed and therefore utilized by adolescents in the intervention
group. This study did not collect data concerning potential
mediators of activity tracker use specifically, and future studies
may investigate this by exploring intervention effects according
to the level of wearable tracker use or the level of engagement
with the intervention. This will provide greater insights into
what elements worked best and what to target in future
strategies.

Strengths and Limitations
This is the first study, to the authors’ knowledge, to examine
potential mediators of change in physical activity and sedentary
time during an activity tracker intervention conducted in
adolescents. The mediators were targeted within weekly
missions [14] and were assessed using items that have
demonstrated acceptable reliability in adolescent populations
[25]. However, there are several limitations that should be
acknowledged. First, just over half of the adolescents
participating in the study provided complete, valid data at each
time point, leading to exclusion from the current data analyses.
It is possible that the sample size was not sufficient to detect
the changes in the assessed variables [24]. Second, due to the
sample size, it was not possible to examine mediators separately
for males and females, even though there may have been
differential effects. Third, the intervention was conducted in
low-SES neighborhoods. It must be noted that these results may
not apply to the general population in inactive adolescents.

Conclusions
In conclusion, an intervention effect was only observed for
barriers to physical activity, with adolescent’s perceiving more
barriers than those in the wait-list control immediately after
intervention. However, this did not mediate changes in physical
activity and sedentary time at 6-month follow-up. This suggests
that the lack of overall intervention effects on physical activity
and sedentary time observed in the RAW-PA study could be
due to the limited impact of the intervention on the targeted
mediators. Future studies should identify intervention strategies
that effectively target key mediators to improve physical activity
among inactive adolescents. They should also explore additional
potential mediators that may explain changes in the use of
activity trackers and digital resources over time. Finally,
intervention effects according to the level of wearable tracker
use or the level of engagement with the intervention should be
explored. This information is critical for the design of future
successful interventions to increase physical activity in
adolescents.
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Related Article:
 
Correction of: https://mhealth.jmir.org/2019/5/e14124/
 

(JMIR Mhealth Uhealth 2022;10(8):e41813)   doi:10.2196/41813

In “Technical Guidance for Clinicians Interested in Partnering
With Engineers in Mobile Health Development and Evaluation”
(JMIR Mhealth Uhealth 2019;7(5):e14124) the authors made
two updates.

The corresponding author’s telephone number was changed to
1 410 550 3350, and their email address was changed to
lochanshah2019@gmail.com.

The corrections will appear in the online version of the paper
on the JMIR Publications website on August 18, 2022, together
with the publication of this correction notice. Because this was
made after submission to PubMed, PubMed Central, and other
full-text repositories, the corrected article has also been
resubmitted to those repositories.
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